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Abstract

With the increasing complexity of biomedical knowledge and its interdisciplinary na-
ture, effective translation of knowledge faces significant challenges. From molecular
discovery to therapeutic application, it is challenging to ensure conceptual continuity
and operational consistency due to the fragmented and domain-specific nature of current
technology. In this thesis, we propose a unified computational framework, Translation-
as-Infrastructure, to systematically support the stable migration of biomedical knowledge
across cognitive levels, data forms, and operating systems.

Guided by the principles of semantic fidelity, structural unity, and output interpretabil-
ity, the framework addresses four major translational bottlenecks: translating patient
narratives into structured system logic, translating heterogeneous clinical data into trust-
worthy diagnostic reasoning, translating molecular insights into clinically actionable
knowledge, and translating protein properties into scalable, computable representations.
To operationalize this framework, some specific systems and computational tools have
been developed and validated, including patient service platforms (MSaaVS, PHPlace),
data modeling systems (Strengthening Diagnostic Translation), cross-level inference
models (EPOP, Al-driven protein function analysis), and a modular protein computing
infrastructure (PROFASA, PS-GO, Silver Surfer, ProteinFlow).

By integrating these systems, the thesis constructs a continuous, multi-layered trans-
lational pipeline from molecules to medicine. While this work represents an initial
foundational effort, primarily focusing on structured knowledge migration rather than
fully addressing semantic transparency, causal inference, and dynamic system self-
adaptation, it provides a scalable architecture for future development of adaptive biomed-
ical knowledge systems. By rethinking translation as a computational and infrastructural
mechanism, this study develops a new paradigm for multidisciplinary knowledge engi-
neering, providing methodological improvements and practical tools to assist the next
generation of biomedical informatics and translational research.
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1 Introduction

1.1 Translation as Infrastructure

From the broadest perspective, translation is more than just a conversion between lan-
guages. It is increasingly understood as a fundamental cognitive and operational mech-
anism (K. Bennett 2024; Gutt 2014; Forsman and Solitander 2003). As Paul Ricoeur
said, ”"Understanding is translation” reveals the complex entanglement and negotiation
between meaning, medium and context (K. Bennett 2024; Ricoeur 2007). From this
perspective, translation is no longer just a conversion of words, but a generative process.
In other words, meaning is negotiated and reconstructed between different systems,
actors and symbolic frameworks. Every translation involves the faithful transmission
of information and the structural reshaping in the context, constituting the dual task of
semantic fidelity and functional integration (Gutt 2014; Forsman and Solitander 2003).
As a result, translation becomes the mechanism for the flow of knowledge across con-
ceptual, disciplinary and institutional boundaries, supporting mutual understanding and
knowledge coordination between human and artificial systems (Drolet and Lorenzi 2011;
L. Xue et al. 2020).

Although translation aims to achieve semantic fidelity, the process is highly vulnerable
to disruption. In different symbolic systems and cultural contexts, translation behaviour
is often accompanied by semantic distortion, ambiguity or loss. These translation
failures can be roughly divided into three categories: misrepresentation, that is, the
original meaning is changed due to the lack of context; overtranslation, that is, the
addition of an interpretation layer beyond the original intention; and untranslatability,
that is, the concept corresponding to the source domain does not exist in the target
system (K. Bennett 2024; Gutt 2014). The common point of these forms of failure
is that they undermine the cognitive consistency and structural docking pursued by

translation. Moreover, these deviations are not simply technical issues. They will
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profoundly affect the epistemological structure of knowledge and interfere with inter-
subjective understanding and application in practice (Plebani 2016; L. Xue et al. 2020).
Therefore, maintaining semantic integrity in the translation process is not a marginal
technical issue, but a basic premise for the circulation and operation of knowledge

between systems.

In the biomedical field, the translation challenge is even more apparent. The translation
must cross multiple heterogeneous levels such as molecular biology, clinical practice,
regulatory systems and patient experience (Drolet and Lorenzi 2011; Rajesh Krishna,
Schaefer, and Bjerrum 2007). Each level has unique representation logic, terminology
system and verification standards. Therefore, translation between levels is not just a
transformation of information, but also requires the negotiation of meaning between
different knowledge cultures. For example, molecular discoveries must be translated
into clinically actionable solutions; the outputs of statistical models must be understood
and trusted by physicians; and patients’ subjective narratives must be encoded into
standardized electronic health records. In these contexts, translation means connecting
worlds with very different symbolic systems and operational logics. (Forsman and
Solitander 2003; L. Xue et al. 2020) Unlike isolated language translation, translation in
biomedicine is structurally embedded and must continuously bridge the differences in

goals, timescales, and worldviews between different contexts.

It is precisely because of the above structural differences that biomedical translation
often has specific discontinuities in reality, which damages the integrity of science and
weakens clinical effectiveness. For example, when complex research results are translated
into clinical guidelines, key contextual details may be ignored, resulting in oversimplified
intervention plans (K. Bennett 2024). Health policies are often misinterpreted due to
different interpretive frameworks during cross-institutional or cross-regional implementa-
tion, weakening their due influence (Solano-Flores, Backhoff, and Contreras-Nifio 2009).
When patients’ subjective narratives are included in the standardized scope of electronic
health records, they often lose their semantic richness and emotional tension (Lord and
Gale 2014; M. Quinn et al. 2019). These failures are not minor deviations, but profound
epistemological distortions that hinder communication and mislead practice, and some-
times even directly harm patients themselves. Facing these translation bottlenecks means
we must view “translation” as a structural mechanism embedded in medical practice
rather than a post-process technical fix (K. Bennett 2024; Plebani 2016).



1.1 Translation as Infrastructure

In recent years, the rapid development of Al has expanded the possible boundaries
of “translation” as a systemic mechanism. Natural Language Processing (NLP) sys-
tems, represented by Google Translate, have demonstrated exceptional capabilities in
handling large-scale semantic ambiguity and syntactic complexity (James 2023). More
groundbreaking is that Al systems in scientific computing, such as AlphaFold 2, have
achieved a ”’structural translation”. In other words, it can convert linear amino acid
sequences into reasonable Three Dimensional (3D) protein conformations (James 2023).
These results show that translation across representation systems is not only possible,
but also computationally feasible. However, these systems also reveal a new translation
bottleneck. Many Al models operate as ’black boxes” that can output statistically reliable
results but lack semantic transparency (H. Xu and Shuttleworth 2024). Clinicians may
be reserved about their predictions because they cannot understand their internal logic.
At the same time, these models rely on highly structured data inputs screened by domain
knowledge to be effective (Abgrall et al. 2024). Therefore, although Al expands the
ability to translate across symbolic systems, it also exposes the structural deficiencies of
existing computing infrastructure in terms of interpretability, bidirectional integration,
and semantic traceability (P. Liu et al. 2021; Abgrall et al. 2024).

In the face of the above challenges, we must re-understand the concept of translation.
Translation should not be seen as a marginal language-mediated activity, but should be
recognized as a core infrastructure mechanism that can achieve the crossing, alignment
and operationalization of meaning between heterogeneous fields. This study regards
computational translation as an inevitable proposition at the computational level,
rather than a simple metaphorical expression. Its fundamental task is to explore how
to achieve cognitive consistency and semantic docking of representational structures,
knowledge organization and practical decisions through systematic design. In other
words, translation must be computable. The translation is embedded in a formalized
architecture that supports semantic integrity, two-way understandability and knowledge
traceability (K. Bennett 2024; Abgrall et al. 2024). The following chapter will analyze
the most prominent structural translation rupture in the biomedical system, laying the
foundation for the hierarchical and interoperable computational framework proposed in
this study.
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1.2 Key Challenges in Biomedical Translation

In the contemporary biomedical knowledge ecology, translation is no longer a simple
act of information transmission, but a multi-level cognitive and structural process that
determines how meaning is transferred and reconstructed between different fields, modal-
ities and institutional systems (Liverman et al. 2013; Nagarajan et al. 2015). The present
translation failure in biomedicine involves more than just a loss of data or a semantic
misunderstanding, as was indicated in Chapter 1.1. The underlying cause is the absence
of efficient structural support systems across diverse knowledge systems, which makes it
challenging to guarantee semantic accuracy and operational logic continuity (Vodovotz
and G. An 2014). Although ethical, institutional and policy barriers are equally important,
this chapter will focus on translation bottlenecks that can be structured and analyzed and
have potential computational modeling value (Flier and Loscalzo 2017).

In order to establish a systematic observation framework, this thesis identifies four
structural breakpoints throughout the biomedical knowledge migration path, from molec-
ular discovery to clinical implementation, from patient experience to system response.

They are:

* Patient System Translation

Translating patient needs into service logic

* Data Diagnosis Translation

Translating clinical data into diagnostic reasoning

¢ Molecular Clinical Translation

Translating molecular insights into clinical meaning

¢ Protein Infrastructure Translation

Translating protein properties into computable representations

These four layers are summarized in Figure 1.1. Although analytically independent, these
four types of challenges are highly coupled in practice and together form a continuous
chain of knowledge transformation, whose breaks seriously weaken the coherence,
accessibility, and responsiveness of biomedical systems (Cannataro et al. 2022; Q. Chen

2024). The following sections will analyze the structural failures of these four levels one
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Figure 1.1: It illustrates four major layers of translational breakdown across the biomed-
ical knowledge flow: (1) Patient System Translation, where subjective needs
are compressed into rigid system logic; (2) Data Diagnosis Translation, where
heterogeneous clinical data fails to integrate into coherent reasoning due to
semantic opacity; (3) Molecular Clinical Translation, where statistically de-
rived molecular findings remain disconnected from clinical concepts; and (4)
Protein Infrastructure Translation, where protein-level information cannot be
reused or composed computationally due to fragmented tool ecosystems. The
arrows between layers indicate cross-layer dependencies, highlighting how
upstream semantic misalignments cascade into downstream interpretability
and implementation challenges.
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by one, laying the theoretical and practical foundation for the integrated computational

framework proposed in Chapter 1.3.

1.2.1 Patient System Translation

The first critical challenge in biomedical translation arises at the interface between pa-
tient expression and healthcare system logic. Patients often convey their needs through
multifaceted narratives, emotions, physical reactions, and sociocultural contexts (Kero-
suo 2010; Heath and Porter 2019). In stark contrast, healthcare systems operate on
standardized terminology, predefined diagnostic categories, rigid operating procedures,
and structured management processes. This fundamental ontological divergence leads to
a structural translation breakdown: the rich, subjective, and context-dependent patient
experience is forcibly compressed into a simplified, often reductive, format for system
input (C6té 2024; Jordan et al. 2009; Heath and Porter 2019).

This semantic disparity fundamentally limits the system’s responsiveness to patient
narratives, often reducing rich, contextual information into sterile system inputs. As
highlighted by Kerosuo, patient expressions are frequently recorded from a professional
and organizational perspective, making it challenging to restore their original semantic
integrity (Kerosuo 2010). Similarly, Pedersen emphasizes that patient narratives are not
merely information carriers but symbolic devices capable of revealing systemic blind
spots and inspiring local structural innovations (Pedersen 2016). Yet, current medical
systems often prioritize formalism, overlooking the profound cognitive value embedded
within patient experiences.

Translational failures in this domain primarily manifest in three forms: semantic
compression, where complex patient narratives are oversimplified into limited structured
fields within Electronic Health Records (EHR), leading to significant loss of contextual
information (S. B. Johnson et al. 2008); category mismatch, where standardized clas-
sification systems struggle to accurately capture the true intent or nuance of patients’
subjective symptoms (Stausberg et al. 2008); and response mismatch, where despite
formal process completion, the system’s intervention logic fails to genuinely address the
patient’s actual needs (Cahan et al. 2019).

These issues are particularly acute for vulnerable populations, including the elderly,

non-native speakers, chronic disease patients, and individuals with cognitive impair-
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ments. Their expressions tend to be more ambiguous, variable, and resistant to standard
classification, frequently resulting in their marginalization or systemic neglect (Terui
2017; Memon et al. 2016). Consequently, patients often bear the burden of repeated,
cross-level translation of their needs across multiple visits to maintain care continuity
(Kerosuo 2010).

Despite localized efforts to enhance patient expression, such as symptom self-assessment
questionnaires, shared decision-making tools, and Al-based conversational systems, these
approaches remain fragmented. They are often difficult to systematically integrate into
the core logic of healthcare operations (Desomer et al. 2018; Consolo et al. 2023).
Without an organized and semantically sensitive translation mechanism, the persistent
patient-system translation gap remains a major barrier to the widespread adoption of
experience-oriented services, equitable healthcare, and precision medicine. This founda-
tional mismatch hinders not only individualized care delivery but also the development
of responsive, human-centered medical systems. Without resolving this layer, upstream

information flow remains fundamentally compromised.

1.2.2 Data Diagnosis Translation

The second fundamental challenge in biomedical translation lies in effectively trans-
forming raw clinical data into explanatory, credible, and actionable diagnostic reasoning.
Ideally, multi-dimensional information—ranging from physical signs, laboratory tests,
and imaging to lifestyle data—should integrate seamlessly to support continuous medical
judgment. However, in practice, data structure heterogeneity, semantic opacity, and a
cognitive mismatch between algorithmic models and human clinicians create multi-level
obstacles in this translational process (Q. Cai et al. 2019; X. Xu et al. 2024; Moya 2024;
Reyero Lobo et al. 2023; Lo 2024).

Structural heterogeneity represents a primary impediment. Clinical data spans diverse
formats (A. Ahmed et al. 2023; Sarwar et al. 2022; I. Li et al. 2022): structured indicators
(e.g., vital signs), semi-structured content (e.g., medical record summaries), unstructured
text (e.g., physician’s notes), and multimodal sources (e.g., images, genomic sequences).
This fragmented information typically lacks a unified framework, making comprehensive

cross-modal integration within diagnostic systems exceptionally difficult.
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Equally critical is the lack of semantic context. Current health information systems
predominantly focus on numerical data collection, often neglecting the underlying gen-
eration background, clinical context, and practical significance of these values (Gubert,
Costa, and Righi 2020; A. Y. Lin et al. 2023). For instance, the diagnostic significance of
mild fever differs profoundly between postoperative monitoring and chronic infection
screening, a semantic distinction most models fail to discern (Pile 2006).

Furthermore, many algorithmic models exhibit considerable semantic opacity. Despite
their statistical validity, the absence of traceable logical paths and transparent causal
chains undermines clinicians’ ability to establish trust in their predictions (T. P. Quinn
et al. 2022; Durdn and Jongsma 2021). This “diagnostic black box” phenomenon not
only weakens the foundation of medical reasoning but also complicates ethical review
and safety verification in real-world clinical environments.

While advancements in interpretable modeling methods—such as multimodal fusion,
knowledge graphs, and attention mechanisms—have been noted (Holzinger, Malle, et al.
2021; Soenksen et al. 2022; Zongbao Yang et al. 2023), these approaches frequently
remain at the level of technical optimization. They often fail to fully align with the
intricate clinical semantic structures and reasoning processes, making it challenging to
completely restore the reasoning chain from data acquisition to medical decision-making
(Kline et al. 2022; G. Huang et al. 2024; Hossain et al. 2025).

In essence, this translational failure reflects a profound discontinuity between the data
system’s symbolic structure and the logical structure of clinical cognition. Achieving
accurate diagnostic translation necessitates not only robust data processing capabilities
but also the construction of context-sensitive systems that possess semantic preservation,
causal traceability, and alignment with human reasoning paradigms. Without bridging
this gap, data-driven models will continue to suffer from a lack of clinical trust and utility,

thereby limiting their role in real-world diagnostic workflows.

1.2.3 Molecular Clinical Translation

The third translational challenge resides in bridging molecular research findings with
clinical semantics and actionable decisions. Despite rapid advancements in genomics,
proteomics, metabolomics, and related fields, a significant portion of molecular-level

information remains confined to the research domain, proving difficult to systematically
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transform into actionable bases for clinical judgment (Chongyang Chen et al. 2023; Tong
et al. 2023; Correa-Aguila, Alonso-Pupo, and Hernandez-Rodriguez 2022).

A fundamental obstacle is the mismatch between semantic structure and representation.
Molecular data are typically expressed in abstract forms, such as vectors, matrices, or
sequences, whereas clinical language centers on symptoms, observable indicators, and
established diagnostic pathways (Vitorino 2024; Zhigiang Zhang et al. 2019). Without an
intermediary system for semantic alignment, this inherent ’language distance” renders
effective translation unattainable.

More critically, most molecular studies primarily focus on correlation identification
rather than mechanistic elucidation. For example, a protein might be detected as up-
regulated in a specific diseased tissue and subsequently labeled a potential biomarker.
However, this statistical correlation often lacks explanatory power, failing to directly
guide clinicians on precise interventional strategies (Rosati et al. 2024). This gap between
statistical association and causal understanding severely limits clinical utility.

Furthermore, molecular research outcomes often lack a structured embedding mech-
anism. Current research frequently employs inconsistent analytical processes, model
formats, and evaluation criteria. This variability leads to a severe lack of interoperability
between findings, hindering their ability to form reusable system modules (Misra et al.
2019). Without unified interface mechanisms, these discoveries struggle to transcend
academic publications and integrate effectively into clinical practice.

While tools like disease databases, medical knowledge graphs, and multi-omics plat-
forms strive to bridge the research-to-clinic divide (Paananen and Fortino 2020; Y.
Pan, Lei, and Yuchen Zhang 2022), most still rely on static name-matching mecha-
nisms—directly linking gene or protein names to disease labels. Such simplistic ap-
proaches overlook the critical need for semantic variation, contextual dependence, and
the modeling of underlying causal mechanisms, thereby challenging their ability to
genuinely support complex clinical reasoning (Tanabe and Wilbur 2002).

In essence, this translational barrier is not merely a problem of data scale or algorithmic
performance. It fundamentally represents a misalignment between epistemological
frameworks and operational systems. Without a robust mechanism capable of achieving
semantic transfer and causal interpretation from molecular mechanistic discoveries
to clinical language, the full promise of precision medicine will remain constrained

by structural untranslatability. Addressing this barrier is crucial for unlocking the
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translational potential of molecular research and enabling its integration into clinically

actionable knowledge pipelines.

1.2.4 Protein Infrastructure Translation

The fourth structural translation challenge occurs at the level of protein information
expression, processing, and manipulation. Proteins are increasingly pivotal in analyzing
disease mechanisms, developing targeted therapies, and designing novel biomaterials (Dai
and Y. Chen 2023; Zhidong Chen et al. 2023; Duarte et al. 2019). However, the current
protein computing ecosystem remains characterized by isolated tools, incompatible
formats, fragmented analysis processes, and a pervasive lack of semantic interoperability
and common frameworks (Whisstock and Lesk 2003).

The core of this problem is the absence of a unified computational expression language
for protein properties. Most existing tools are designed to perform localized structure
or function predictions for single sequences, lacking a structured semantic organization
mechanism for their outputs. This limitation severely impedes the reusability of com-
putational results and their seamless integration into subsequent diagnostic modeling,
sequence generation, or clinical workflows.

Furthermore, a majority of current protein analysis tools operate as closed-loop pro-
cesses. This means their inputs are typically fixed, outputs are static, and they lack
crucial features such as flexible parameter control, interactive querying capabilities, and
reverse generation mechanisms (Allouche et al. 2014; Marcos and D.-A. Silva 2018).
This inherent rigidity diminishes their practical applicability and severs the potential
transformation path of protein data towards upstream sequence design and downstream
therapeutic development.

Therefore, there is an urgent need to construct a composable and semantic protein
computational representation system. Such a system must be capable of encoding
functional properties, supporting goal-oriented intelligent queries, and serving as both
input and output within larger biomedical systems. This indispensable infrastructure
should feature open interfaces, customizability, and cross-system adaptability to enable
multi-layer docking from initial computational analysis to eventual clinical deployment.

In essence, the protein translation problem transcends purely biochemical or algorith-

mic dimensions; it is fundamentally a deficiency in systemic infrastructure. Without

10
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a comprehensive protein semantic system that ensures computability, transferability,
and generability, biological knowledge will remain confined to local interpretations,
unable to truly enter the clinical or engineering practice design loop. Translation, in
this specific context, necessitates building a robust, cross-layer information system that
possesses both linguistic and logical coherence, and is capable of robust inter-system
docking. As protein-based therapeutics and diagnostics become increasingly central to
modern medicine, building a computationally expressive and interoperable infrastructure

is imperative for future innovation and scalability.

Overall, this chapter identifies and systematically analyzes four structural breakpoints
in translating biomedical knowledge: from patients to systems, from data to diagno-
sis, from molecular discovery to clinical applications, and from protein properties to
computational infrastructure. Although each dimension exhibits different focuses on
translation failures, covering issues such as semantic incoherence, operational logic
breaks, and non-interoperability between systems, they are not isolated from each other,
but together constitute a continuous chain of translation, from human experience to
digital records, from molecular encoding to therapeutic design. The fragility of this chain
seriously hinders the coherence and usability of biomedical knowledge at different levels
(Cannataro et al. 2022; Q. Chen 2024).

More importantly, these translation challenges are not isolated incidents but struc-
tural, reproducible, and systematic obstacles. They repeatedly appear at key nodes of
representational domain transformation, ontological structural conflicts, and interdisci-
plinary semantic migration. Although local tool optimization and single-point modeling
methods can alleviate individual problems, without systematic alignment between struc-
tural levels, the closed loop from data to action and from scientific research to medical
care cannot be truly established. Therefore, the next chapter will propose an integrated
computational framework that aims to support biomedical translation pathways that are
cross-environmental, cross-system, semantically maintainable, and structurally interoper-
able.

11
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1.3 Research Methodology and Computational
Framework

This thesis proposes a unified computational translation framework for the four structural
biomedical translation gaps identified in Chapter 1.2. The core principle of the framework
is to view translation as infrastructure. In other words, rather than viewing translation
as a local, one-off data mapping task or a simple system interface, it conceptualizes it
as a hierarchical, system-level computational mechanism that aims to systematically
bridge these critical gaps by achieving semantic continuity, structural modularity, and
operational interoperability of knowledge in the biomedical context through intelligent
modeling and data engineering. The overall architectural overview of the framework is
shown in Table 1.1.

The proposed framework aims to address four significant challenges in biomedical
knowledge flow, which are instantiated into four logical layers: patient system translation,
data diagnostic translation, molecular clinical translation, and protein infrastructure
translation. Each layer focuses on solving a unique translation breakpoint and supports
information flow and integration between layers through standardized interfaces and data
protocols.

To elaborate on the working mechanism and implementation details of this framework,
the rest of this chapter is divided into four sections: Chapter 1.3.1 outlines the core
design principles of the framework, which guide the construction of the entire framework.
Chapter 1.3.2 defines its layered computational architecture and the logic of knowledge
flow between layers. Chapter 1.3.3 details the implementation of the core computational
systems of the framework, which are distributed in various layers and discussed in depth
in subsequent chapters (Chapters 2 to 10). Chapter 1.3.4 discusses the current scope and
limitations of the framework, clarifying the core functions that have been implemented

and the structural foundation laid for future expansion.

1.3.1 Design Principles of Translation-as-Infrastructure

To ensure that the proposed framework is effective in addressing both isolated translation
barriers and systemic, multi-level knowledge misalignments, its design is guided by

four core principles. These principles not only guide the framework but also underlie

12



1.3 Research Methodology and Computational Framework

the actual design and implementation of each computational system under it, directly
responding to the challenges outlined in Chapter 1.2 and running through the entire work

in subsequent chapters (Chapters 2 to 10).

1.3.1.1 Semantic Continuity

The loss or distortion of meaning when knowledge is transferred across levels is a funda-
mental cause of failure in biomedical translation. Whether it is the oversimplification
of rich patient narratives into mechanistic system labels or the separation of molecular
discoveries from their clinical context, semantic discontinuity can severely impair the
interpretability and integration of information.

To address this challenge, each layer of this framework aims to preserve the semantic
fidelity between input and output by designing explicit semantic mappings and interme-
diate representation layers. MSaaVS (Chapter 2) establishes an innovative virtualized
service structure that aims to efficiently capture patients’ subjective expression infor-
mation through multi-channel data access. Its core function is to combine a dynamic
questionnaire system and an interaction module to convert patients’ natural language
narratives into standardized intent labels and try to retain contextual information in
multiple rounds of interaction. This ensures the computability and executableness of
patients’ expressions and provides structured patient intent data for downstream systems.
In addition, EPOP (Chapter 5) realizes the mapping of protein sequences to disease-
related, biologically meaningful functional categories, effectively bridging the semantic
gap between molecular-level abstractions and clinical concepts. These designs ensure
the human readability and medical validity of all computational translation results within
the framework, so that the core meaning of knowledge is not diluted or distorted during

the translation process.

1.3.1.2 Structural Modularity

To adapt to the inherent complexity of biomedical tasks, promote the scalability of the
framework, and support collaborative development, this framework adopts a strict modu-
lar architecture. It avoids the traditional rigid pipeline processing flow and implements
each translation layer as a highly cohesive and clearly bounded, independent subsystem,

which can be developed, deployed, and iterated independently.
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For example, MSaaVS (Chapter 2), PHPlace (Chapter 3), EPOP (Chapter 5), PRO-
FASA (Chapter 7), PS-GO (Chapter 8), and Silver Surfer (Chapter 9) are all designed
as well-encapsulated computing modules that can be independently run and integrated.
In addition, ProteinFlow (Chapter 10), as a general feature engineering backend, can
independently and efficiently support a variety of upper-level computing tasks such as
diagnostic modeling and generative design. This structural modular design not only
greatly supports the independent evolution and reuse of each subsystem but also allows
for flexible integration and functional expansion without requiring a redesign of the entire

framework’s core architecture.

1.3.1.3 Interoperability

In biomedical information systems, semantic incompatibility and data fragmentation are
persistent and frequent issues that lead to ineffective data and knowledge transformation.
This framework defines open Application Programming Interface (API), common se-
mantic representation protocol, and single data format to essentially address these issues
by enforcing interoperability between systems.

MSaaVS (Chapter 2) and PHPlace (Chapter 3) follow a unified intent classification sys-
tem at the design level when processing patient intent, ensuring semantic consistency and
understanding of patient expressions across different application scenarios. In addition,
ProteinFlow (Chapter 10) provides standardized and structured feature outputs, serving
as the core data bus for upstream model training and downstream design tasks. These
design choices transform previously independent data and systems into a coordinated
computing ecosystem, laying a solid foundation for the local interoperability currently

achieved and for deeper system integration in the future.

1.3.1.4 Interpretability and Actionability

In critical biomedical applications, relying solely on statistical performance or model
accuracy is not enough. Model outputs must be understandable and trustworthy to clinical
experts, and be directly applicable and guide decision-making in actual diagnostic and
treatment workflows.

This framework incorporates interpretability and actionability as core design con-

straints throughout. Systems at the protein infrastructure layer, such as PS-GO (Chap-
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ter 8), allow users to perform parameterized searches based on biophysical properties,
and PROFASA (Chapter 7) provides intuitive visual analysis. Protein generators such as
Silver Surfer (Chapter 9) allow users to perform biophysical property-based queries and
multi-constraint tracking, which together ensure the biological plausibility and engineer-
ing controllability of the results. In addition, PHPlace (Chapter 3) uses visual interaction
diagrams and Two Dimensional (2D) animations to support joint decision-making and
understanding of complex surgical plans between doctors and patients, significantly
improving its operability in clinical communication. These mechanisms deeply embed
interpretability into the system interface and core semantic structure, thereby maximizing

the clinical practical value of computational tools.

1.3.2 Layered Computational Architecture

To enable the “translation as infrastructure” paradigm to operate effectively, this thesis
implements a four-layer computational architecture that precisely maps and is designed
to address the structural discontinuities identified in Chapter 1.2. These layers (Patient
System Translation, Data Diagnosis Translation, Molecular Clinical Translation, and
Protein Infrastructure Translation) correspond to key breakpoints in the transfer of
biomedical knowledge, spanning the entire process from human experience expression

to molecular design.

Crucially, these layers are not entirely isolated in the architecture. The architecture
encodes the partial semantic and structural links that have been implemented to sup-
port unidirectional or conditional data and knowledge transfer. Structured intent data
generated from patient narratives (via MSaaVS and PHPlace) can be used as input to
guide diagnostic analysis; diagnostic output can be logically used to guide molecular
target analysis (EPOP); and molecular predictions can further drive protein-level retrieval,
analysis, or generation (PROFASA, PS-GO, Silver Surfer, and ProteinFlow). Although
all theoretically fully automated bidirectional or closed-loop flows envisioned in the
framework have not yet been fully implemented, the implemented interfaces between
layers and standardized data schemas ensure smooth critical knowledge flows and lay a
solid foundation for more comprehensive system integration and automated processes in

the future.
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This architecture allows for scalable integration and a high degree of modular evolution.
The framework’s different computing subsystems can be separately developed and
implemented while yet being structurally compatible. As a result, the entire system
may be easily modified to accommodate novel use cases, different kinds of data, or
sophisticated modeling techniques. The following will provide a detailed description
of how this layered design is specifically instantiated. Each system is designed to
address a specific breakpoint in the biomedical knowledge flow, and its core principles,
implementation methods, and experimental verification will be explained in depth in
Chapters 2 to 10.

1.3.3 System Implementation Across Layers

Based on the above layered architecture logic, this study has implemented eight compu-
tational systems and a review article, which are carefully distributed in four translation
levels. Each system focuses on solving a specific semantic break and contributes to the
overall continuity of knowledge flow together. Although these systems are developed
independently, their design strictly follows shared data structures, interface standards, and
semantic patterns to support the local interoperability achieved and lay a solid foundation

for deeper integration in the future.

1.3.3.1 Patient System Translation Layer

At the first level of the framework, two core systems, MSaaVS (Chapter 2) and PHPlace
(Chapter 3), jointly construct the computational interface between the patient’s subjective
experience expression and the standardized medical system logic. They aim to address the
problem of missing patient narrative information and insufficient system understanding.

MSaaVS (Chapter 2) establishes an innovative virtualized service structure that aims to
efficiently and completely capture patients’ subjective expressions through multi-channel
data access. Its core function is to combine a dynamic questionnaire system and an
interaction module to intelligently convert complex natural language narratives into
standardized intent labels while intelligently retaining context in multiple rounds of
interaction. This ensures the computability and executable nature of patient expressions,

providing semantically rich, structured patient intent data to downstream systems.
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PHPIlace (Chapter 3) builds further on the foundation of MSaaVS (Chapter 2), focusing
on the specific clinical scenario of female pelvic floor health management. It enhances the
semantic structuring capability by introducing a rule-based dynamic question-answering
engine to capture more detailed symptom descriptions, lifestyle factors, and related
psychosocial information. In addition, it innovatively integrates the Pelvic Organ Prolapse
Quantification (POP-Q) measurement module and surgical 2D animation visualization
capabilities to promote effective communication between doctors and patients about
complex conditions and assist patients in understanding surgical plans. The system
significantly improves the operability of patient system understanding, transforming

patient information from vague narratives into clear, actionable system inputs.

1.3.3.2 Data Diagnosis Translation Layer

The second layer consists of a core computational modeling system that is designed
to address the challenge of transforming heterogeneous clinical data into interpretable
diagnostic reasoning. This system aims to enhance the transparency and actionability
of diagnostic predictions while ensuring model robustness in a data-constrained clinical
setting.

Strengthening Diagnostic Translation (Chapter 4) introduces a semantic consistency-
constrained data augmentation mechanism that is particularly suitable for small sample
and imbalanced clinical environments. This method effectively enhances the gener-
alization and robustness of the model by strictly preserving the rationality of clinical
semantics when expanding the feature space, significantly reducing overfitting without
introducing any data distortion. It provides key support for building reliable diagnostic
models in data-scarce scenarios.

This approach builds a semantic bridge from raw clinical data to robust diagnos-
tic models, aiming to enhance physicians’ trust in data-driven diagnoses and provide

understandable and trustworthy risk and prediction information for downstream analysis.

1.3.3.3 Molecular Clinical Translation Layer

The third layer aims to connect protein-level data with specific disease-related functional

insights, thereby enhancing the clinical interpretation of molecular discoveries and
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providing information for potential target identification. It addresses the challenge that
molecular research results are difficult to apply directly to clinical practice.

The EPOP (Chapter 5) is a core implementation of this layer, which is based on
the ESM-2 protein language model and fine-tuned on a domain-specific proteomics
dataset related to POP. The primary contribution of EPOP (Chapter 5) is to provide an
interpretable mapping of protein sequences to disease-related functional labels, thereby
transforming abstract molecular data into clinically meaningful information by revealing
clear associations between sequence features and clinical relevance. This dramatically
improves the interpretability and practical value of molecular data in a clinical context.

Review of Protein Design in the Al Era (Chapter 6) serves as the theoretical foundation
for this layer and critically reviews contemporary Al-driven protein design methods.
This review highlights the common problem of excessive structural optimization and
insufficient functional or application-driven goals in current models. It highlights the
need to deeply integrate biological semantics and practical use-case relevance in future
protein modeling strategies. This lays an important theoretical foundation for subsequent
protein engineering and computational biology work, and guides how to transform
molecular-level insights into clinically applicable knowledge more effectively.

Through the combination of the above-mentioned empirical system and theoretical
reflection, this layer aims to systematically enhance the ability to translate knowledge
from molecular mechanisms to clinical interpretations, providing a key perspective for

understanding the deep molecular basis of diseases and developing novel therapies.

1.3.3.4 Protein Infrastructure Translation Layer

The last layer focuses on supporting the transition from static protein sequence and
structure representations to reusable, generative, and task-oriented computational assets,
providing a solid infrastructure for advanced protein design, analysis, and functional
understanding. It aims to address the fragmentation of traditional protein data, the
isolation of analysis tools, and the lack of a unified computational paradigm.
PROFASA (Chapter 7) provides an intuitive and interactive visualization platform for
protein fragment analysis, property evaluation, and structure visualization. It enables
researchers to visually explore the local properties of proteins, thereby accelerating the

understanding and reasoning process of complex molecular mechanisms.
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PS-GO (Chapter 8) implements an efficient parameterized protein search engine that
can accurately retrieve proteins or functional fragments based on a user-defined range
of biophysical properties, rather than just sequence or structural similarity. This greatly

improves the efficiency and flexibility of function-driven protein structure discovery.

Silver Surfer (Chapter 9) further extends the capabilities of PS-GO (Chapter 8),
enabling the automated generation of novel protein sequences through an innovative
genetic algorithm. The system is capable of targeted optimization based on multiple
user-specified biophysical properties, thus supporting exploratory protein design and

engineering and accelerating the transformation process from concept to actual molecule.

ProteinFlow (Chapter 10) builds a comprehensive, large-scale protein feature engi-
neering platform that aims to systematically integrate multi-source, heterogeneous data,
including protein sequences, physicochemical properties, and structure. Through parallel
data collection, strict quality control, and a multidimensional feature extraction pipeline,
it ensures standardized representation and high scalability of all protein data, serving as
the core data and feature bus for upper-level protein computing, design, and diagnostic

applications.

Together, these systems build a highly modular, composable and scalable computing
backend. It not only supports data-driven protein retrieval and novel molecule generation
tasks, but also maintains structural compatibility with upstream molecular biology rea-
soning and downstream potential diagnostic analysis through standardized data interfaces
and representation logic. This layer of work has extensively promoted the transformation
of protein knowledge from static description to dynamic, engineerable computational
assets, providing unprecedented computing power for biomedical research and drug

discovery.

1.3.4 Scope and Limitations

Although the proposed computational translation framework offers a unified architectural
response to the major translation breakpoints in biomedical knowledge systems, its
specific implementation remains partial and is still evolving. The development and
validation of all computational systems presented in this thesis (Chapters 2 to 10) are

strictly based on the implemented core functions and experimental results.
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Currently, some theoretically envisioned, fully automated cross-layer integration paths
in the framework have not yet been fully operational. For example, the seamless feeding
of patient intent structures directly to diagnostic models to drive personalized diagnostic
logic, or the automatic guidance of molecular target analysis by diagnostic outputs, and
the automatic initiation of protein design processes using molecular predictions, these
fully automated, closed-loop complex integration processes are currently still in the
conceptual stage or structural planning. However, multiple core modules under this
framework have achieved the sharing of local semantic patterns and interface logic. For
example, MSaaVS (Chapter 2) and PHPlace (Chapter 3) rely on a common intent label
dictionary, while PROFASA (Chapter 7), PS-GO (Chapter 8), Silver Surfer (Chapter 9),
and ProteinFlow (Chapter 10) share a unified protein property parameter space. These
achieved interoperabilities are structurally encoded through carefully designed data for-
mats, semantic schemas, and modular interfaces, which not only ensure the smooth flow
of critical knowledge at present, but also lay a solid foundation for more comprehensive
and deeper system integration and automated processes in the future.

This framework focuses on translation challenges that can be solved through computa-
tional modeling and structured methods. Specifically, it focuses on the level where data
representation, knowledge logic, and interface semantics can be formally modeled and
enforced. Therefore, the contribution of this paper does not involve translation barriers
rooted in non-computational levels such as institutions, policies, ethics, or socio-cultural
factors. However, these factors are crucial in actual clinical applications and the adoption
of systems.

In addition, although the layered architecture design has general applicability, the
existing implementation of this paper primarily focuses on two specific biomedical fields:
patient system translation and data-diagnosis translation applications, as represented by
pelvic floor health management, and molecular clinical translation and protein infras-
tructure translation tasks centered on proteins. Adaptation to other biomedical fields will
require customization and domain-adaptive development of corresponding data types,
representation structures, and task interfaces.

These limitations should not obscure the core contributions of this thesis. This chapter
has demonstrated that the paradigm of translation as infrastructure” can be concretely
instantiated as a modular, layered, and semantically aligned computational system by

describing the design principles, layered architecture, and core computational system
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implementation of the computational translation framework. The core contribution of this
paper focuses on addressing the key structural challenges in patient-system translation
and protein infrastructure translation identified in Chapter 1.2. It provides important
computational methodologies and conceptual proofs for data diagnostic translation and

molecular clinical translation.

1.4 Contributions and Thesis Structure

Table 1.1: Mapping of Translational Layers, Computational Modules, and Thesis Chap-

ters
Translation Layer Computational Modules Key Functions Chapter(s)
. MSaaVS$ . . .
Patient System PHPlace Capture patient narratives through dynamic | Ch. 2, 3

Translation questionnaires; structure intent data for
downstream computation; visualize pelvic
health states to support clinical discussion.

Data Diagnosis | Strengthening Diagnostic Translation | Perform semantic-preserving data augmen- | Ch. 4
Translation tation for clinical data; improve model gen-
eralizability under data imbalance; support
interpretable diagnostic modeling.

- EPOP . .
Molecular Clinical ALDriven Protein Design Review Translate protein sequence data into | Ch.5,6

Translation disease-relevant features; enable inter-
pretable molecular-to-clinic linkages; the-
orize semantic alignment in protein-based
prediction.

PROFASA
. PS-GO .
Protein Infrastruc- . Support fragment-level property analysis | Ch. 7-10
. Silver Surfer . o h
ture Translation and visualization; enable parameterized

ProteinFlow . .
protein structure search; generate opti-

mized protein sequences for design; inte-
grate structured features for downstream
modeling.

This thesis aims to systematically address the structural translational fractures that are
prevalent in biomedical knowledge flows by introducing the core concept of "translation
as infrastructure” and building a hierarchical, modular, and interoperable computational
framework. The core contribution of this study is to provide a unified theoretical and
computational response that structurally integrates the various independent systems
from patient interaction to protein design into a coherent architecture, thereby achieving
computational and semantically aligned knowledge translation from molecules to clinics.

The core contributions of this research include:
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* Conceptual Innovation: Establishing Translation-as-Infrastructure as a concep-
tual foundation for enabling stable, interpretable, and computable knowledge

translation across biomedical contexts.

* Framework Construction: Proposing and operationalizing a four-layer computa-
tional framework corresponding to distinct translational faultlines: Patient System,

Data Diagnosis, Molecular Clinical, and Protein Infrastructure Translation.

» System Realization: Eight functional computational systems and a review article
were implemented, distributed across different levels including clinical interface
design, diagnostic modeling, molecular reasoning, and protein characterization,

with each system instantiated as a level-specific translation module.

* Interoperability Advancement: Semantic continuity and interface compatibility
are encoded between layers, laying a solid foundation for building a progressively

integrable, semi-closed-loop biomedical translation process.

The overall structure of this thesis is divided into three main parts, which gradually

and in-depth explain this study.

1.4.1 Theory and Framework

» Chapter 1: This chapter lays the conceptual and architectural foundation for the
entire study. It first identifies and outlines four major structural challenges in
biomedical knowledge translation, proposes the core concept of “translation as
infrastructure”, and elaborates a hierarchical computational translation framework.
In addition, this chapter defines four core principles that guide the design and

implementation of the entire framework and outlines the overall structure of this
paper.
1.4.2 System Implementation

This part is the core of the thesis, consisting of eight core computational systems and
areview article. They specifically address the translation gap at various levels through

empirical research and innovative methods. The research results in these chapters, seven
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of which have been published in peer-reviewed journals and another two are currently

under review, together form a solid empirical foundation for this thesis.

* Chapter 2: This chapter delves into the design and implementation of MSaaVS, a
generic virtualized service structure that captures and structures patients’ subjec-
tive experiences at the patient system translation layer by translating their natural
language narratives into standardized intent labels through dynamic question-
naires and multiple rounds of interactions, and attempts to preserve contextual

information.

* Chapter 3: This chapter is based on MSaaVS and focuses on the field of female
pelvic floor health management. PHPlace further enhances the patient information
structuring capability and the operability of doctor-patient communication through
a rule-driven dynamic question-answering engine, POP-Q measurement module,
and 2D animation visualization function. It is a domain-specific implementation

of the patient-system translation layer.

* Chapter 4: This chapter introduces a semantic consistency constrained data
augmentation mechanism for small sample clinical data. This method effectively
improves the generalization ability and robustness of the diagnostic model by
retaining clinical semantic rationality while expanding the feature space, providing

key support for reliable modeling of the data diagnosis translation layer.

* Chapter 5: This chapter describes the EPOP system, which implements an in-
terpretable mapping of protein sequences to disease-associated functional labels
based on the ESM-2 protein language model. The system transforms abstract
molecular data into clinically meaningful information at the molecular clinical

translation level, enhancing the clinical interpretability of molecular discoveries.

* Chapter 6: As a theoretical supplement to the molecular clinical translation layer,
this chapter critically reviews contemporary Al-driven protein design methods.
The review emphasizes the importance of deep integration of biological semantics
and practical use case relevance for future protein modeling strategies, laying a

theoretical foundation for subsequent protein engineering research.
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* Chapter 7: This chapter introduces PROFASA, an intuitive and interactive visual-

ization platform for protein fragment analysis, property evaluation, and structure
visualization. It accelerates researchers’ understanding and reasoning about com-

plex molecular mechanisms at the protein infrastructure translation layer.

* Chapter 8: This chapter describes PS-GO, an efficient parameterized protein

search engine. The system can accurately retrieve proteins or functional fragments
according to user-defined biophysical property ranges at the protein infrastructure
translation layer, greatly improving the efficiency and flexibility of function-driven

protein structure discovery.

* Chapter 9: This chapter describes in detail Silver Surfer, which automates the

generation of novel protein sequences through an innovative genetic algorithm. The
system supports targeted optimization based on multiple biophysical properties at
the protein infrastructure translation layer, accelerating exploratory protein design

and engineering.

* Chapter 10: This chapter introduces ProteinFlow, a comprehensive large-scale

protein feature engineering platform. It provides a standardized and highly scalable
core data and feature bus for upper-level protein computing, design, and diagnostic
applications through parallel data collection, quality control, and multi-dimensional
feature extraction, and is the cornerstone of the protein infrastructure translation

layer.

1.4.3 Discussion and Conclusion

This part critically reflects on the overall work of the paper, summarizes the main

contributions, and looks forward to future research directions.
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» Chapter 11: This chapter comprehensively discusses the computational translation
framework proposed in the paper, and deeply analyzes its boundaries and potential
in achieving structural closure, practical deployment potential, and theoretical
construction. On this basis, this chapter will also look forward to and propose
future research directions, including deeper system integration, application in new
fields, and more advanced automation capabilities, aiming to further improve the

efficiency and effectiveness of biomedical knowledge translation.
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* Chapter 12: This chapter provides a final summary of the main research con-
tributions of this thesis, reaffirming the value of the computational translation
framework and its significance in addressing biomedical translation challenges,
and emphasizing the long-term impact of this research on the development of the
field.

The subsequent chapters will be developed in the above order, elaborating on the
specific design, implementation details, and experimental verification of each subsystem

and its specific role in the overall framework.
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creation, validation, visualization, and writing the original and final draft.

2.1 Abstract

This paper presents the MSaaVS platform, a comprehensive telemedicine solution inte-
grating Software-as-a-Service (SaaS) principles with user-centric features to enhance
healthcare service efficiency, accessibility, and patient-provider interaction. MSaaVS
employs a multifaceted approach, incorporating a robust questionnaire system for data
collection and an empathetic virtual agent module to facilitate nuanced patient-provider
interactions. The platform prioritizes privacy and data security through Advanced En-
cryption Standard (AES) encryption and data anonymization, aligning with Health
Insurance Portability and Accountability Act (HIPAA) standards. The initial deployment

of MSaaVS demonstrates significant improvements in data collection efficiency, patient
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engagement, and healthcare service quality. The platform’s adaptability is evidenced
by its successful application in specialized fields such as radiology and prolapse. User
feedback underscores the system’s ease of use and potential for reducing healthcare
providers’ workload. Despite its promising outcomes, MSaaVS faces challenges, includ-
ing the need for in-person treatment and limited virtual agent customization. Short-term
improvements aim to enhance appointment scheduling, speech recognition, and agent per-
sonalization. Long-term goals include integrating Al for diagnostic assistance, Internet of
Things (IoT) for comprehensive remote care, and advanced virtual agents for improved
patient interaction. MSaaVS emerges as a transformative telemedicine solution, effec-
tively addressing contemporary healthcare challenges. Its continuous evolution, marked
by the integration of advanced technologies and user-centered design, holds the potential
to reshape the landscape of remote healthcare delivery. Future research will focus on
refining platform features and examining the broader impact on healthcare systems and

patient outcomes.

2.2 Introduction

In the global healthcare domain, the advent of telemedicine marks a significant shift in
the paradigm of medical service delivery. Particularly during the COVID-19 pandemic,
telemedicine not only ensured the continuity of medical services but also substantially re-
duced direct contact between patients and healthcare workers, mitigating the risk of virus
transmission (Haleem et al. 2021; Omboni et al. 2022). However, while telemedicine has
introduced convenience in the provision and reception of medical services, it has also
posed a series of challenges, including ensuring data accuracy, protecting patient privacy,
optimizing the interaction between patients and healthcare providers, and enhancing the
overall quality of medical services (Nittari et al. 2020).

Data plays a crucial role in modern healthcare, supporting daily medical decisions and
forming the basis for personalized treatment and precision medicine. In the telemedicine
environment, the effective collection, processing, and analysis of vast amounts of medical
data to ensure quality and security become key factors driving the development of remote
medical services (Zeadally, Siddiqui, et al. 2020). Moreover, as patients’ expectations for
the quality of medical services continue to rise, providing an equivalent or superior user

experience through telemedicine platforms compared to traditional face-to-face services
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has become a focal point for healthcare providers (Hao Jin et al. 2019; Price and Cohen
2019).

To address these challenges, this study introduces the innovative concept of MSaaVS.
By integrating advanced SaaS models, MSaaVS offers a powerful, flexible, and easy-
to-manage platform for healthcare providers and significantly enhances the efficiency
and accuracy of data collection while optimizing patient interaction through its carefully
designed questionnaire system and virtual agent module. The questionnaire system
allows healthcare providers to design and customize questionnaires according to specific
needs, and its efficient data processing and analysis capabilities ensure the accuracy and
integrity of patient information. Meanwhile, the virtual agent module simulates human
interaction, providing a more humanized and empathetic interaction environment that
enhances patient engagement and satisfaction. These innovations enable MSaaVS to
improve not only the convenience and satisfaction of patients but also the efficiency and
quality of the entire healthcare service system.

Although integrating Al technology into MSaaVS is seen as an important pathway to
enhance system performance and service quality, the current phase of the study focuses
more on enhancing the overall performance of the system through the optimization of
core functions such as the questionnaire system and virtual agent module. In the future,
with the advancement of technology and the accumulation of practical experience, Al is
expected to play a more significant role in MSaaVS§, bringing deeper data insights and
more intelligent interaction experiences to healthcare providers and patients (Schwalbe
and Wahl 2020; Rajkomar, Dean, and Kohane 2019; Obermeyer and Emanuel 2016).

As shown in Figure 2.1, MSaaVS assists healthcare providers in the development of
their intelligent telemedicine system. It collects patients’ data and assists in diagnosis.
The SaaS platform for healthcare providers can lower development, maintenance, and
learning costs, enabling more healthcare providers to deliver services to their patients
(Cusumano 2010). Moreover, MSaaVS does not rely on direct communication between
healthcare providers and patients but instead provides a virtual agent that can communi-
cate with patients and collect patient data. The agent allows a healthcare provider to help
multiple patients at once and enables patients to request consultations anytime, anywhere.
It increases the capacity of healthcare providers to handle a broader range of patients
and expands the scope of telemedicine. As a result, healthcare providers from various

fields can use MSaaVS$, allowing patients to access consultations for most diseases in the
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Figure 2.1: Overview of the MSaaVS platform

future, thus making telemedicine more widespread. MSaaVS is specifically designed to
be user-friendly and compatible with web browsers, ensuring that patients and healthcare

providers can access the platform and its services regardless of their preferred device.

2.3 Methods

MSaaVS is a SaaS platform designed to offer healthcare providers an innovative telemedicine
solution (Ali et al. 2019). Healthcare providers can configure and manage their telemedicine
websites through the platform. Compared to traditional healthcare approaches, MSaaVS
offers several advantages. Patients can directly access the healthcare provider’s telemedicine
website or install the application for essential consultations without waiting to visit a
hospital or clinic, resulting in time savings and increased efficiency. Furthermore, health-
care providers can easily create a telemedicine website using MSaaVS without investing
significant time and material resources, making it easier for patients to access the right
healthcare provider, thus creating a more transparent and fair healthcare market.

The core features of MSaaVSs include a questionnaire system and virtual agents, as
shown in Figure 2.1. These features can greatly improve the efficiency and accuracy

of telemedicine consultations. The questionnaire system helps healthcare providers
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create questionnaires, while virtual agents can use pre-created questionnaires to replace
healthcare providers for initial consultations and data collection, thus reducing their

workload.

2.3.1 Questionnaire System Module

The most effective method for collecting data is through questionnaires, ensuring patients
provide consistent data suitable for training machine learning models. The questionnaire
system module is one of the essential modules for defining the patient-entered data
format (Tsang, Royse, and Terkawi 2017). The module includes the development of
question sets and a logic editor, allowing healthcare providers to add and modify the
questionnaire’s content using MSaaVS.

Question sets involve adding or removing questions, managing options, and sorting
them. Four question types are currently supported: single choice, multiple choice, text
input, and color selection. The logic editor provides more flexibility in the questionnaire
system, relying on visualization and drag-and-drop operations. Along with typical
screen zooming and location dragging, healthcare providers can connect an answer from
one question to another to reduce cognitive load. If a specific option is chosen, the
patient is directed to the related question, ensuring the questionnaire system’s ease of
use and integrity. However, it is essential to consider that patients may find impersonal
questionnaires unappealing or unpleasant, particularly if there are many questions. To
address this, MSaaVS uses the virtual agent module to handle the questionnaire output

and gather responses.

2.3.2 Virtual Agent Module

Since the virtual agent always represents the patient’s initial impression of the MSaaVS
platform, it can be considered the face of MSaaVS. Healthcare providers can make the
most basic customizations to the virtual agent through three configuration items: gender
selection, 3D avatar selection, and voice selection.

As a direct contact between the healthcare provider and the patient, the virtual agent
collects and communicates information, as shown in Figure 2.2. The physical charac-
teristics of the virtual agent become the patient’s first impression. The appearance of

the virtual agent in MSaaVSs is defined by its appearance, speech, facial expressions,
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Figure 2.2: Virtual agent interaction in MSaaVS$

and body movements. Due to the performance limitations of browser-based 3D model
rendering, the virtual agent’s appearance cannot be entirely realistic like those seen in
next-generation games (S. E. Kirkley and J. R. Kirkley 2005). However, using a realistic
appearance can lead to the “uncanny valley” effect (Tinwell 2014), which refers to the
discomfort and eeriness humans can feel when robots or other human-like objects look
almost, but not exactly, like real humans. Therefore, the virtual agent of MSaaV'S uses a
3D cartoon model with slightly exaggerated facial features and a head-to-body ratio to
reduce this effect while adjusting the patient’s mentality during the consultation through

formal dressing and expressions.

Furthermore, the virtual agent must engage in meaningful patient interactions, which
require verbal and nonverbal communication. To achieve effective communication, the
virtual agent must convert the text from the questionnaire into speech, which current
technology can easily accomplish. However, the real challenge lies in ensuring that
the virtual agent’s facial expressions and body language are synchronized with the
spoken words to create an authentic and distraction-free experience for the patient during
the consultation. Moreover, the virtual agent must be able to receive input from the
user through various means, such as text, clickable options, or voice commands, to
ensure accessibility for all patients. Achieving this requires leveraging advanced NLP
techniques, such as machine learning algorithms and neural networks, which enable
the system to comprehend the meaning conveyed by spoken words. For this purpose,
MSaaVSs relies on Microsoft’s speech-to-text technology, which employs cutting-edge
deep learning models to enhance transcription accuracy and ensure optimal performance

for the virtual agent.
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2.3.3 Privacy and Data Security

The implementation of robust security measures and privacy protocols is recognized as a
cornerstone of MSaaVS. Due to the sensitive nature of healthcare data, a comprehensive,
multi-tiered approach to data security and privacy has been devised, giving priority to
both the safeguarding of user information and adherence to regulatory compliance.

One of the critical steps in this procedure is data encryption, both during transit and
while stored. The AES with a key size of 256 bits is employed, which is currently seen
as the industry standard and is even used by the United States of America (US) federal
government for encrypting classified information (Kaur, Lamba, and P. Saini 2021). This
powerful encryption method ensures that user data is made unreadable to unauthorized
individuals, protecting it from potential breaches.

In addition to encryption, data anonymization techniques are utilized during data pro-
cessing. Data anonymization is the process of either encrypting or removing personally
identifiable information from data sets, so the individuals whom the data describe remain
anonymous. This technique not only strengthens privacy but also ensures compliance
with the HIPAA (Cohen and Mello 2018), a crucial legal requirement in the healthcare
sector.

However, privacy measures don’t stop at data protection. Stringent access controls
are implemented to restrict data access to only authorized personnel. This means that
even within the system, user data is kept protected and inaccessible to those without the
necessary permissions. This layer of security adds another barrier to potential internal

breaches.

2.3.4 Technical Implementation

MSaaVSs is primarily a software-based solution, leveraging various modern software
tools and technologies to deliver its functionality. The core components of the system

include:

* Backend Services: Utilizing GO and the GIN framework to ensure high perfor-

mance and scalability

* Frontend Interface: Employing React.js to provide a smooth, responsive user

experience
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* Database: Using MySQL and MongoDB to support flexible data models and

efficient queries
* Virtual Agent: Integrating TensorFlow.js for NLP, enabling intelligent interactions

* Security Layer: Implementing AES-256 encryption standard and OAuth 2.0 au-

thentication protocol to protect data transmission and storage

* API Integration: Designing RESTful APIs to facilitate integration with other
medical systems

* Data Analysis: Incorporating Apache Spark for large-scale data processing and

analysis

While MSaaVSs itself does not directly include specific hardware components, it is
designed to be compatible with various standard computing devices, including computers,
tablets, and smartphones commonly used by healthcare providers and patients. The
system’s web-based nature allows for broad accessibility without the need for specialized
hardware, aligning with our goal of making telemedicine services widely available and

easily adoptable.

2.3.5 Current Development Status of MSaaVS

The MSaaVS platform has progressed to an advanced prototype stage, surpassing initial
conceptualization and basic functionality. Core functional modules, including the ques-
tionnaire system and virtual agent module, have been fully implemented and undergone
preliminary deployment and testing in actual healthcare environments. The platform’s
development follows an iterative approach, continuously optimizing and refining based
on user feedback and performance metrics.

Currently, MSaaVS enables healthcare providers to create and manage customized
telemedicine interfaces, facilitating efficient patient data collection and processing. The
system architecture has been designed with future scalability in mind, laying the ground-
work for integrating more advanced features such as Al-assisted diagnostics and 10T
device connectivity.

While MSaaVS has already demonstrated significant practical value, we recognize

the ongoing challenges posed by the rapidly evolving field of telemedicine. As such,
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our development team is actively exploring the application of new technologies, such as
the use of Augmented Reality (AR) in remote diagnostics and the optimization of deep
learning-based NLP techniques, to further enhance the system’s intelligence and user

experience.

2.4 Results

The MSaaVS platform has demonstrated significant potential and tangible benefits in the
field of remote healthcare during its preliminary deployment and testing phases. Its core
advantage is primarily manifested in the Questionnaire System Module.

This module has successfully implemented the collection of patient data in a standard-
ized format, which not only lays the foundation for training future machine learning
models but also provides reliable decision support for healthcare providers. Currently,
the platform has generated 23 distinct questionnaires, each meticulously designed to
meet the diagnostic requirements of specific conditions. These questionnaires include,

but are not limited to:

* Bladder Function Assessment

* Bowel Function Assessment

* Sexual Function Assessment

* King’s Health Questionnaire (KHQ)

* Pelvic Organ Prolapse/Urinary Incontinence Sexual Function Questionnaire (PISQ-12)

* International Consultation on Incontinence Questionnaire-Urinary Incontinence
Short Form (ICIQ-UI)

 Patient Global Impression of Improvement (PGI-I)
* Patient Global Impression of Change (PGI-C)

* Patient Global Impression of Severity (PGI-S)
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The level of understanding MSaaVS has for each question depends on the logic
and rules input by healthcare providers during questionnaire creation. The system’s
intelligent design allows for complex logical branching, ensuring that the virtual agent
can dynamically adjust the order and content of questions based on patient responses.
This flexibility enables MSaaVS to simulate the understanding level of trained medical
professionals, thereby providing a personalized consultation experience.

For instance, when assessing bladder function, the system can automatically adjust
subsequent questions based on the frequency and severity of symptoms reported by the
patient, delving deeper into possible causes or complications. This intelligent consultation
process not only improves the efficiency of data collection but also provides doctors with
more comprehensive and targeted patient information to aid clinical decision-making.

The sufficiency and effectiveness of these questionnaires depend on the specific needs
of each healthcare provider and the characteristics of their patient population. The
flexibility of MSaaVS allows medical professionals to continuously add and optimize
questionnaires as needed. For example, some specialists may regularly update their
questionnaire content based on the latest clinical guidelines or research findings to ensure
the collection of the most relevant and up-to-date patient information.

It is worth noting that MSaaVSs itself does not perform diagnoses, so disease predic-
tion accuracy is not directly applicable to platform evaluation. However, our partner
healthcare institutions report that by using the systematized patient data collected through
MSaaVSs, they have been able to conduct preliminary symptom assessments and risk
screenings more efficiently.

As illustrated in Figure 2.3, the interface of the Questionnaire System Module pri-
oritizes intuitive user interaction, empowering healthcare providers of varied technical
backgrounds to effortlessly create and manage questionnaires. This aspect has been
widely acknowledged in user feedback, with numerous medical professionals recogniz-
ing MSaaVS for significantly reducing the workload involved in data collection and
processing, allowing them to focus more on patient diagnosis and treatment.

Furthermore, the Virtual Agent Module, as depicted in Figure 2.4, has successfully
collected responses and offered personalized experiences to patients. The high level of
interaction and personalization provided by the virtual agent not only enhances patient
satisfaction but also offers healthcare providers a powerful tool to serve patients more

efficiently and in a human-centric manner.
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2.4 Results

During the initial trial phase of MSaaVS§, our virtual agent module interacted with
a total of 50 patients from various medical specialties. Considering the importance of
patient privacy protection, we cannot provide detailed information of individual patients.
However, we can present aggregated data on patient interactions and satisfaction rates to
demonstrate the effectiveness of the virtual agent.

Virtual Agent Trial Results - Patient Interaction Metrics

Patient sample size: n=50; Doctor sample size: n=9

100

92%

87%
85%

75

Percentage (%)
(o))
o

25

Completion Rate Patient Satisfaction Doctor Approval

1l Percentage of positive responses

Average Interaction Time: 15 minutes

Figure 2.5: Virtual Agent Trial Results: Patient Interaction Metrics

Figure 2.5 illustrates key metrics from the virtual agent trials, including average inter-
action time, patient satisfaction scores, and successful completion rates of questionnaires.
The data shows that among the 50 patients who participated in the trial, 92% success-
fully completed the entire consultation process, with an average interaction time of 15
minutes. Patient satisfaction survey results indicate that 85% of patients were satisfied or
very satisfied with the virtual agent’s performance, particularly in terms of accuracy in

understanding and responding to questions.
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Table 2.1: MSaaVS Usability Metrics

Usability Metric Satisfaction Rate (%)
Navigation ease 87
Questionnaire clarity 83
Virtual agent interaction 86
Information input convenience 84
Response speed 88
Overall user experience 85

Furthermore, we collected feedback from healthcare providers. Of the 9 doctors who
participated in the trial, 87% reported that the quality of information collected by the
virtual agent was equal to or better than traditional face-to-face initial consultations. This

result highlights the potential of MSaaVS in improving healthcare efficiency and quality.

The 85% usability rate of MSaaVS was derived from a comprehensive user satisfaction
survey conducted after the trial period. The survey covered multiple aspects of the
system, including ease of use, interface intuitiveness, questionnaire clarity, virtual agent

interaction quality, and overall user experience.

Table 2.1 provides a detailed breakdown of the usability metrics that contribute to the

overall 85% satisfaction rate. These data are based on survey results from 50 patients.

In specialized medical fields such as radiology and prolapse, MSaaVS has demon-
strated its efficacy and applicability. Its flexible design and robust functionality enable
it to seamlessly adapt to various medical scenarios and needs, indicating its potential
applicability across a broader spectrum of medical fields. It is important to note that the
results presented here are based on data collected during the initial testing phase. As the
system continues to be optimized and more data is accumulated, the performance and

scope of application of MSaaVS are expected to improve further.

Beyond the significant achievements already made, the design of the MSaaV'S platform
has been envisioned with future development and expansion in mind. With technological
advancements and an increase in medical data volume, MSaaVS is expected to integrate
more advanced features, such as more intelligent data analytics, more accurate diagnostic
support, and more efficient resource management. These potential enhancements and

expansions will further solidify the leading position of MSaaVS in the remote healthcare
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service domain, bringing additional value and convenience to healthcare providers and

patients.

2.5 Discussion

2.5.1 MSaaVS as a Telemedicine SaaS Platform

Telemedicine is a rapidly evolving field transforming healthcare by providing patients
with increased access to medical care and enabling healthcare providers to deliver
care more efficiently and effectively. Despite the increasing interest among healthcare
providers to offer remote care services, the cost of developing telemedicine platforms
remains a major barrier, limiting the widespread adoption of telemedicine. Additionally,
with limited healthcare providers available to serve many patients, long wait times are
common and prevent patients from receiving timely medical attention. MSaaVS, a
telemedicine SaaS platform, was developed to address these challenges. As shown in
Figure 2.6, MSaaVS can revolutionize healthcare delivery by offering numerous benefits

to healthcare providers and patients, enhancing the accessibility and quality of healthcare

provision.
]
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Figure 2.6: Key features and benefits of the MSaaVS platform

For healthcare providers, MSaaV'S adheres to the SaaS concept and design principles,

helping to lower the costs associated with setting up and operating a telemedicine system.
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This makes the platform more accessible to healthcare providers, promoting wider
adoption of telemedicine. Moreover, the user-friendly interface and intuitive interaction
logic of MSaaVS significantly reduce the learning curve for healthcare providers. This
level of convenience frees healthcare providers from the burden of technology, allowing

them to focus on providing high-quality patient care.

For patients, MSaaVS offers a way to access medical care without the limitations
of time and place. Patients can use the platform to consult with healthcare providers
from the comfort of their homes without worrying about transportation or wait times.
Additionally, the virtual agent can question patients about their symptoms 24 hours a day,
making it more convenient for patients to provide information about their health status.
With MSaaV§, patients can receive medical care that is both convenient and effective,

improving their overall health outcomes.

Overall, MSaaVS provides several advantages to the field of telemedicine, making
it an important tool for both healthcare providers and patients. By reducing costs,
providing intelligent diagnostic advice, and offering a convenient and user-friendly

platform, MSaaVS is helping to revolutionize how medical care is delivered.

2.5.2 Challenges

Despite the significant contributions of MSaaVS to the healthcare industry, it faces
various challenges that require attention. One of the most notable challenges is that
consultation is not the only aspect of healthcare. Even if healthcare providers can
accurately diagnose patients through teleconsultation, patients may still require in-person
treatment at a hospital or medical facility. Additionally, the current approach to remote
consultation in MSaaVS is relatively simplistic, limited to surveys that may not meet
the needs of patients who prefer personalized and intelligent conversations with their
healthcare providers. Another significant challenge faced by MSaaVS is the limited
level of customization for its virtual agents. Currently, healthcare providers cannot
obtain virtual agents that closely resemble themselves or meet their specific expectations,
which can be challenging for those relying heavily on virtual agents to assist with their

workload.

40



2.5 Discussion

2.5.3 Outlook

Although MSaaVSs is already a full-fledged telemedicine platform, our goals go beyond
its current state. In the short term, MSaaVS has identified several improvements to
enhance its telehealth services. To address the first challenge, MSaaVS plans to add the
ability for patients to make appointments online, allowing them to check the business
hours of their healthcare provider and schedule an appointment at a specific time that
works for them. To tackle the second challenge, MSaaVS intends to enhance its speech-
to-text recognition capabilities by incorporating a dictionary of medically relevant terms,
helping virtual agents better understand patients’ voices. Finally, to address the third
challenge, MSaaVS plans to offer more virtual agent avatars and customizable clothing
options to provide a more personalized experience for users.

In the long term, MSaaVS aims to leverage cutting-edge technologies to offer more
comprehensive telehealth services. One of the most important goals is to collect enough
data from the same questionnaires to train Al models using deep learning techniques,
realizing the vision of Al-assisted diagnosis. Additionally, MSaaVS plans to explore the
use of IoT, remote care, and remote surgery technologies to eliminate the time and space
limitations of visiting a healthcare provider (Zeadally and Bello 2021). These technolo-
gies will allow patients to receive full telemedicine services from the comfort of their
homes. Furthermore, MSaaVS plans to use NLP techniques and chatbots trained with
vast medical datasets to enable virtual agents to gather patient data through more natural
communication with patients (Thirunavukarasu et al. 2023). This will provide a more
personalized and intuitive experience for patients. Moreover, MSaaVS plans to deploy
facial scanning and emotion capture technologies to enable completely customizable
anthropomorphic virtual agent avatars, giving healthcare providers more control over

their virtual agents’ appearance and improving the overall user experience.

2.5.4 Limitations and Considerations in Al-Driven
Telemedicine

While MSaaVS offers significant advantages in telemedicine, it is crucial to acknowledge
certain limitations inherent to Al-driven healthcare systems. One key consideration is
the potential for somatization of health problems, where patients may present physical

symptoms that are manifestations of psychological distress.
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Moreover, certain specific health issues may be overlooked in an Al-driven interaction,

particularly those that require subtle interpretation or physical examination. These

limitations underscore the importance of positioning MSaaVS as a complementary

tool to traditional healthcare rather than a complete replacement for in-person medical

evaluation.

To mitigate these risks and enhance the system’s capabilities, we propose the following

strategies:
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Regular review and updating of questionnaires to include prompts that may help
identify somatization and other complex presentations. This process should involve
collaboration with mental health professionals to ensure comprehensive coverage

of psychosomatic symptoms.

Incorporation of open-ended questions that allow patients to express concerns that
may not fit into standardized responses. This feature aims to capture nuanced

information that might be missed by structured questionnaires.

Implementation of advanced NLP algorithms to analyze free-text responses, po-
tentially identifying patterns indicative of somatization or other complex health

issues.

Clear communication to patients that MSaaVS is a support tool and does not
replace comprehensive in-person medical evaluation when necessary. This message
should be integrated into the user interface and reiterated at key points during the

virtual consultation.

Ongoing training for healthcare providers on how to effectively use MSaaVS
in conjunction with their clinical expertise. This training should emphasize the
system’s strengths and limitations, ensuring that providers can critically evaluate

the Al-generated insights.

Development of a hybrid model that combines Al-driven initial assessments with
human clinician review, especially for cases flagged as complex or potentially

involving somatization.



2.6 Conclusion

2.6 Conclusion

In conclusion, this study has demonstrated the potential of the MSaaVS platform as
an innovative telemedicine SaaS solution that addresses several critical challenges in
the remote healthcare sector. By providing personalized recommendations and a user-
friendly interface, MSaaVS aims to enhance accessibility, reduce barriers to entry, and
improve overall patient care for healthcare providers and patients alike.

As the demand for remote healthcare services continues to grow, platforms like
MSaaVS will play an increasingly important role in ensuring that patients receive timely
and accurate diagnoses and treatment. Future research should focus on refining the
algorithms and features of the MSaaVS platform, as well as investigating the long-term
impacts of such platforms on patient outcomes and healthcare systems. Additionally,
exploring the integration of MSaaVS with EHR systems and fostering interdisciplinary
communication could contribute to better-informed decision-making and improved

patient outcomes.
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3.1 Abstract

In the rapidly evolving field of digital health, the use of mobile health apps is increasing,
which not only allows patients to be more actively involved in their health management
and treatment but also significantly improves the efficiency of healthcare professionals.
Yet despite the success of mHealth apps in a large portion of the field, there is room
for improvement thrown in the field of POP. Pelvic Health Place (PHPlace) is an
example of a new mHealth app designed specifically for POP. It aims to improve patient
comprehension and healthcare provider efficiency. These features include engaging
animated presentations, a groundbreaking algorithm-based scoring system to measure the

severity of a condition and versatile medical information management tools. In addition,
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3.2 Introduction

by effectively localising the application, PHPlace transcends geographic constraints and
extends healthcare services globally. Initial user feedback shows an impressive 90%
improvement in users’ understanding of their POP condition and its associated treatments,
signaling the success of the design implementation. This paper’s in-depth exploration of
PHPlace provides a strategic blueprint for the design and development of future mHealth

applications, setting a new standard for digital healthcare platforms.

3.2 Introduction

As technology continues to advance, mobile health applications have become a major
force for change in healthcare. These apps are profoundly changing the way we under-
stand, diagnose, and treat disease, as well as reshaping the way patients interact with
healthcare professionals (Rowland et al. 2020). The unique innovation of mHealth appli-
cations lies in their ability to cleverly blend knowledge and technology from computer
science, data science, medicine, and health care. With real-time health monitoring and
personalised disease prevention information, patients are able to more actively engage
and manage their health status, potentially improving treatment outcomes and quality
of life. At the same time, these apps provide an integrated platform for healthcare pro-
fessionals to more efficiently manage patient information, monitor patient health status
and provide timely feedback and interventions, which not only enhances the quality
of healthcare delivery but also helps to reduce the workload of healthcare profession-
als (Kay, J. Santos, Takane, et al. 2011). However, while mHealth applications have
made significant progress in most areas, there are still many challenges in the area of
POP.

POP is a common gynecological condition that refers to the prolapse of pelvic organs
from their original position in the pelvis and includes Bladder prolapse, Rectal prolapse,
Small bowel prolapse, Urethral prolapse, Uterine prolapse, and Vault prolapse (Jelovsek,
Maher, and Barber 2007). It is a widespread public health problem, a phenomenon
that has a major impact on women’s physical health worldwide, as well as a profound
impact on the quality of life of those affected. Numerous scientific studies have reported
that approximately half of all women worldwide will suffer from POP during their
lifetime (Wilkins and J. M. Wu 2016). POP not only causes physical problems, but

can also lead to a range of complications, including sexual life disorders, mental health
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problems, and dysfunction related to activities of daily living (Iglesia and Smithling
2017). The effects extend far beyond the realm of physical health and reach into the
mental life and social activities of the patient, thus causing a serious impact on their
quality of life.

In the medical field, despite the considerable efforts that have been invested in the
research and treatment of POP (Jelovsek, Maher, and Barber 2007), many problems
remain. One of the most prominent of these problems is the complexity and subjectivity
of disease assessment. As current disease assessment relies mainly on the patient’s
self-report and the doctor’s clinical judgment, this approach is susceptible to a number
of factors, such as the patient’s memory and ability to express themselves, and the
doctor’s professional experience and judgment, which may lead to biased assessment
results (R. Raju and Linder 2021). Another issue is the diversity of treatment options.
treatment options for POP often involve multiple modalities, such as surgery, medication,
and physiotherapy, which makes it difficult for patients to understand and remember
information about the condition and treatment to ensure compliance (Weintraub, Glinter,
and Marcus-Braun 2019). In addition, workflow optimisation for healthcare professionals
is an important challenge. Current working practices often require physicians to perform
extensive manual data recording, analysis, and sharing, which is not only inefficient but
can also lead to missed or misunderstood information (Grimes et al. 2020). In addition,
it is a major challenge for healthcare to better serve and manage patients from different
language and cultural backgrounds on a global scale, and to provide the same quality of

service to patients worldwide.

In response to these issues, we have designed and implemented PHPlace, a mobile
health application for POP (see Fig. 3.1). PHPlace is an innovative medical software that
presents symptoms and treatment processes in a visual and animated format, allowing
patients to better understand their condition and treatment plan, thus improving adherence
to treatment. In addition, it automates the management of patient records and the scoring
of diseases, which is extremely helpful for doctors in terms of improving efficiency,
optimising workflow, and improving the quality and efficiency of care. Moreover,
the software is also localised to accommodate different languages and cultures, thus
increasing the accessibility of healthcare services worldwide. We expect PHPlace to
drive digital transformation in healthcare and have a real impact on improving the quality

of life for women around the world.
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Figure 3.1: PHPlace features

3.3 Methods

We initiated the development of the PHPlace app with a qualitative study, involving
20 in-depth interviews with patients who have experienced POP and 15 consultations
with healthcare professionals specializing in urogynecology. The thematic analysis of
these interviews highlighted a significant communication gap and identified specific
areas where technology could intervene. The patients expressed a need for visual and
interactive content to better understand their condition, while professionals emphasized
the importance of personalized and dynamic information sharing to enhance patient
engagement and compliance.

To convert these insights into app features, we employed a co-design approach. Five
workshops were conducted with the participation of both patients and professionals to
brainstorm, prioritize, and validate the initial feature set of PHPlace. PHPlace incorpo-
rates integrated mobile technology and automation tools to greatly enhance the efficiency
of POP disease management. To foster a better understanding of POP disease in patients,

animated presentations detailing disease symptoms and treatments are designed and
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implemented. Disease assessment is further automated through the creation of ques-
tionnaires and automated scoring systems. Optimisation of the medical information
management process also takes place for both doctors and patients, encompassing the
generation of PDF files and patient management functions. Localised design of the
application is implemented to heighten the accessibility of healthcare services. Further
discussion will delve into the process of designing, implementing and optimising these

key features.

3.3.1 General Architecture

Designing an application that can effectively manage the POP disease treatment process
requires consideration of various usage environments and user roles. Therefore, a
decentralised, multi-sided architecture was adopted, comprising a server side, a doctor
side, and a patient-side, each working independently and in collaboration with the other.

The server side is responsible for processing and managing the data and is developed in
Go, a language whose strength lies in its excellent concurrency and performance, enabling
it to process large volumes of requests quickly and ensure real-time data accuracy. Data
security and privacy protection are taken into account when handling sensitive medical
information of patients. The server side is responsible for processing and managing the
data, and advanced encryption algorithms and Secure Sockets Layer (SSL)/Transport
Layer Security (TLS) technology are introduced for encrypted data transmission to
ensure data security during transmission and storage (Naylor et al. 2014). At the same
time, the stored data is hashed and salted, making it difficult to crack even if the data is
compromised. In addition, the system ensures that only authorised users and systems can
access sensitive information, thus protecting patient privacy.

The doctor and patient sides are designed and developed with the needs of doctors and
patients in mind, with the User Interface (UI) and User Experience (UX) in mind. The
doctor side uses the React framework, based on its rich component library and flexible
state management (Gackenheimer 2015). Its interface is designed to provide intuitive
and easy-to-use operations based on the doctors’ daily workflow and habits and offers
rich interactive elements to optimise the doctors’ working experience. The patient side
uses the Flutter framework and its ability to develop cross-platform applications ensures
a consistent and high-quality UX for both iOS and Android users (Tashildar et al. 2020).
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The interface was designed with a particular focus on making it simple and easy to
understand and suitable for patients of all ages. The use of large fonts, clear instructions,

and a simplified flow of operations make it easier for patients to understand and use.

3.3.2 Animation of Symptoms and Treatment

There is a clear correlation between the effectiveness of treatment for POP diseases and
the level of understanding of the disease and treatment modalities by the patient. With
this in mind, a set of symptom and treatment animations was developed specifically to
help patients gain a deeper understanding of the disease and its treatment.

The 2D animation capabilities of Unity3D were used in depth in the construction
of this animation system, resulting in a practical application of computer graphics
and programming to the visualisation of diseases and the presentation of treatment
options (Thorn 2015). The animation system first generates a series of accurate 2D
vector graphics that accurately depict the morphology of biological structures associated
with POP, such as the urethra, bladder, rectum and other organs. These graphics are
shown in detail in a healthy state as well as in the morphology of POP in its different
disease states. In the Unity3D environment, these graphics are further transformed into
manipulable objects or sprites. Skeletal and skinning techniques are then applied to the
dynamic manipulation of these 2D objects.

In order to give the patient a better visualisation of the condition, the animation system
shows the changes in the position of the pelvic organs in different states of POP-Q. For
example, the degree of prolapse or prolapse of the organ position is shown in detail in
the animation, thus enabling the patient to better understand the specific impact of POP
on quality of life, such as difficulty in urination, and pelvic pressure.

In the treatment animation section, the animation system shows changes in the position
of the pelvic organs before and after treatment, and how treatment can improve the
symptoms of POP. For example, in the animation on surgical treatment, it is shown
in detail how the surgery repairs damaged ligaments and muscles to restore the pelvic
organs to their normal position.

Finally, through parametric design, the animation system can generate corresponding
animation effects based on different POP-Q parameter values. The POP-Q system
contains several parameters, such as Aa, Ba, Ap, Bp, C, D, TVL, GH, PB, which
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Figure 3.2: The first and last frames of the animation

represent the position of organs in different parts of the pelvis. When the value of
each parameter changes, the animation system is designed to present the corresponding
animation effect. For example, when the value of C (the maximum distance from the
cervix or vaginal tip to the external anal opening) changes, the animation system shows
the corresponding change in the position of the cervix or vaginal tip (see Fig. 3.2). In
this way, both for the patient and the doctor, the pathological changes of the disease and

the treatment process can be understood more visually.

3.3.3 Questionnaire Design and Automated Scoring System

Questionnaire assessment is an important part of POP disease management. Commonly
used assessment questionnaires include the Patient Global Impression of Improvement
(PGI), the Pelvic Floor Distress Inventory-20 (PFDI-20) and the Pelvic Floor Impact
Questionnaire-7 (PFIQ-7) (see Table 3.1 for more information). We collaborated with
ten senior urogynecologists to ensure the clinical relevance and accuracy of these tools
within the app. Each questionnaire was reviewed, and its scoring algorithm was adapted
to the app’s interactive and dynamic interface. Traditional assessment methods are

time-consuming for both physicians and patients, and the scoring can be subjective due
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to the human factors involved. To improve the efficiency and accuracy of assessments,

PHPlace has developed an automated questionnaire scoring system.

The system first digitises all possible questionnaire responses and each response
is coded into a specific number which corresponds to a specific score or range of
scores. For example, in the PFDI-20 questionnaire, possible responses to a question
about incontinence include “none”, ”occasionally”, ”often” and “always”, which are
coded as 0,1,2,3, corresponding to different scores. After this step of processing, each

questionnaire response could be translated into a clear score or range of scores.

An automated scoring algorithm was then developed using the Go language. The
algorithm stores the scoring rules in the form of a dictionary, where the key is the
identifier of the question and the value is a mapping function that maps the responses to
the question (which have been digitised) to the corresponding score value. When scoring,
the algorithm traverses each questionnaire response, finds the corresponding mapping
function and calculates the score based on the key value of the response, and finally adds
up the scores for all questions or a more complex combination to obtain the total score
(see Fig. 3.3).

In addition, the automated scoring system takes into account all possible exceptions.
Missing questionnaire responses are treated as invalid input and excluded from the final
scoring. For specific borderline cases, such as questions on the impact of sexuality in
the PFIQ-7 questionnaire, the system sets up specific conditional judgment logic so that
responses to these questions are only included in the final score if the patient indicates

that he or she has a sexual life.

Finally, to verify the accuracy and stability of this automated scoring system, the
consistency of the system’s scoring rules and manual scoring was verified by comparing

the system’s automated scoring results with historical manual scoring data.
This automated questionnaire scoring system has greatly improved the efficiency of

the POP disease assessment, while ensuring accuracy through accurate calculations and

comprehensive exception handling.
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Table 3.1: Questionnaires for POP

Questionnaires

Cite

Pelvic Floor Distress Inventory-20 (PFDI-20)

Pelvic Floor Impact Questionnaire-7 (PFIQ-7)

Pelvic Organ Prolapse/Urinary Incontinence Sexual Func-

tion Questionnaire (PISQ-12)

The Questionnaire for female Urinary Incontinence Diagno-

sis (QUID)

Female sexual function index scoring (FSFI)

Patient Global Impression of Improvement (PGI)

King’s Health Questionnaire(KHQ)

International Consultation on Incontinence Questionnaire-

Urinary Incontinence Short Form(ICIQ-UI)

(Teleman
et

al.

2011)
(Teleman
et

al.

2011)
(Rogers
et

al.

2003)
(C.S.
Bradley
et

al.

2010)
(Sen

et

al.

2006)
(Srikrishna,
Robin-
son,

and

Car-
dozo
2010)
(Hebbar,
Pandey,
and
Chawla
2015)
(Klovning
et

al.

2009)




3.3 Methods

150
4 Somewhat better but the change has not mode any real difference 150

125

A little better
3 D
100
g g
o o
n 2 7]
54 [<]
I
e ¥
50
1
0 0 A}
-08- o -12-04 10:¢ 23-05-21 12:
22-08-01 08:02 22-12:0410:05 3-05-2112:45 22-08-01 08:02 22-12-04 10:05 23-05-21 12:45
ing Tim . N
Meeting e Meeting Time
-1 1- ints. -S: 1- ints. -C: 1- ints. the better. n
(REIH =7 (eI, (RE-ES - el (HE1-EB -/ (oS, Vo Smer i ek Symptom severity score: O(best) - 30(worst). Other domain scores: O(best) -
100(worst).
50 15
14
44
40
32 10
L 30 £ 2
g 3
7]
23 35
g 3
o 2 §
5
10
2
0
22-08-01 08:02 22-12-04 10:05 23-05-21 12:45 22-08-01 08:02 22-12-04 10:05 23-05-21 12:45

Meeting Time Meeting Time

PISQ: 0-48 points. The higher the better. ICIQ-UI: 1-5 (slight), 6-12 (moderate), 13-18 (severe) and 19-21 (very severe).

Figure 3.3: Multiple questionnaire score visualisation chart

53



3 Enhancing Patient Comprehension and Data Structuring for Pelvic Health

3.3.4 PDF Generation and Patient Management

Effective medical information processing, access and management is essential in POP
disease management. To address this, PHPlace has developed two key features: a file

PDF generation function and a patient management function.

The file PDF generation function uses react-pdf, an open source PDF library based on
React.js, to enable the centralised visualisation of patient medical information. Specific
PDF templates were developed which followed the design standards of the health-
care industry and were designed with HTML/CSS to ensure their readability and user-
friendliness. The template covers various sections such as basic patient information,
disease assessment questionnaire, questionnaire scores, POP-Q scores, surgical recom-
mendations and medication information. Each section is designed with a separate visual
presentation module to improve the clarity and ease of printing the information (see
Fig. 3.4). The system is able to automatically update PDF files when new medical
information is generated or when existing information changes, and in this way provides

up-to-date and accurate medical information.

For the patient management function, a doctor-side web application has been devel-
oped to provide a unified and convenient interface for doctors to manage their patients’
medical information. The application accepts the POP-Q scores entered by the doctor
and calls the back-end API to translate the scores into parametric animations. The
animations are rendered directly in Canvas via WebGL technology, ensuring smoothness
and adaptability to different devices and resolutions. After the animation has been gener-
ated, the system inserts specific frames of the animation into the patient’s profile PDF,
enabling doctors and patients to understand the disease status more visually. In addition
to this, the application also allows doctors to view and manage basic patient information,
questionnaire details, and questionnaire scores (see Fig. 3.5). The app allows doctors to
access real-time, accurate medical information, which in turn improves the efficiency of

diagnosis and treatment.

These two features have been designed and implemented to not only improve the
efficiency of medical information management, but also to improve the understanding of

disease status for both doctors and patients through the visual presentation of information.
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Figure 3.4: Example of the generated pdf showing the visualisation of the animation
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3.3.5 Application Localisation

In PHPIlace, particular attention was paid to the localised design of the application in
order to improve the experience of patients and doctors in different parts of the world,
involving two key components: internationalisation (118n) and localisation (110n) (Couto
and Miranda 2022).

In terms of internationalisation, the application leverages the internationalisation
support of the React and Flutter frameworks. Specifically, by collecting all the string
information that needs to be displayed and storing them in a separate language file. This
string information is then translated into different language versions depending on the
language needs of the target user group. When patients or doctors use the application,
depending on their language preference, the system automatically loads the file in the
corresponding language, thus providing an interface adapted to the user’s language
environment. As for dynamic content that may be updated frequently, such as questions
and answers of the questionnaire, when this information is returned by the server, the
API of Google translate is called for machine translation according to the corresponding

language tokens, returning the questionnaire in the corresponding language version.
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In terms of localisation, emphasis is placed on the specific details and habits of
different cultures and regions. This includes date and time presentation formats, currency
units, and units of measure. Localisation tools for React and Flutter make this process
much easier. These tools automatically recognise the user’s language and locale settings
and then provide the corresponding date, time, number and currency formats based on
these settings. This way, users get a localised presentation that matches their habits, no
matter what region they are from.

This careful design and implementation enables the application to provide a more
user-friendly and personalised service to users around the world, effectively improving
the accessibility and UX of healthcare services. This localised design not only enhances
the global reach of POP Disease Management, but also allows more patients and doctors
to access and understand medical information more accurately and easily in a language

and format they are familiar with.

3.4 Results

The design and development of PHPlace is complete and is expected to bring significant
benefits to POP patients and healthcare professionals. Some positive results can already
be anticipated through a series of tests conducted in a simulated environment. Initially, a
heuristic evaluation by five usability experts identified potential usability issues, which
were addressed before the user testing phase. In the user testing phase, 30 patients and
15 healthcare professionals were involved. They were tasked with specific scenarios
to explore the app’s features, especially focusing on the animated presentations and
questionnaire functionalities. User interactions were logged, and heat maps of interaction
hotspots provided insights into the app’s usability strengths and areas for improvement.
Post-testing interviews captured qualitative feedback, indicating that users found the
animations to be particularly enlightening, but desired more interactive and personalized
content.

The animated presentation feature showed clear advantages in the simulation tests.
These tests covered 45 simulation users worldwide, including patients with POP disease
and medical staff. Test results showed that 93.3% of users reported that the animated
presentation enhanced their understanding of POP disease and treatment options. This

clear visual presentation is expected to improve patient adherence to treatment. The
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superiority of the animated presentations was evident not only in the users’ subjective
feedback but also in objective measures. We introduced a comprehension test post-
interaction, consisting of 20 questions designed to assess the users’ understanding of
POP and its treatments. The group exposed to animated presentations scored, on average,
75% higher than the control group, who were provided with traditional text-based
information.

In a simulated environment, PHPlace’s automated scoring system showcased signif-
icant efficiency and accuracy. A comparative analysis, involving 100 questionnaires,
revealed a drastic reduction in scoring time from an average of 5 minutes per ques-
tionnaire in traditional manual methods to 1.2 seconds with PHPlace, marking a 99.6%
improvement. However, the system’s merit isn’t confined to its speed. A concordance
correlation coefficient of 0.98, obtained from comparing the automated scores with
expert manual assessments, attests to the system’s accuracy and consistency, ensuring
that the rapidity of assessments doesn’t undermine their quality. Furthermore, PHPlace
is equipped with a feature to automatically generate PDF reports. This addition enhances
the ease and precision in recording and sharing scores, promising to further elevate the
efficiency and reliability of clinical assessments in real-world applications.

Also in the simulation test, the questionnaire scoring function demonstrated good
ease of use. 84.4% of the simulated users reported that they could easily complete the
questionnaire scoring and quickly understand and record the results.

PHPIlace has also shown significant potential for healthcare information management.
Clinicians in our team reported that they were 60% more efficient at processing patient
information using PHPlace than without it. This is backed by a detailed time-motion
study. The study observed clinicians during their consultation sessions, measuring the
time taken to explain the POP conditions and treatments to the patients. With PHPlace,
the explanation time reduced from an average of 15 minutes to 6 minutes per session
without compromising the quality of information shared, as affirmed by the patients’
feedback.

The localization features were further evaluated in terms of the accuracy of translation
and cultural appropriateness of the content. A separate evaluation involving 30 non-
English speaking users from five different countries was conducted. Feedback indicated
not just ease of use, but also a high level of satisfaction with the accuracy and relevance

of the translated content.
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Overall, PHPlace demonstrates significant potential in terms of educational effective-
ness, scoring efficiency, ease of use, and information management efficiency, and is
expected to provide significant benefits to POP patients and healthcare professionals.
All of these tests and studies were conducted by a team of experienced healthcare pro-
fessionals and data scientists to ensure their impartiality and accuracy. In the future,
expect further real-world application testing to validate these expected results and enable

PHPlace to better serve POP patients and physicians through ongoing optimisation.

3.5 Discussion and Outlook

Today’s healthcare environment is being rapidly transformed by digital tools and apps,
particularly those focused on disease management and patient education. For example,
apps such as MyChart provide a convenient way for patients to view their medical records,
communicate with their doctors and even perform some basic health education in one
centralised place (Milani et al. 2017). However, these apps tend to take a more traditional
and text-heavy approach to education, especially for those complex medical concepts
such as POP, which can lead to patients struggling to understand their condition and
treatment plan.

PHPlace introduces an animated presentation approach to present these complex
medical concepts in a more visual and vivid manner. This approach is expected to
improve patients’ understanding of their condition and treatment plan, thereby increasing
their adherence to treatment. Such anticipated effects may play an important role in
reducing relapse and deterioration of the condition. However, whether these effects can
be validated in practice will need to be determined through additional clinical studies
and patient feedback. Long-term follow-up and research may reveal the specific impact
of this educational approach on improving patient adherence to treatment and quality of
life.

On the flip side, PHPlace also attempts to address some common problems that
physicians face in disease management. Specifically, it integrates a range of automated
tools, such as automated questionnaire scoring and information management systems, to
improve the efficiency of doctors in POP management. This innovation may help doctors
save a lot of time relative to existing applications, allowing them to focus more on caring

for their patients’ conditions and improving the quality of care. However, the actual
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effectiveness of PHPlace in improving doctors’ efficiency needs to be further tested and
validated in a real-world environment.

While the innovation and functionality of the app are encouraging, there are limitations
that need to be recognised. The app is somewhat dependent on the digital skills of the
user, which may pose a challenge for some patients, especially older patients or those
with weaker digital skills. In addition, privacy and security issues in handling personal
health data must be adequately addressed. These issues will need to be addressed by
future research and improvements.

Overall, the development of PHPlace demonstrates the potential for positive impact
through innovative approaches to integrating mobile technology and automated tools into
disease management. The design and expected results of PHPlace contribute to the digital
transformation of the healthcare sector and provide new ideas for POP management.
However, in order to achieve these expected results, more practical research and clinical
testing are needed to address the issues and challenges and to continuously optimise the

functionality and performance of the application.

3.6 Conclusion

The study highlights the potential of a new mobile app to optimise POP disease man-
agement. PHPlace demonstrates the key role of digital technology in enhancing the
efficiency and accessibility of healthcare delivery through a blend of intuitive anima-
tions, automated disease assessment, efficient healthcare information management, and a
localised design adapted to multiple cultures.

The innovation of PHPlace is reflected in its new approach, which aims to improve
patients’ understanding of diseases and treatments, save doctors’ assessment time, stan-
dardise the assessment process and provide easy management of medical information.
Particularly noteworthy is the localised design that significantly improves the accessibility
of healthcare services to meet diverse global needs.

While work in this area still needs to be deepened, PHPlace has provided a viable
pathway towards digitising healthcare services and offers valuable lessons and insights
for future research. With more such research and further refinement of the application, it
1s expected that digitisation and automation of healthcare services will be achieved in a

wider range of areas to provide more efficient and accurate healthcare services.
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4.1 Abstract

In healthcare, Machine Learning (ML) has been increasingly applied to predictive models,
but the efficacy of these models is often compromised due to limitations in data quality,
diversity, and metrics. In other domains, such as image recognition and natural language
processing, data augmentation techniques have been successfully applied to mitigate these
challenges, but in healthcare such strategies have not been widely applied. Therefore, our
research actively explores how these data augmentation techniques can be applied to ML
models for predicting the outcome of pelvic organ prolapse surgery. We first performed
in-depth data preprocessing and then tried innovative data enhancement techniques
such as noise injection and self-sampling. The results show that the application of data

enhancement techniques significantly improves the performance of predictive models and
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effectively addresses data scarcity and quality issues, which opens up new possibilities

for wider application of data enhancement techniques in the medical field in the future.

4.2 Introduction

Al and its subfield ML have become omnipresent forces driving transformation across
numerous sectors. One sector that has prominently reaped the benefits of this techno-
logical revolution is healthcare (Bini 2018). With the power to process vast amounts of
data, identify patterns, and make accurate predictions, these innovative technologies have
given rise to new approaches in healthcare management. Among these novel applications,
using ML models for predicting surgical outcomes has emerged as a particularly exciting
development (Elfanagely et al. 2021). This burgeoning field harnesses the analytical
prowess of ML to deliver predictions that are increasingly overcoming the limitations
of traditional methods. As such, it has the potential to profoundly transform disease
diagnosis, treatment planning, and prognosis prediction, paving the way for improved
patient outcomes and more efficient healthcare systems.

In the complex sphere of gynecological health, POP exemplifies the need and potential
for ML applications. POP is a common condition affecting millions of women world-
wide (Iglesia and Smithling 2017). This condition, often debilitating and significantly
impairing women’s quality of life, occurs when the pelvic floor muscles and connective
tissues weaken, causing one or more of the pelvic organs to descend and potentially
protrude from the vagina. POP is characterized by a wide range of variables including
severity, organs involved, and related symptoms, all of which contribute to the challenge
of surgical management and prognosis prediction (Iglesia and Smithling 2017). The
precise prediction of surgical outcomes is, therefore, of paramount importance. Accurate
predictions set patient expectations, thereby enhancing their satisfaction with treatment.
Healthcare providers, provide valuable insights, enabling the optimization of resource
allocation and the development of more effective and personalized treatment strategies.

Traditionally, as shown in Fig. 4.1, the prediction of POP surgical outcomes has relied
heavily on conventional statistical methods. These methods have played a crucial role
in informing clinical decisions over the years. However, they grapple with limitations,
particularly when dealing with complex, high-dimensional, and non-linear data typical

of medical datasets. These characteristics of healthcare data demand methods capable
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Figure 4.1: Enhancing the performance of ML model for POP prediction via data aug-
mentation

of navigating their intricacies and capturing the underlying patterns with precision.
Over recent years, a promising shift toward the use of ML models such as Decision
Trees, Support Vector Machines, and Random Forests has been observed. These models
have shown potential in handling high-dimensional and non-linear data, with studies
demonstrating their superior predictive accuracy over traditional statistical methods
(Jelovsek, Chagin, et al. 2018).

Despite the immense promise and growing popularity of ML models, their effective
deployment in the context of POP outcome prediction is not without challenges. One of
the most significant challenges is the lack of comprehensive, high-quality, and diverse
datasets for training robust ML models. The unique characteristics of each POP case,
the wide variety of clinical presentations, and the often-subjective nature of medical

observations make the collection of representative and extensive datasets a daunting task
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(Abdi Reyhan et al. 2021). This scarcity of data, coupled with issues of privacy and
interoperability of health data systems, severely impedes the development of accurate,
reliable, and generalizable ML-based prediction models (R. J. Chen et al. 2021).

In the quest to overcome these challenges, as shown in Fig. 4.1, data augmentation
techniques have emerged as a promising solution. Initially utilized in the field of image
analysis, where they have significantly boosted the performance of deep learning models
(Shorten and Khoshgoftaar 2019), these techniques have begun to find their application
in other domains. At their core, data augmentation techniques create synthetic data
based on existing samples, enriching the dataset without the need for additional data
collection efforts. Although still in the early stages, data augmentation in healthcare has
shown promise as an effective strategy to overcome data scarcity, with studies indicating
improved model performance in tasks like disease detection and prognosis prediction
(R.J. Chen et al. 2021).

However, despite these encouraging advancements, the specific application of data
augmentation techniques to improve the performance of multi-target regression models in
predicting POP surgical outcomes remains largely unexplored. This uncharted territory
warrants exploration, given the potential of data augmentation to bridge the gaps imposed
by limited and low-quality data. By shedding light on this under-explored aspect, we can
unlock new possibilities for healthcare ML, extending beyond POP to encompass a wide
range of other applications grappling with data limitations. In conclusion, the exploration
of data augmentation techniques in healthcare ML promises to open new avenues for
research and application, bringing us closer to a future where ML is an integral part of

healthcare decision-making.

4.3 Methodology

The methodology advanced in this research showcases a novel integration of data aug-
mentation techniques into multi-target regression models. Focusing on postoperative
outcomes of POP treatment, this methodology not only contributes to enhancing the
prediction accuracy but also mitigates the challenges posed by limited or poor-quality

data in the medical domain.
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4.3.1 Data Preprocessing

Data preprocessing acts as the foundation for any robust machine-learning model. An
array of strategies ensures dataset quality, including handling missing data, managing
outliers, performing feature selection, and data scaling.

Missing data is a common issue, and the mean imputation method replaces missing
values with the mean value of the respective feature (W.-C. Lin and Tsai 2020). More
formally, if X = {x1,29,...,2,} represents a feature with m missing values, mean

imputation is performed as ( 4.1).

n

1
;= » 4.1
R dllD DR 4.1

j=1,x;#null

where z; are the missing values in feature X.

To manage outliers, the Isolation Forest method is adopted, a well-regarded algorithm
for outlier detection (Z. Cheng, Zou, and Dong 2019). Given a dataset D of d dimensions,
the Isolation Forest isolates observations by randomly selecting a feature and then
randomly selecting a split value between the maximum and minimum values of the
selected feature. The number of such random partitions is equivalent to the path length
from the root node to the terminating node. This path length averaged over a forest of

such random trees, is a measure of normality and is used for anomaly detection.

Feature selection using Random Forest Regression (RFR) allows the models to focus
on the most relevant predictors, reducing overfitting and improving performance (Reme-
seiro and Bolon-Canedo 2019). In a dataset with p features, the RFR assigns importance
scores [ = {iy,1s,...,1,} to each feature, based on which the most predictive features
are selected.

Data scaling is performed using the MinMaxScaler, which transforms features by
scaling them to a range between zero and one, ensuring the equal contribution of all

features to the prediction (V. G. Raju et al. 2020). The transformation is given by ( 4.2):

) Ti— min(X)
max(X) — min(X)

4.2)

where X = {xy,29,...,2,} isafeature,  is the scaled value

and x; is the original value.
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4.3.2 Data Augmentation: The Innovations

The data augmentation techniques constitute the main innovation in this research, directly
tackling the issue of limited and low-quality medical datasets by generating realistic,
synthetic data.

The first strategy involves adding Gaussian noise to the data. A small random variation
following a Gaussian distribution is added to each data point, thus creating new, subtly
varied instances (Qizhe Xie et al. 2020). Given a feature X = {x1, s, ..., z,}, Gaussian

noise of mean O and standard deviation ¢ is added as ( 4.3):

¥, = x; + ¢, where e ~ N (0, 0?) (4.3)

and 7, represents the augmented feature.

The second strategy employs a bootstrapping process. This statistical resampling
technique generates a new dataset by randomly sampling from the existing data with
replacement, effectively increasing the size of the training set and helping reduce overfit-
ting (Bandara et al. 2021). The bootstrap sample, from a dataset D = {d;, d, ..., d,},

is constructed as ( 4.4):

D' ={dy,d,,....d,} (4.4)

where d; are the data points sampled with replacement from D.

4.3.3 Model Selection and Training

A spectrum of regression models is trained on the augmented dataset. These models
include Linear Regression, Decision Tree Regression (DTR), RFR, Support Vector
Regression (SVR), and k-Nearest Neighbors (kNN) Regression. Each of these models
is trained using the training set obtained post data-augmentation. The models are then
evaluated on the validation set, and the performance of each model is recorded. This
allows for model selection based on performance, ensuring that the best model is selected
for predicting the postoperative outcomes.

The RFR and SVR models have hyperparameters that can greatly affect their perfor-
mance. These hyperparameters are optimized using a grid search strategy (Liao et al.

2022). The grid search strategy is an exhaustive search over a specified parameter space.
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For the RFR, the parameter space might include the number of trees in the forest, the
maximum depth of the trees, etc. For the SVR, parameters such as the type of kernel
used, the penalty parameter of the error term, etc. are tuned.

After the best hyperparameters are found using grid search, these hyperparameters are
used to train the models on the complete training dataset. The models are then evaluated
on the test dataset to obtain an unbiased estimate of the generalization performance of
the models.

This novel methodology provides a significant contribution to the application of ML
in healthcare predictions. By integrating a series of robust preprocessing steps with inno-
vative data augmentation techniques and meticulous model training, this methodology

offers an enhanced strategy for using data to improve healthcare prediction outcomes.

4.4 Results

This chapter encapsulates the findings and discoveries derived from various methodical
experiments, emphasizing the remarkable role of data augmentation techniques in enhanc-
ing the performance of multi-target regression models for predicting POP postoperative

outcomes.

4.4.1 Data Exploration and Preprocessing

The journey commenced with an exploration of the dataset’s structure, attributes, and
distribution, as illustrated by box plots shown in Fig. 4.2. The analysis underlined the
need for careful preprocessing, an integral step that involved outlier identification and

treatment, as well as standardization of the dataset, to eliminate potential biases.

4.4.2 Data Augmentation: The Innovations

Upon refining the dataset, feature selection was the subsequent significant step. Here, the
pivotal attributes contributing to the model’s predictive power were identified with the
help of the RFR algorithm, and the top 40 features were further validated by an elbow
plot shown in Fig. 4.3.

The comparative performance analysis of various regression models before and after

data augmentation revealed a significant boost in their efficiency, underscoring the
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Figure 4.2: A boxplot for each variable in the dataframe visualizes the distribution of
the data, showing the minimum, first quartile, median, third quartile, and
maximum values, along with potential outliers.

effectiveness of the implemented augmentation techniques. Graphical representations of

the improvements can be observed in Fig. 4.4.

Hyperparameter tuning using GridSearchCV led to optimal parameters for the best-
performing models, resulting in further performance enhancement. The final performance

scores are presented in Table 4.1.

Table 4.1: Optimized Model Performance After Hyperparameter Tuning
Model Score
Support Vector Regression | 0.942
Random Forest Regression | 0.728

The results affirm the proposed hypothesis, emphasizing the role of data augmentation
techniques in improving the prediction of POP surgical outcomes. The next section

further elucidates the implications of these findings within the broader healthcare context.
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where adding more clusters does not significantly improve the model.

69



4 Strengthening Diagnostic Translation

No Data Augmentation - Mean Cross-Validation Score
O T — || | .
-2

4

-8 4

-10 4

SVR KNR RFR DTR R

Gaussian Noise - Mean Cross-Validation Score

0.6 4
0.5 4
0.4 4

0.3

0.2 4

0.14

0.0 4 l
SVR RFR DTR LR KNR

Bootstrap Sample - Mean Cross-Validation Score

0.7 4
0.6 4
0.5 4

0.4 4

0.3
0.2
0.1
0.0+
RFR SVR DTR KNR R

Figure 4.4: Average cross-validation scores of each model under different data enhance-
ment techniques.

70



4.5 Discussion and Conclusion

4.5 Discussion and Conclusion

Grounded in the quest for better predictive performance in modeling POP surgical
outcomes, this research project unfolds a new path by utilizing data augmentation
techniques. By addressing the core challenge of data scarcity, the work presented here

offers a novel solution that elevates the capabilities of multi-target regression models.

Various existing research has previously proposed different methodologies to mitigate
data limitations (Caro et al. 2022; Maharana, Mondal, and Nemade 2022), yet the issue
of data scarcity remained. The innovation of this study lies in the direct confrontation of
this problem. The data augmentation techniques, namely Gaussian noise addition and
bootstrap sampling, not only addressed the limitation of data scarcity but also mitigated

the risk of overfitting in ML models, making it superior to previous solutions.

However, it is worth acknowledging the boundaries of these techniques. The Gaussian
noise method’s efficacy might dwindle when applied to datasets with discrete variables
or nonlinear relationships. Similarly, the bootstrap sampling method, while beneficial
for this study, may not be universally applicable due to its inherent assumptions. Con-
sequently, future research should explore alternative data augmentation techniques or

refine existing ones to cater to different types of datasets.

The study’s robustness is further underpinned by the application of an array of multi-
output regression models, including Linear Regression, DTR, RFR, SVR, and kNN
Regressor. This comprehensive approach allowed for the best-performing models to
be identified. Still, the potential for even superior performance from other unexplored

models or techniques can’t be dismissed, inviting future explorations in this direction.

While these techniques demonstrated significant improvements in model performance,
the study also identified potential areas for further research. Exploring other data
augmentation techniques such as SMOTE (L. Camacho, Douzas, and Bacao 2022),
ADASYN (Zhewei Chen, L. Zhou, and W. Yu 2021), or GAN-based techniques (Karras
et al. 2020) could be one such avenue. Each of these techniques presents unique methods

for generating synthetic data and could further enhance model performance.

Moreover, the examination of other ML algorithms, including neural networks or
ensemble methods, could yield valuable insights for this prediction task. Especially,

Deep learning models, given their ability to model complex relationships, might be more
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adept at providing accurate predictions. However, the data-demanding nature of these
models emphasizes the importance of data augmentation techniques.

Finally, expanding the research to other areas of healthcare, where predicting surgical
outcomes could be valuable, holds immense potential. It could aid in the development
of advanced decision-making tools, leading to improved patient outcomes and more
efficient healthcare systems.

In conclusion, this research hopes to inspire further exploration into these promising
areas and continues to drive advancements in the application of ML to healthcare. By
presenting a viable solution to the challenge of data scarcity, this research project paves

the way for improvements in patient care outcomes and efficiencies in healthcare delivery.
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5.1 Abstract

Deep Learning (DL) for protein function prediction faces significant challenges in
identifying disease-specific proteins. We present EPOP, an advanced transfer learning
framework leveraging protein language models to decode disease mechanisms. Focus-
ing on POP, which affects up to 50% of women worldwide, EPOP demonstrates Al’s
power to reveal novel therapeutic targets. We developed a sophisticated fine-tuning

protocol for the ESM-2 model, optimized for ECM protein prediction. Our architecture
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integrates specialized attention mechanisms with interpretability modules, trained on
expertly curated and balanced datasets totaling 80,000 proteins (40,000 ECM and 40,000
non-ECM). The framework employs a novel validation strategy using a 16,000-sample
independent test set and clinical proteomics data. EPOP achieved unprecedented per-
formance (99.40% accuracy) in ECM protein classification, significantly surpassing
traditional DL architectures (10.81% improvement over Transformer models, 21.71%
over Long Short-Term Memory). Applied to clinical samples, our model revealed a
previously unknown pattern of ECM remodeling, identifying 24 novel disease-associated
proteins. Model interpretability analysis uncovered specific sequence motifs and struc-
tural features critical for ECM protein function, providing mechanistic insights into
disease progression. EPOP demonstrates how advanced Al bridges molecular analysis
and clinical applications, uncovering novel therapeutic targets. Its success suggests
broader applications across ECM-related disorders, potentially transforming approaches

to diseases affecting connective tissue architecture.

5.2 Introduction

Recent advancements in Al have transformed biomarker discovery across medical fields
(Boniolo et al. 2021). ML, particularly DL, now identifies disease-specific biomarkers
inaccessible to conventional methods (Marcos-Zambrano et al. 2021; Ogunjobi et al.
2024). For example, breast cancer studies leveraging recursive feature elimination
revealed nine diagnostic biomarkers (e.g., COL10A1 and S100P), validated by qRT-PCR
with an AUC of 0.989 (Mirza et al. 2023). And integrating multi-omics data through
XGBoost classifiers uncovered cardiovascular biomarkers (RPL36AP37, HBA1) with
100% predictive accuracy (DeGroat et al. 2024), while metabolomic analysis via logistic
regression outperformed traditional amyloid-beta detection in Alzheimer’s diagnosis
using choline and lactate levels (G. ( S. Raikar, A. S. Raikar, and Somnache 2023).
Protein language models further exemplify AI’s impact, ESM-2 (Z. Lin et al. 2023) and
transformer architectures (Rives et al. 2021) enable high-throughput structure-function
analysis, culminating in tools like ESM Metagenomic Atlas (Z. Lin et al. 2023) and
AlphaFold 2 (Jumper, R. Evans, Pritzel, T. Green, Figurnov, Ronneberger, et al. 2021),

that achieve near-experimental prediction accuracy. These Al-driven approaches are
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particularly valuable for complex disorders, offering screening of thousands of potential
biomarkers simultaneously.

POP represents a significant health challenge, affecting millions of women worldwide
with a lifetime risk of surgery estimated at 12.6% to 19% (Fatton et al. 2020). This
disorder, characterized by the descent of pelvic organs into the vaginal canal, not only
impairs quality of life but also poses substantial economic burdens on healthcare systems
(Collins and Lewicky-Gaupp 2022). Despite its prevalence and impact, the molecular
underpinnings of POP remain elusive, hampering the development of effective diagnostic
and therapeutic strategies (Kluivers et al. 2023).

At the heart of POP pathogenesis lies the ECM, a complex network of proteins, glyco-
proteins, and proteoglycans that forms the structural scaffold of pelvic floor supportive
tissues (Deng et al. 2021; Guler and Roovers 2022). The ECM’s role extends beyond
mere structural support; it orchestrates cellular behavior, tissue homeostasis, and biome-
chanical properties crucial for pelvic organ support (Karamanos et al. 2021). Mounting
evidence suggests that disruptions in ECM metabolism and organization are pivotal in
POP development, manifesting as alterations in collagen composition, elastin degra-
dation, and dysregulation of matrix metalloproteinases (Tian et al. 2024; Marcu et al.
2020).

However, systematically unraveling the complex web of ECM proteins involved in
POP has proven to be challenging. Traditional experimental approaches, while valuable,
are often limited by their throughput, bias toward known proteins, and inability to
capture the full spectrum of ECM alterations (Yu Li et al. 2021). The complex nature
of the ECM, with its diverse protein components and dynamic remodeling processes,
further complicates comprehensive analysis using conventional methods (Naba 2023).
Additionally, the heterogeneity of pelvic support tissues presents analytical challenges
that can obscure subtle but significant alterations in ECM composition and organization
(Soderberg 2008; Meijerink, Van Rijssel, and Van Der Linden 2013; R. Gong and Z.
Xia 2019; Alperin et al. 2016). This knowledge gap calls for innovative strategies to
comprehensively map the ECM landscape in POP and identify novel therapeutic targets
with potential clinical applications (Z. Lin et al. 2023).

The advent of artificial intelligence, particularly protein language models like the
ESM-2, offers a transformative approach to these challenges (Z. Lin et al. 2023). Based

on Transformer architecture, ESM-2 is trained on vast, evolutionarily diverse protein
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Al-Driven ECM Protein Prediction in Pelvic Organ Prolapse
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Figure 5.1: Al-driven ECM protein prediction in POP. The figure illustrates the key
components of our analytical framework. Left panel lists six key features
of the approach: Extracellular Matrix, Al-Driven, Systematic Prediction,
Mechanism Elucidation, Experimental Validation, and Novel Perspective.
Center shows a protein structure visualization with multiple domains in
different colors. Right panel displays five key analytical outputs: ESM-2
Model Prediction, Differential Expression, Key Sites & Mutations, POP
Proteomics Data, and Diagnostic & Therapeutic Insights, each represented
by a distinctive icon and box style.

sequence databases through self-supervised learning to capture complex amino acid
contexts and intricate patterns within protein sequences (Kouba et al. 2023; Cioletti
et al. 2025). The generated representations integrate both sequence conservation patterns
and implicit structural features, enabling high-throughput unbiased prediction of protein
functions with unprecedented precision, approaching experimental precision in certain
contexts (Rives 2025; C. Zhang et al. 2024). With its innovative architecture that
integrates structural priors, ESM-2 represents a significant leap forward in our ability to
decode protein sequences and infer functional implications (Schmirler, Heinzinger, and
Rost 2023; Boadu and J. Cheng 2024).

In this study, we used the power of ESM-2 to develop a new computational framework,
the EPOP, which aims to systematically identify and characterize POP-associated ECM
proteins (Fig 5.1). By fine-tuning ESM-2 on expertly curated datasets of ECM and non-
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ECM proteins, we create a highly accurate tool capable of predicting ECM functionality
from amino acid sequences alone. We then apply EPOP to analyze proteomics data from
POP patient samples, uncovering potential key ECM proteins and evaluating their known
associations with POP pathogenesis through literature cross-validation and functional
enrichment.

Our approach not only deepens our understanding of the ECM-mediated molecular
pathogenesis of POP but also demonstrates the potential of Al-driven strategies in
uncovering novel disease-associated proteins. By bridging the gap between large-scale
protein sequence data and disease-specific molecular mechanisms, we pave the way
for more targeted experimental investigations and potential therapeutic interventions.
Moreover, the EPOP framework holds promise for extension to other ECM-related
disorders, offering a versatile tool for the systematic discovery of pathogenic mechanisms
and therapeutic targets across a spectrum of diseases.

This study represents a significant step forward in leveraging Al to decode the com-
plexities of the ECM in disease contexts, potentially revolutionizing our approach to
understanding and treating POP and related disorders. As we unravel the intricate re-
lationships between ECM composition, function, and POP pathogenesis, we open new

avenues for personalized medicine and targeted therapies in women’s health.

5.3 Materials and Methods

Our study employed a comprehensive workflow (Fig 5.2) integrating data curation,
advanced ML techniques, and biological validation to predict and characterize POP-

associated ECM proteins.

5.3.1 Data Collection and Preprocessing
5.3.1.1 ECM and Non-ECM Protein Datasets

We curated two high-confidence datasets from UniProt (“UniProt: the universal protein
knowledgebase in 2025 2025) for model training and evaluation, resulting in a balanced
dataset of 80,000 proteins (40,000 ECM and 40,000 non-ECM) to ensure class balance

and computational efficiency.
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Figure 5.2: Workflow overview showing the four main steps of the EPOP methodology.
Step 1 (Data Collection and Preprocessing) shows the retrieval of data from
GO :0031012 and UniProt. Initially, this resulted in raw datasets of 40,155
ECM-related proteins and 46,427 non-ECM proteins. These were subse-
quently cleaned, balanced to 40,000 ECM and 40,000 non-ECM sequences,
and then split into a training set (48,000 sequences), a validation set (16,000
sequences), and a test set (16,000 sequences) for model training. Addition-
ally, proteomic data from PRIDE project ID PXDO011467, comprising 22,341
PSMs from patient samples, was utilized for external validation and appli-
cation. Step 2 (Model Development and Training) illustrates three parallel
models: EPOP (fine-tuning of pre-trained ESM-2), Transformer Architecture
Model (self-attention mechanism), and LSTM Model (basic neural network).
Step 3 (Prediction and Analysis) shows EPOP’s input-output process. Specif-
ically, the trained EPOP model was applied to the PRIDE proteomic data,
identifying 40 unique UniProt IDs of proteins predicted as ECM based on the
optimal classification threshold, which will be further analyzed and validated
against existing literature. Step 4 (Model Interpretability Analysis) details
three analysis approaches: Single Amino Acid Importance Analysis, Amino
Acid Substitution Impact Assessment, and Sliding Window Analysis, which
were applied to the high-scoring peptides to identify key functional regions
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Positive dataset (ECM proteins): We initially retrieved 40,155 ECM-related proteins
annotated with the GO (Consortium 2004) term ‘“extracellular matrix organization”
(GO:0031012) and its descendant terms (Consortium 2004). While this GO term broadly
captures biological processes involved in ECM dynamics, not all annotated entries
represent true ECM components. To refine the dataset, we applied a rigorous two-step
curation strategy. Computational biologists filtered proteins based on reviewed annotation
status and high-confidence experimental evidence codes. Then, an experienced cell
biologist manually evaluated each candidate using UniProt functional descriptions and
supporting literature. Proteins were retained only if they demonstrated clear extracellular
localization and experimentally supported roles in ECM structure or regulation. Proteins
with exclusively intracellular localization, membrane-bound proteins without ECM
function, or non-secreted factors unrelated to matrix organization were excluded. From
this curated set, we randomly selected 40,000 proteins to constitute the positive class for

downstream modeling.

Negative dataset (Non-ECM proteins): We initially collected 46,427 proteins from
UniProt that lacked any ECM-related GO annotations. To further minimize the inclusion
of overlooked ECM components, we applied an additional two-step filtering procedure.
SignalP (Teufel et al. 2022) was used to exclude proteins predicted to contain signal
peptides, which often indicate secretion into the extracellular space. Then, TMHMM
(Hallgren et al. 2022) was used to remove proteins with predicted transmembrane do-
mains, thereby eliminating integral membrane proteins that may interact with the ECM
but are not themselves its structural components. From this filtered pool, we randomly

selected 40,000 proteins to constitute the negative class for downstream modeling.

To reduce sequence redundancy and enhance dataset diversity, we applied CD-HIT (L.
Fu et al. 2012) with a 30% sequence identity threshold to both datasets. This threshold is
a widely accepted heuristic in protein bioinformatics for balancing redundancy reduction
with the preservation of distinct biological information, allowing us to group likely
homologous sequences while retaining a diverse representation of protein families. By
removing highly similar sequences, this step mitigates the risk of model overfitting to
specific sequence variations and ensures that the model learns more generalizable features
indicative of ECM or non-ECM characteristics. This approach results in a dataset that

facilitates robust model training and provides a more reliable evaluation of classification
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performance by preventing artificial inflation of metrics due to highly similar sequences
in training and test sets.

In the end, the comprehensive balanced dataset of 80,000 proteins (40,000 ECM
and 40,000 non-ECM) was randomly partitioned into three mutually exclusive sets: a
training set of 48,000 sequences, a validation set of 16,000 sequences, and an independent
test set of 16,000 sequences. This random partitioning ensured that each subset was
representative of the overall protein diversity and that the test set remained completely
unseen during model training and validation phases, thereby allowing for an unbiased

assessment of generalization performance.

5.3.1.2 POP-Related Proteomic Data

We obtained proteomic data comparing vaginal wall tissues of POP patients and healthy
controls from Li et al. (X.-J. Li et al. 2019) (PRIDE (Perez-Riverol et al. 2022):
PXDO011467). Raw mass spectrometry data were processed using MaxQuant (Prianich-

nikov et al. 2020) with the following parameters:
1. False Discovery Rate (FDR) threshold: 1% at both peptide and protein levels
2. Label-Free Quantification (LFQ) for protein abundance estimation

To ensure data reliability, we implemented comprehensive quality control measures
(Fig 5.3):

1. Peptide length distribution analysis
2. Percolator PEP evaluation

3. Correlation analysis between Mascot scores and PEP values

5.3.2 Model Development and Training
5.3.2.1 EPOP Model: Fine-Tuning ESM-2

We leveraged the state-of-the-art ESM-2 protein language model (Z. Lin et al. 2023) as the
foundation for our ECM function prediction task. Specifically, we used the pre-trained
ESM-2 (650M parameters, 33 layers, URS50D) checkpoint from Meta ECM, which
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A. Peptide Length Distribution B. Calculated m/z vs -log10 Percolator PEP C. Mascot Score vs Percolator PEP
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Figure 5.3: Quality control metrics for POP proteomic data. A: Peptide length dis-
tribution histogram showing the frequency distribution of peptide lengths,
with peak frequency around 10-15 amino acids. B: Scatter plot showing the
relationship between calculated m/z values (x-axis, 400-1800) and -log10
Percolator PEP scores (y-axis, 0-14), displaying a broad distribution of pep-
tide identifications. C: Scatter plot demonstrating the correlation between
Mascot scores (x-axis, log scale) and Percolator PEP values (y-axis, log
scale), showing a strong negative correlation.

provides a powerful foundation with a large parameter count for complex biological
sequence modeling.
Our fine-tuning process employed a two-stage transfer learning approach on the

prepared training dataset (48,000 sequences):

1. Initial Adaptation

Dataset: The entire training set (48,000 sequences) was used for this stage.

* Training parameters: The classification head was trained for 4 epochs.

Batch size: 32.

* Optimizer: AdamW (Loshchilov and Hutter 2017) (learning rate: 2e-5,
weight decay: 0.01).

Objective: This stage aimed to quickly adapt the newly added classification
layer to the ECM prediction task while keeping the pre-trained ESM-2 layers

frozen.

2. Full Fine-Tuning
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» Dataset: The entire training set (48,000 sequences) was again used.

* Training parameters: The entire ESM-2 model (including pre-trained layers

and the classification head) was fine-tuned for 2 epochs.

* Batch size: 8 (with a gradient accumulation of 2, resulting in an effective
batch size of 16).

* Optimizer: AdamW (learning rate: le-5, weight decay: 0.02).

* Objective: This stage allowed for more subtle adjustments across all layers of
the pre-trained model, enabling it to capture highly specific features relevant

to ECM protein classification.

The selection of these training parameters (epochs, batch size, AdamW optimizer with
its learning rate and weight decay) was guided by empirical exploration. This approach
aimed to mitigate catastrophic forgetting and prevent overfitting, common challenges
when adapting large pre-trained models like ESM-2 to a specific classification task.
While a formal hyperparameter optimization sweep was not conducted, these settings
were carefully determined through preliminary experimentation to achieve satisfactory
convergence and ensure the reproducibility of our fine-tuning process.

Throughout both stages, model performance was continuously monitored on a held-out
validation set of 16,000 samples to assess convergence and generalization ability. The
model checkpoint achieving the best performance on the validation set was saved for

final evaluation.

5.3.2.2 Baseline Models

To benchmark EPOP’s performance, we developed two baseline deep learning models,
both trained on the same balanced dataset (training set: 48,000 sequences, validation set:

16,000 sequences).

1. Transformer model

* Architecture: Our custom Transformer model consisted of a single trans-
former encoder layer with 8 attention heads and a hidden dimension (embed-
ding size) of 128. Sequence tokenization used a vocabulary size of 27 (20

standard amino acids plus special tokens).
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* Input: Tokenized amino acid sequences.

* Qutput: Binary classification (ECM-related or not) via a final dense layer.

2. LSTM model

* Architecture: This model featured a Bidirectional LSTM layer with 32 hidden
units, followed by a dense classification layer.

* Input: Same tokenized amino acid sequences as the Transformer model.

* Output: Binary classification (ECM-related or not).

The Transformer model used the Adam optimizer with a learning rate of 5e-5 and a
batch size of 16. The LSTM model used the Adam optimizer with a learning rate of le-4
and a batch size of 128. Both baseline models were trained on the full training dataset
for 15 epochs.

The training parameters for the baseline models (epochs, batch size, and Adam
optimizer with its learning rate) were empirically determined, also taking into account
the practical limitations of the Graphics Processing Unit (GPU) environment, especially
given the comparatively slower training speed of the LSTM model. These settings were
found to facilitate effective convergence and robust performance for these deep learning
architectures on the protein sequence classification task. Similar to EPOP, while a formal
hyperparameter optimization sweep was not performed, these choices were informed by

preliminary experimentation to ensure satisfactory results and reproducibility.

5.3.3 Prediction and Functional Analysis of POP-Associated
ECM Proteins

We applied the EPOP model to predict the ECM-relatedness of peptides identified in the
POP proteomic dataset. Our analysis pipeline systematically processed this data to yield
a high-confidence list of POP-associated ECM proteins, which then underwent further
functional analysis.

Our analysis pipeline consisted of the following steps:

1. Peptide-level Prediction: The trained EPOP model was applied to each peptide
sequence identified in the PRIDE dataset (PXD011467), yielding a predicted
probability of ECM-relatedness.
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2. Threshold Application: Peptides with predicted probabilities greater than 0.168

were selected as high-confidence candidates. This threshold was previously op-
timized on our validation dataset to maximize the F1-score, ensuring a balanced

consideration of both precision and recall for ECM classification.

. Protein Identification: A multi-step process was employed to map these high-

confidence peptides to their corresponding proteins and consolidate the results.

 Peptide-to-Protein Mapping: Initial associations between PSMs and pro-
tein accessions (e.g., Ensembl IDs) were extracted directly from the raw
MaxQuant processed XML data.

* Peptide Deduplication and Consolidation: Redundant peptide entries were
deduplicated, representing each unique peptide by its best EPOP score. All
associated protein accessions for multi-mapping peptides were retained and

consolidated.

* Ensembl to UniProt Mapping: Consolidated protein accessions (primarily
Ensembl IDs) were mapped to UniProtKB entries using the UniProt ID

mapping service, facilitating retrieval of standardized annotations.

» UniProt Annotation Retrieval: Detailed functional annotations for all mapped

UniProt proteins were retrieved from the UniProt REST API.

* Protein-level Aggregation: Peptide-level predictions and UniProt annotations
were aggregated. For each unique protein (UniProt ID), the maximum EPOP
score among its corresponding peptides was assigned as its representative

ECM probability, yielding a final protein-centric table.

4. Functional Enrichment Analysis: To gain deeper biological insights into the identi-

fied POP-associated ECM proteins, functional enrichment analysis was performed
using Enrichr (Zhuorui Xie et al. 2021). Genes corresponding to the predicted pro-
teins were analyzed for overrepresentation in established biological pathways and
processes, leveraging various public databases including GO, KEGG (Kanehisa
et al. 2025), and Reactome (Milacic et al. 2024). This analysis was performed on
the full set of identified proteins, with subsequent interpretation focusing on terms

and pathways explicitly related to ECM.
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5. Literature-based Validation: To assess the biological relevance and potential nov-
elty of our predicted ECM proteins, we conducted a comprehensive literature
review. This process involved manual searches using Google Scholar and PubMed,

99 ¢

combining general terms such as “pelvic organ prolapse”, “extracellular matrix”,

2% ¢

“collagen”, “elastin”, “fibronectin”, and “tenascin” with specific protein names
or UniProt identifiers derived from our proteomic predictions. For each protein,
we carefully examined the retrieved publications to determine whether there was
clear evidence of a functional role or direct association with POP. This systematic
review allowed us to classify our predicted ECM proteins into those previously

reported in POP literature and novel candidates for the condition.

This multi-faceted comparison allowed us to assess both the reproducibility of our
findings and the potential of our approach to uncover novel POP-associated ECM pro-

teins.

5.3.4 Model Interpretability Analysis

To gain insights into the sequence features driving EPOP’s predictions, we conducted
three complementary analyses on high-confidence ECM-related peptides:
1. Single amino acid importance:
* Method: Iteratively masked each position in the peptide sequence.
* Metric: Change in predicted probability compared to original sequence.

* Visualization: Line plots of importance scores.

2. Amino acid substitution impact:

* Method: For each position, we systematically tested all possible single amino

acid substitutions.
* Metric: Change in predicted probability for each substitution.

* Visualization: Heatmaps of substitution effects.

3. Sliding window analysis:

* Method: Extracted fixed-length subsequences and obtained predictions for

each window.
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* Metric: Predicted ECM-relatedness probability for each window.

* Visualization: Score curves along peptide sequences.

These analyses provide a comprehensive view of the sequence determinants of ECM
function, offering valuable insights for future experimental studies and potential thera-
peutic interventions.

By integrating cutting-edge Al techniques with rigorous biological validation and
interpretability analyses, our methodology offers a powerful framework for uncovering

novel insights into the molecular basis of POP and other ECM-related disorders.

5.4 Results

5.4.1 Performance Evaluation of ECM Function Prediction
Models

The performance of the EPOP model on the ECM function prediction task was compre-
hensively evaluated using an independent test set of 16,000 samples (8,000 positive and
8,000 negative) that did not overlap with the training data.

EPOP achieved outstanding performance on the test set, with an accuracy of 99.40%,
precision of 99.50%, recall of 99.30%, and an Fl-score of 99.40%. These results
demonstrate the model’s robust ability to distinguish between ECM-related and non-
ECM proteins with extremely high accuracy and sensitivity, showcasing its strong
generalization ability.

To further assess the superiority of EPOP, we compared its performance with two
baseline models: a Transformer model and an LSTM model. As shown in Table 5.1,
EPOP significantly outperformed both baseline models across all evaluation metrics.
The EPOP model improves accuracy by 10.81% compared to the Transformer model
and by 21.71% compared to the LSTM model, highlighting the advantages of leveraging
pretrained protein language models in capturing evolutionary information and structural
patterns from sequences.

A more detailed evaluation, particularly focusing on the balance between precision
and recall, is provided by the F1-score. As seen in Table 5.1, EPOP (ESM-2) achieved
an F1-score of 99.40%, indicating an excellent trade-off between precision (99.50%)

and recall (99.30%). In contrast, the Transformer’s F1-score was 87.74%, reflecting a
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Table 5.1: Performance comparison of ECM function prediction models on the test set.

Model Accuracy (%) Precision (%) Recall (%) F1-score (%)
EPOP (ESM-2) 99.40 99.50 99.30 99.40
Transformer 88.59 94.78 81.67 87.74
LSTM 77.69 74.52 84.15 79.04

disparity between its high precision (94.78%) and moderate recall (81.67%), while the
LSTM, despite achieving a recall of 84.15%, showed lower precision (74.52%) leading to
an Fl-score of only 79.04%, suggesting a higher false positive rate. This comprehensive
analysis demonstrates EPOP’s superior ability to maintain high performance across
multiple critical metrics compared to baseline methods.

To provide a comprehensive visualization of EPOP’s performance characteristics,
we present a figure encompassing key evaluation aspects. This includes the PR curve
(Fig 5.4A) and the ROC curve (Fig 5.4B) at different probability thresholds. EPOP
achieved an area under the PR curve (AUPRC) of 0.999 and an area under the ROC
curve (AUROC) of 0.999, demonstrating near-perfect performance. These metrics
confirm EPOP’s outstanding ability to identify ECM-related proteins, maintaining high
accuracy and sensitivity even in the presence of imbalanced positive and negative sample
distributions.

Furthermore, Fig 5.4C illustrates the distinct distribution of EPOP’s prediction scores
for both ECM and non-ECM proteins on the test set. The model exhibited a clear
separation of scores, with positive (ECM) class scores averaging 0.992 (median: 1.000)
and negative (non-ECM) class scores averaging 0.005 (median: 0.000). This pronounced
distinction, quantified by a score separation of 0.987 (positive-negative), underscores
the model’s high predictive confidence. Fig 5.4D presents the confusion matrix at the
optimal classification threshold of 0.168. At this threshold, the model achieved high True
Positives and True Negatives, alongside very low False Positives and False Negatives,
confirming its exceptional accuracy in classifying both positive and negative instances.

To complement the primary performance metrics and guide practical application,
we further analyzed model performance across varying classification thresholds and
examined the cumulative score distributions. Fig 5.4E illustrates how accuracy, precision,
recall, and F1-score vary across different probability thresholds, highlighting the inherent

trade-offs. An optimal threshold of 0.168 was identified, which maximizes the F1-score.

87



5 Translating Molecular Insights to Clinical Relevance

A. Precision-Recall Curve (AUPRC = 0.999) B. ROC Curve (AUROC = 0.999)
1.0 1.0
---- Random Classifier ’//
0.81 0.8 ///
c 0.61 % 0.6 e
£ 0.4 § 0.4 ///
E
0.21 0.2 1 //’/
0.0 . . . . : 0.0 l . . : : .
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Recall False Positive Rate
C. Score Distribution by Class D. Confusion Matrix (Threshold = 0.168)
80001 i EEE Non-ECM
H == ECM 7000
7000 ! ——- Optimal Threshold (0.168) 5
60001 ! p 6000
N 5000 i < = 5000
= 1 %
£ 2000 i ° [ 4000
o 1 >
30001 i = -3000
20001 i § I -2000
10004 i -1000
1
* o 02 0.4 06 08 1.0 Non-ECM
Prediction Score Predicted Label
E. Performance Metrics vs Threshold F. Cumulative Score Distribution
1.0 -
1 —— Accuracy 1.04
H F1-Score
i 1 —— Precisi
o ! — reall 081
H ——- Optimal Threshold (0.168) =
0.6 ! ® Optimal F1 = 0.994 g 061
g H & — ECM
9 ! g Non-ECM
0.4 1 :g 0.4
| 2
. 3
0.24 i 0.2
1
i 0.04 —
0% 02 04 056 08 1.0 0.0 02 04 056 08 10
Threshold Prediction Score
Figure 5.4: This figure presents a detailed evaluation of EPOP’s performance on
the test set, combining core classification metrics with a thorough anal-
ysis of threshold effects. A: PR curve (AUPRC = 0.999) demonstrating
near-perfect performance with high precision maintained across most recall
values. B: ROC curve (AUROC = 0.999) illustrating excellent classification
performance, substantially outperforming random classification. C: Score
distribution by class, showing distinct prediction score distributions for ECM
and non-ECM proteins. D: Confusion matrix at the optimal classification
threshold (0.168), providing a detailed breakdown of classification outcomes.
E: Performance metrics (Accuracy, F1-score, Precision, Recall) across vary-
ing classification thresholds, highlighting the optimal threshold (0.168) that
maximizes F1-score. F: Cumulative score distributions for ECM and non-
88 ECM proteins, visually demonstrating the model’s high confidence and clear

class separation.



5.4 Results

Correspondingly, Fig 5.4F displays the cumulative distribution functions for both ECM
and non-ECM scores, further emphasizing the clear separation in prediction confidence

and reinforcing the choice of optimal threshold.

5.4.2 Prediction Results of POP-Associated ECM Proteins

The EPOP model was applied to mass spectrometry-based proteomic data from POP
patients and healthy controls (PRIDE: PXD011467) to predict the ECM-relatedness of
identified peptides. High-confidence peptides with predicted probabilities above 0.168
were selected, a threshold optimized for maximizing F1-score. These peptides were
subsequently mapped to proteins through a multi-step pipeline, consolidating unique

UniProt entries.
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Figure 5.5: Key aspects of EPOP’s protein identification and validation. A: Top
functional enrichment terms identified among the 40 predicted ECM proteins.
B: Distribution of EPOP prediction confidence for the identified 40 proteins,
highlighting the confidence levels of both literature-supported and novel
candidate proteins.

This pipeline identified 63 unique high-confidence peptides. When aggregated to
the protein level, these peptides yielded a final set of 40 unique, reviewed UniProt
proteins confidently predicted by EPOP as ECM proteins. The distribution of EPOP
prediction confidence for these 40 identified proteins is visually presented in Figure
5.5B, showcasing a strong bias towards high confidence scores. The mean EPOP score

for these proteins was 0.451, with 6 proteins achieving a score of 0.8 or higher. These
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identified ECM proteins offer crucial insights into the molecular landscape of POP within
the context of patient samples.

To biologically validate EPOP’s predictions, we conducted a comprehensive func-
tional enrichment analysis on the 40 identified proteins using Enrichr. As anticipated,
these proteins were overwhelmingly enriched in GO terms and biological pathways
directly related to the extracellular matrix. The most compelling evidence emerged from
the GO Biological Process 2021 database, where “extracellular matrix organization”
(GO:0031012) ranked as the top enriched term with an exceptionally low Adjusted
P-value of 1.88e-18. This profound enrichment strongly confirms the core identity of our
predicted proteins as central to ECM dynamics.

Furthermore, other highly significant and biologically pertinent enrichments were
consistently observed across various databases. For instance, GO Cellular Component
2021 highlighted “collagen-containing extracellular matrix” (GO:0062023, Adjusted
P-value: 4.72e-28) and “endoplasmic reticulum lumen” (GO:0005788), reflecting the
synthesis and localization of ECM components. Pathway analyses further solidified
these findings: KEGG 2021 Human showed strong enrichment in "ECM-receptor inter-
action” and “Focal adhesion”, underscoring the critical interplay between cells and their
surrounding matrix. Similarly, Reactome 2022 terms like ”Extracellular Matrix Organi-
zation”, ”Collagen Chain Trimerization”, and ”Collagen Biosynthesis And Modifying
Enzymes” were highly significant, detailing the intricate processes of collagen formation
and assembly. WikiPathways 2019 Human also pointed to "miRNA targets in ECM and
membrane receptors” and “Focal Adhesion” pathways. The comprehensive results of
these enrichment analyses are summarized in Figure 5.5A, visually demonstrating the
extensive network of ECM-related functions and pathways represented by our identified
proteins. In total, 148 significant terms were found across all queried databases, with 15
explicitly recognized as ECM-related, providing robust biological validation for EPOP’s
predictions.

We further cross-validated our identified ECM proteins against existing literature
concerning POP pathogenesis. Our comprehensive set of 40 predicted proteins was
categorized based on their prior association with POP in published studies (Table 5.2 and
Table 5.3).

Table 5.2 summarizes 16 proteins previously investigated in the context of POP, re-

vealing diverse associations including various expression patterns, structural alterations,
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or observations of no significant change in affected pelvic tissues. This set largely
comprises fundamental ECM components and key regulatory molecules. Our model
successfully identified several collagen chains, which are critical for tissue mechanical
integrity (X. Wang et al. 2002; M. Page, Hogg, and Ashhurst 1986; Drishtant Singh,
Rai, and Agrawal 2023). Literature reports varied expression profiles for these collagens,
ranging from downregulation to no significant change. Such findings underscore the com-
plex and heterogeneous nature of collagen remodeling in POP, where specific collagen
subtypes exhibit distinct responses to disease progression (X. Wang et al. 2002; M. Page,
Hogg, and Ashhurst 1986; Drishtant Singh, Rai, and Agrawal 2023). Furthermore, our
predictions include Fibronectin (P02751) and Tenascin (P24821), consistently reported
as upregulated, and Vitronectin (P04004) and Fibromodulin (Q06828), which showed
downregulation. These proteins are known to be involved in tissue repair, cell adhesion,
and matrix organization (Drishtant Singh, Rai, and Agrawal 2023; Shao et al. 2020). The
varied expression patterns of these non-collagenous ECM proteins suggest a dynamic
and intricate process of tissue repair and compensatory responses to altered biomechanics
in POP (Drishtant Singh, Rai, and Agrawal 2023; Shao et al. 2020; Hynes and Naba
2012). The accurate identification of these established ECM players, encompassing a
spectrum of reported involvements, affirms our model’s robust capacity to recognize
proteins central to POP pathogenesis and validates its biological relevance (X. Wang et al.
2002; M. Page, Hogg, and Ashhurst 1986; Drishtant Singh, Rai, and Agrawal 2023).

Table 5.3: Proteins not explicitly associated with POP in the provided literature. Func-
tional annotations were adapted from UniProtKB (“UniProt: the universal
protein knowledgebase in 2025 2025).

UniProt ID Gene Function

Q9HDC9 APMAP Involved in adipocyte differentiation and related
to fat metabolism, which may indirectly influ-
ence tissue composition.

Q15063 POSTN  Matrisome-associated protein promoting cell ad-
hesion and ECM restructuring, enhancing colla-

gen fibril formation and wound repair.
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92

UniProt ID Gene

Function

Q14112

P62820

P55290

P46939

P43121

P26038

P25092

P23946

P06681

P02768

NID2

RABIA

CDH13

UTRN

MCAM

MSN

GUCY2C

CMAL

C2

ALB

Cell adhesion glycoprotein, widely distributed in
basement membranes, binds to collagens I and
IV, perlecan, and laminin 1, likely playing a role
in cell-extracellular matrix interactions.

Key regulator of intracellular membrane traffick-
ing to the cell surface, playing a role in cell ad-
hesion and migration through protein transport.
Calcium-dependent cell adhesion protein con-
necting cells, potentially contributing to cell type
sorting.

Primarily involved in anchoring the cytoskeleton
to the plasma membrane.

Cell adhesion glycoprotein mediating endothe-
lial monolayer cohesion in vascular tissue, rel-
evant for cell-ECM interactions in vascular re-
modeling.

Connects actin cytoskeleton to plasma mem-
brane, regulating cell shape and membrane trans-
port, impacting cellular structural integrity.
Guanylyl cyclase involved in cGMP synthesis, a
signaling molecule.

Secreted protease of mast cells, implicated in ex-
tracellular matrix degradation and inflammation.
Precursor in the complement pathway, mediat-
ing pathogen breakdown and adaptive immune
system strengthening, relevant for inflammatory
responses.

Main function is blood colloidal osmotic pres-
sure regulation and transport, indirectly influenc-

ing tissue fluid balance.
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UniProt ID Gene Function

P02749 APOH Binds negatively charged substances like phos-
pholipids, potentially influencing blood coagula-
tion.

Q9UBG3 CRNN Promotes cell proliferation and cell cycle pro-
gression, regulating proliferation via inflamma-
tory cytokine responses.

QI9HOU4 RABI1B  Key regulator of intracellular membrane traffick-
ing for vesicle formation and fusion.

P02679 FGG Forms insoluble fibrin matrix, crucial for
hemostasis and early wound repair, stabilizing
lesions and guiding cell migration.

P00751 CFB A precursor of the catalytic component of the
alternative complement pathway’s C3 and C5
convertase complexes, CFB leads to pathogen
phagocytosis and breakdown, and strengthens
the adaptive immune system upon cleavage by
CFD.

P00746 CFD A serine protease that initiates the alternative
pathway of the complement system by cleav-
ing CFB, leading to pathogen phagocytosis and
breakdown, and strengthening the adaptive im-
mune system.

P00505 GOT2 Catalyzes L-kynurenine transamination, impor-
tant for NAD(H) redox balance, amino acid
metabolism, and fatty acid uptake.

000159 MYOI1C Actin-based motor molecule for intracellular
movements, linking actin cytoskeleton to mem-
branes and regulating vesicular transport.

QoUGT4 SUSD2  Putative cytokine receptor with tumor suppressor

activity, may regulate cell proliferation.
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UniProt ID Gene Function

P01024 C3 Complement C3 is a central component of the
complement system, contributing to pathogen
breakdown and immune response, processes that
are indirectly linked to inflammation and tissue
remodeling within the extracellular matrix.

Q9Y6Q9 NCOA3 A nuclear receptor coactivator that stimulates
hormone-dependent transcriptional activities
and participates in the NF-kappa-B pathway.

P08294 SOD3 Protect the extracellular space from toxic effect
of reactive oxygen intermediates by converting
superoxide radicals into hydrogen peroxide and

oxygen.

Table 5.3 presents 24 proteins that, to the best of our knowledge, have not been explic-
itly associated with POP in the current literature. Nevertheless, their annotated biological
functions, retrieved from UniProt, suggest plausible involvement in ECM integrity, cell
adhesion, tissue remodeling, immune modulation, or inflammation, positioning them as
promising novel candidates for further POP-related investigation (“UniProt: the universal
protein knowledgebase in 2025 2025).

Notably, several proteins are directly implicated in ECM architecture or cell-matrix
interactions (Shao et al. 2020). For example, POSTN (Q15063) is a well-characterized
matrisome-associated protein. Research indicates that periostin is associated with ex-
tracellular matrix remodeling during wound repair, where it is linked to enhanced cell
adhesion and promotes fibrogenic differentiation (Jackson-Boeters, W. Wen, and Hamil-
ton 2009; Shao et al. 2020; Hynes and Naba 2012). These functions are highly pertinent
to pelvic floor tissue remodeling. Similarly, NID2 (Q14112), a basement membrane
glycoprotein, profoundly influences matrix cohesion through its interactions with multi-
ple ECM components like collagens I, IV, and laminin, suggesting a central scaffolding
role in matrix cohesion (Shao et al. 2020; Hynes and Naba 2012). MCAM (P43121)
and CDH13 (P55290) further contribute to crucial cell-cell and cell-ECM adhesion
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processes, which are fundamental for maintaining tissue structural integrity (Kozlova
and Sytnyk 2024).

In addition, several proteins participate in inflammation and immune-related matrix
remodeling. For instance, CMA1 (P23946), a mast cell-derived protease, is directly
implicated in ECM degradation and the regulation of inflammatory responses, with
studies showing its extensive effects on ECM remodeling, including the suppression of
ECM-related genes and degradation of fibronectin (X. O. Zhao et al. 2022). Furthermore,
core components of the complement cascade, including C3 (P01024), CFB (P00751),
and CFD (P00746), modulate immune responses and are increasingly recognized for
their involvement in tissue remodeling processes (Pejler et al. 2010).

Proteins involved in oxidative stress response or vesicle transport also emerge as
functionally relevant. SOD3 (P08294), for instance, provides critical defense against
oxidative matrix damage in inflamed tissues by neutralizing extracellular reactive oxygen
species (Fujiwara et al. 2016). Meanwhile, RAB1A (P62820) and RAB1B (Q9HO0U4),
though classically recognized as intracellular trafficking regulators, are involved in
protein transport pathways essential for secretion and membrane dynamics, thereby
indirectly influencing cell adhesion and migration (Hongyuan Jin et al. 2021; Guadagno
and Progida 2019).

Other notable identified proteins encompass diverse functions that may contribute
to tissue homeostasis. UTRN (P46939) and MSN (P26038) are actin-binding proteins
crucial for anchoring the cytoskeleton to the plasma membrane, impacting cellular
structural integrity (Dowling et al. 2021; Ruo Wu et al. 2022). GUCY2C (P25092),
a guanylyl cyclase, plays signaling roles in intestinal epithelial cells by orchestrating
intestinal homeostatic mechanisms (Pattison et al. 2016). Even metabolic enzymes such
as GOT2 (P00505) and ALB (P02768), while not canonical ECM components, may
exert systemic effects on matrix composition through redox or fluid balance regulation
(Tatsukawa and Hitomi 2021; Gonzales et al. 2022).

Collectively, the identification of these 24 proteins, many with functions related to the
extracellular matrix, immune modulation, or structural support that have not yet been
directly studied in the context of POP, demonstrates the unique potential of the EPOP
model to reveal biologically relevant but previously unrecognized molecular candidates.
These results provide a valuable foundation for future mechanistic investigations and the

discovery of novel biomarkers in POP research beyond currently known associations.
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5.4.3 Model Interpretability Analysis

To gain deeper insights into the sequence features driving EPOP’s predictions, we
conducted a series of complementary interpretability analyses on 16 literature-validated
ECM proteins identified in our study (listed in Table 5.2). These analyses aimed to
pinpoint critical amino acids, mutation-sensitive positions, and functionally important
regions within their peptide sequences. We present the detailed results for the Collagen
Alpha-1(VI) chain (P12109) as a representative example, given its high confidence score
(0.9974) and established relevance in ECM (Fig 5.6).

5.4.3.1 Single Amino Acid Importance Analysis

We systematically evaluated the importance of each amino acid at every position for
predicting protein function. By iteratively masking individual amino acids in the sequence
and observing the resulting change in predicted ECM probability, we quantified the
contribution of each residue to the model’s discrimination.

For the representative Collagen Alpha-1(VI) Chain (P12109), the results (Fig 5.6A)
showed varying importance across its sequence. Notably, residues such as Isoleucine
(I) at position 26 (importance: 0.0090), Methionine (M) at position 27 (importance:
0.0078), and Glutamic acid (E) at position 21 (importance: 0.0056) exhibited consistently
higher importance scores. Other impactful residues included Proline (P) at position 9
(importance: 0.0053) and Proline (P) at position 2 (importance: 0.0051). This suggests
these residues, even those outside the classical Gly-X-Y motif, contribute significantly to
the overall ECM functional prediction.

While previous literature highlights Gly-X-Y repeats as critical for collagen’s triple-
helical structure where Gly residues (e.g., Glycine at position 10) are essential (Bella
et al. 1994; Shoulders and Raines 2009), our analysis also reveals the importance of
other residues and regions (e.g., positions 26-27), potentially reflecting nuances in ECM

protein folding or interactions learned by the model.

5.4.3.2 Amino Acid Mutation Effect Analysis

To explore the sensitivity of critical positions to sequence alterations and their role in

maintaining protein function, we systematically evaluated the impact of substituting each
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Figure 5.6: Interpretability Analysis of Collagen Alpha-1(VI) Chain (P12109) and

Aggregated Insights Across Multiple ECM Proteins. A: Amino acid im-
portance score plot showing varying contributions of different residues, with
peaks indicating highly important positions. B: Mutation effects heatmap
displaying the impact of amino acid substitutions at each position, with color
intensity representing effect magnitude (blue to red scale). C: Functional
region score plot showing the prediction scores across different sequence
windows, revealing regions of particular functional importance. D: Overall
Amino Acid Importance. Average importance score for each amino acid
type, aggregated across all positions in all 16 proteins. E: Overall Amino
Acid Mutation Sensitivity. Average mutation effect for each amino acid type,
aggregated across all positions in all 16 proteins.
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amino acid at every position with all possible alternative amino acids on the prediction

results. The mutation effect heatmap for P12109 is presented in Fig 5.6B.

The analysis revealed that at key positions, even single amino acid substitutions could
significantly alter the predicted ECM probability. For instance, at position 10, a Glycine
(G) to Glutamine (Q) mutation (G—Q) caused the largest decrease in ECM prediction
probability (effect: 0.0499), followed closely by Glycine to Arginine (G—R) (effect:
0.0411). Similarly, a Proline (P) at position 5 mutating to Histidine (H) (P—H) showed a
strong effect (0.0485).

These findings underscore the critical conservation of residues like Glycine and
Proline, which are essential for the structural integrity and stability of collagen’s triple
helix (Ramshaw, Shah, and Brodsky 1998; Brodsky et al. 2008). This alignment with
previous site-directed mutagenesis and functional studies (Kuivaniemi, Tromp, and
Prockop 1991) demonstrates that the model accurately captures biologically relevant

mutational sensitivities that impact collagen folding, assembly, and ECM function.

5.4.3.3 Sliding Window Analysis

To investigate the contribution of local regions to overall protein function, we employed
a sliding window approach to scan the peptide sequences and examine the functional
prediction scores of different windows. The sliding window score curve for sequence
P12109 is shown in Fig 5.6C.

The results revealed specific regions with consistently high prediction scores, indi-
cating areas of particular functional importance. For P12109, the region from positions
1-10 (GPEGPQGPPG) exhibited the highest regional ECM score (0.0306), suggesting it
carries key sequence features. Further comparison of these high-scoring regions with re-
solved collagen protein structures in the Protein Data Bank (PDB) database indicates that
they frequently correspond to repeating motifs involved in forming the collagen triple-
helix structure, as well as regions containing critical functional sites such as cleavage

sites and ligand-binding sites (Orgel et al. 2006).
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5.4.3.4 Aggregated Interpretability Insights Across Multiple ECM Proteins

Beyond the detailed single-protein analysis, we performed an aggregated interpretability
analysis across all 16 literature-validated ECM proteins to identify common sequence

determinants influencing EPOP’s predictions (Fig 5.6).

As shown in Fig 5.6D), the aggregated analysis of single amino acid importance
revealed that Tryptophan (W) consistently held the highest average importance score
(0.3825) across the 16 proteins, significantly higher than other amino acids. This high-
lights Tryptophan’s critical role in ECM protein function or recognition. Other highly
important amino acids included Tyrosine (Y) (0.1497), Cysteine (C) (0.1041), and Argi-
nine (R) (0.1027). Interestingly, while Glycine (G) is fundamental to collagen structure,
its average importance (0.0830) was lower than these specific residues, suggesting that
while indispensable for core structure, the model might assign higher discriminative

power to rarer or more functionally specialized amino acids.

Also, as shown in Fig 5.6E), the analysis of mutation effects revealed that Proline
(P) exhibited the highest overall average mutation sensitivity (0.1757), meaning that
substitutions involving Proline (either as the original or mutated amino acid) generally
caused the largest changes in prediction probability. Other highly sensitive amino acids
included Cysteine (C) (0.1705), Glycine (G) (0.1621), and Phenylalanine (F) (0.1443).
The high sensitivity of Proline and Glycine aligns with their crucial structural roles in
collagen. The sensitivity of Cysteine suggests the importance of disulfide bonds in many
ECM proteins, while Phenylalanine’s impact may relate to hydrophobic interactions
critical for protein folding and stability. These aggregated findings provide a broader
understanding of sequence determinants universally recognized by EPOP across various
ECM proteins.

These results not only demonstrate the potential of machine learning methods in
revealing protein sequence-function relationships but also provide valuable directions
and clues for experimental research and drug development in the context of POP and
other ECM-related disorders.
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5.5 Discussion

5.5.1 Implications for Understanding POP Pathogenesis and
ECM Roles

Our study represents a significant advancement in unraveling the molecular underpinnings
of POP, a condition that affects millions of women worldwide (R. Gong and Z. Xia 2019).
Using the power of advanced Al techniques, specifically the ESM-2 protein language
model, we have developed EPOP, a highly accurate tool for predicting and characterizing
POP-associated ECM proteins.

The ECM plays a crucial role in maintaining the structural integrity and function
of pelvic floor tissues (Alarab et al. 2014). Our findings provide a more nuanced
understanding of ECM alterations in POP, stemming from the identification of 40
unique ECM proteins within patient proteomic samples. This intricate pattern suggests a
fundamental disruption of the ECM structural framework affecting the biomechanical
properties of pelvic floor tissue. For instance, the literature-reported downregulation of
specific collagen chains, such as Collagen alpha-1(VI) chain (P12109) in POP patients,
suggests a direct contribution to the comprehensive weakening of the ECM structural
framework. Each collagen subtype serves distinct mechanical functions — type I provides
tensile strength, type III offers elasticity, and types V and VI regulate fibril organization
— indicating that POP involves the multifaceted deterioration of tissue integrity rather
than isolated protein defects (Nimni and Harkness 2018; Sorushanova et al. 2021; B. Sun
2021; Rossert and Crombrugghe 2002; Kuivaniemi and Tromp 2019; Darvish 2022).
This aligns with previous studies reporting decreased collagen content in POP tissues (R.
Gong and Z. Xia 2019), and our results further refine this understanding by identifying
specific collagen subtypes affected.

Conversely, the reported upregulation of tenascin (P24821) and fibronectin (P02751)
in POP patients indicates an active, albeit potentially maladaptive, remodeling process.
These matricellular proteins are known to play pivotal roles in tissue repair and cell-
ECM interactions (Guler and Roovers 2022), suggesting their increased expression may
represent a compensatory attempt to stabilize the weakened pelvic floor tissues amidst
altered biomechanics. Similarly, the observed downregulation of Vitronectin (P04004)
and Fibromodulin (Q06828) in POP tissues highlights further complex dysregulations

impacting tissue integrity and repair.
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In addition to validating known proteins, our study identified 24 new ECM proteins
potentially associated with POP These proteins have not been widely reported in POP-
related studies but are known to play important roles in ECM structure and function.
For example, POSTN (Q15063) helps organize the extracellular matrix and supports
collagen fiber formation and wound healing. NID2 (Q14112) is a key glycoprotein in
basement membranes, contributing to matrix stability and cohesion. SOD3 (P08294)
protects tissues from oxidative damage, especially in inflamed environments. Also, Some
of the newly predicted proteins are involved in immune or inflammatory pathways that
affect ECM remodeling. These include CMA1 (P23946), C3 (P01024), CFB (P00751),
and CFD (P00746). Such proteins may contribute to matrix degradation through immune-
mediated mechanisms. These findings expand our understanding of the molecular

changes in POP and provide new targets for future research and biomarker development.

5.5.2 Advantages and Challenges of Al-Based Disease
Protein Discovery

Our study showcases the immense potential of Al-based methods in advancing our
understanding of complex diseases. The EPOP model’s ability to predict ECM-related
proteins with high accuracy (99.40%) and its superior performance compared to tradi-
tional machine learning approaches highlight the power of transfer learning and protein
language models in capturing the intricate patterns within protein sequences.

The approach offers numerous advantages for protein discovery in disease contexts.
The unbiased nature of our method enables the identification of novel POP-associated
proteins beyond those targeted in hypothesis-driven approaches. EPOP’s computational
efficiency allows rapid screening of entire proteomes, making comprehensive analyses
feasible at scales impractical with conventional techniques. The interpretability analyses
we implemented provide valuable insights into sequence features driving predictions,
bridging the gap between computational outputs and biological understanding. Addition-
ally, by leveraging ESM-2’s pre-training on millions of evolutionarily diverse protein
sequences, EPOP captures subtle sequence-function relationships that would remain
invisible to conventional analysis techniques (Z. Lin et al. 2023; Meier et al. 2021).

Despite these strengths, several limitations remain. A major limitation is the absence of

direct wet-lab or histological validation for the newly identified ECM protein candidates.
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Although our computational framework offers strong predictions of disease-associated
proteins, their specific biological roles and clinical relevance in POP still require rigorous

experimental confirmation.

Another important challenge lies in the construction of the negative training set.
Our approach defined non-ECM proteins based on the absence of ECM-related GO
annotations, further filtered by SignalP and TMHMM to exclude proteins with signal
peptides or transmembrane domains. While this strategy enhances label clarity, it
introduces the risk of annotation bias: proteins that are truly ECM-related but lack
comprehensive or up-to-date annotations (e.g., newly discovered ECM regulators or
atypical secreted factors) may have been mistakenly labeled as negative. Consequently,
the model might be penalized during training for correctly identifying such proteins,
potentially limiting its ability to generalize to unannotated or unconventional ECM
components. This highlights a fundamental challenge in supervised learning based on

imperfect biological annotations.

Furthermore, the interpretability analyses, while insightful, are also subject to potential
biases originating from both the model and the datasets. The ESM-2 model, pre-trained
on a broad protein corpus, may reflect inherent biases from its training data distribution,
which could influence the specific sequence features highlighted as important for ECM-
relatedness. Furthermore, biases within our specific datasets, such as potential limitations
in UniProt annotations used for model training or the characteristics of the POP patient
proteomic samples (e.g., sample size, heterogeneity, technical detection limits), might
affect the generalizability and robustness of the interpretability findings. While our
analyses offer valuable initial insights into ECM protein characteristics, these inherent
data and model biases should be considered when interpreting the precise sequence

determinants and warrant further validation in diverse contexts.

Moreover, ESM-2 has inherent limitations when applied to ECM proteins, their high
molecular weight, repetitive motifs, and extensive post-translational modifications may
not be fully captured by sequence-based models alone, potentially affecting prediction

accuracy for certain protein classes.
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5.5.3 Future Directions

To further advance our understanding of POP and translate our findings into clinical
applications, we propose several key directions for future research.

Initial efforts should focus on experimentally validating the newly identified POP-
associated proteins, to determine their biological relevance and clinical potential. We
propose a stepwise experimental pipeline combining multiple approaches: (i) immunohis-
tochemical staining of pelvic support tissues from POP patients and healthy controls to
assess spatial expression patterns; (ii) quantification of protein levels using Western blot
(S. C. Taylor and Posch 2014) on tissue lysates or biological fluids; (ii1) in vitro functional
assays using mechanically stressed fibroblasts (Kessler et al. 2001), with knockdown or
overexpression of target proteins, to evaluate their role in ECM remodeling; and (iv) in
vivo validation using animal models of pelvic floor dysfunction to assess their impact on
tissue integrity and disease progression. This multi-level approach will help establish the
mechanistic roles of these proteins in POP pathogenesis and evaluate their suitability as

biomarkers or therapeutic targets.

Moving beyond individual proteins, we can integrate our proteomic data with transcrip-
tomic and metabolomic profiles from matched POP samples. This multi-omics approach
will help us map the regulatory networks controlling ECM remodeling and identify the
upstream factors driving the ECM changes we observed. Rather than merely addressing
the downstream manifestations of ECM dysfunction, this systems biology perspective
could uncover novel intervention points that address the root molecular causes of pelvic

floor weakening.

We also can enhance our computational analyses using advanced interpretability
methods that can extract biological meaning from our Al model’s predictions. By
analyzing how specific protein domains and structural motifs influence our model’s
classification decisions, we expect to uncover previously unrecognized protein interaction
networks crucial for maintaining pelvic floor integrity. These computational insights will
guide our experimental focus and may reveal unique binding interfaces for targeted drug
development.

Also, we see considerable value in applying the EPOP framework to related pelvic
floor disorders, particularly stress urinary incontinence. Our preliminary analyses suggest

overlapping molecular mechanisms between these conditions. A systematic comparison
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could identify core pathological processes common to multiple pelvic floor disorders, po-
tentially leading to broad-spectrum therapeutic approaches that address several conditions
simultaneously.

Beyond direct applications to closely related pelvic floor disorders, the EPOP frame-
work, built on ESM-2, also holds strong potential for extension to other, more diverse
ECM-related disorders, including fibrotic diseases (Wynn 2008), cardiovascular condi-
tions involving ECM remodeling (Kong, Christia, and Frangogiannis 2014), and certain
cancers (Pickup, Mouw, and Weaver 2014). However, applying the model to different
disease contexts or populations requires careful adaptation. ECM structure and molecular
mechanisms vary across diseases, and a model trained on POP data may not generalize
directly. Likewise, factors such as genetic background, age, and ethnicity influence ECM
composition and disease manifestation, underscoring the need for validation in diverse
cohorts. For new applications, the classification head of EPOP should be fine-tuned using
disease-specific, high-quality proteomic datasets. Integration of relevant biological fea-
tures and thorough experimental validation would also be essential to ensure prediction
accuracy and clinical relevance.

Longitudinal studies tracking changes in ECM protein expression throughout disease
progression could identify early biomarkers for POP risk assessment. Such markers might
enable preventive interventions before significant tissue deterioration occurs, particularly
in high-risk populations with genetic predispositions or following traumatic childbirth.

The development of targeted therapeutic strategies represents the ultimate translational
goal of this research. Approaches might include promoting the expression of downreg-
ulated collagens, modulating the activity of matrix metalloproteinases, or enhancing
crosslinking of existing ECM components to improve tissue strength and resilience. The
integration of these research directions could significantly advance our understanding of
POP pathogenesis and lead to novel diagnostic and therapeutic approaches.

Despite these promising avenues, there are several barriers to clinical translation,
including the current lack of routine ECM protein testing in clinical practice. However,
as personalized medicine advances and the importance of the ECM in various diseases
becomes more recognized, the integration of proteomic research in clinical settings could
yield significant benefits for millions of women affected by this condition worldwide.

In conclusion, our study demonstrates the power of Al-driven approaches in uncov-

ering novel insights into complex diseases like POP. By combining advanced machine
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learning techniques with rigorous biological validation, we have not only deepened
our understanding of POP pathogenesis but also paved the way for future research into
ECM-related disorders. As we continue to refine and expand this approach, we anticipate

significant advancements in the diagnosis, prognosis, and treatment of POP.

5.6 Conclusion

In this study, we have demonstrated the remarkable potential of Al-based methods,
specifically the ESM-2 protein language model, in predicting POP-associated ECM
proteins and elucidating their functional roles in disease pathogenesis. By leveraging
transfer learning and fine-tuning the ESM-2 model on expertly curated datasets, we
developed EPOP, a highly accurate and efficient model for identifying proteins with high
ECM functional relevance from their amino acid sequences.

The application of EPOP to POP patient-derived proteomic data revealed a set of novel
POP-associated ECM proteins, potentially playing crucial roles in ECM remodeling and
metabolic dysregulation underlying POP pathogenesis. Functional enrichment analyses
supported the biological significance of these predicted proteins by highlighting their
involvement in key ECM-related processes and pathways.

A comparison of our predicted POP-associated ECM proteins with previous research
findings provided strong evidence for their biological relevance. The substantial overlap
with known associations reported in previous studies, as well as the identification of
novel proteins implicated in other ECM-related disorders, underscores the value of our
approach in uncovering new insights into POP pathogenesis.

Our study highlights the immense potential of Al-based methods in advancing our
understanding of complex diseases and facilitating the discovery of novel disease-related
proteins. The ability of deep learning models to learn rich representations from vast
amounts of protein sequence data has revolutionized the field of protein function predic-
tion. Our fine-tuning approach demonstrates the feasibility and effectiveness of adapting
pre-trained language models to specific disease contexts, enabling the identification of
novel disease-associated proteins and the exploration of their functional roles.

This promising methodology now needs to be translated into clinical practice, where
its potential to enhance diagnostic and therapeutic strategies can be fully realized. Future

work should focus on experimental validation of predicted proteins, integration with
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other omics data, and development of targeted interventions based on these findings. As
we continue to refine and expand this approach, we anticipate significant advancements
in the diagnosis, prognosis, and treatment of POP, ultimately improving patient outcomes

and quality of life.

5.7 Data and Material Availability

To promote transparency, reproducibility, and further research in this field, we have made
the datasets, trained models, and code used in this study publicly available on GitHub.
The repository can be accessed at: https://github.com/Atobelin/EPOP. The repository

contains the following resources:

1. Datasets: The curated datasets of ECM and non-ECM proteins used for model

training and validation.

2. Code: Python scripts for data preprocessing, model training, evaluation, and

interpretation.
3. Model: The EPOP model, which can be directly loaded and applied to new datasets.

We encourage researchers to use, adapt, and build upon these resources for further
investigations into POP and other ECM-related disorders. If you use the datasets, models,
or code from this repository, please cite our paper. Please contact the corresponding

author for any questions, suggestions, or collaborations.
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Table 5.2: Cross-validation of Literature Can Support Proteins.

UniProt ID Protein Name

Expression in POP

P12111
P02458
Q99715
Q15582

P98160

Q05707

P22105
P12109
P04004
Q06828
P02751

P24821

Q12805

P08123

P08572

P05997

Collagen alpha-3(VI) chain
Collagen alpha-1(II) chain
Collagen alpha-1(XII) chain
Transforming growth factor-
beta-induced protein ig-h3
Basement membrane-specific
heparan sulfate proteoglycan
core protein

Collagen alpha-1(XIV) chain
Tenascin-X

Collagen alpha-1(VI) chain
Vitronectin

Fibromodulin

Fibronectin

Tenascin

EGF-containing fibulin-like

Collagen alpha-2(I) chain

Collagen alpha-2(IV) chain

Collagen alpha-2(V) chain

Different expression patterns
(Yagian Li et al. 2021)
Different expression patterns
(Yaqian Li et al. 2021)
Extensive changes (Yaqian Li
et al. 2021)

Extensive changes (Yaqian Li
et al. 2021)

Extensive changes (Yaqgian Li
et al. 2021)

Differentially expressed
(Yaqian Li et al. 2021; X.-J.
Liet al. 2019)

Differentially expressed (X.-J.
Liet al. 2019)
Downregulated (Yaqian Li et
al. 2021; Goepel et al. 2011)
Downregulated (Goepel et al.
2011)

Downregulated (X.-J. Li et al.
2019)

Upregulated (Yagian Li et al.
2021; X.-J. Li et al. 2019)
Upregulated (X.-J. Li et al.
2019; Goepel et al. 2011; Mar-
tina et al. 2010)

Significant enrichment (Em-
merson and Gargett 2016; Zi-
wei Xie et al. 2025)

No significant change (Yaqgian
Li et al. 2021; X.-J. Li et al.
2019; Goepel et al. 2011)

No significant change (Goepel
etal. 2011)

No significant change (Goepel
etal. 2011)
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This chapter is based on the manuscript: Yanlin Mi*, Arpit Shukla, Mark Tangney, Sabin
Tabirca and Venkata VB Yallapragada. Protein Design Enters the AI Era: Foundations,
Tools, and Emerging Paradigms.

Manuscript currently under submission.

I made the primary contribution to this work through conceptualization, data curation,
formal analysis, investigation, resource provision, and writing of both the original and

revised drafts.

6.1 Abstract

Al has transformed protein engineering by leveraging DL, protein language models and
knowledge graphs to decode relationships between sequence, structure, and function.
Models like AlphaFold2 achieve near-experimental accuracy in structure prediction,
while transformer-based language models facilitate de novo sequence design under
functional constraints. Al enhances therapeutic protein engineering, enzyme catalysis
and synthetic biology, accelerating the transition from in silico design to experimental
validation. These advances have catalyzed breakthroughs across healthcare, industrial
biotechnology and environmental applications, driving pharmaceutical partnerships ex-
ceeding USD 2.2 billion by late 2023 and propelling the protein engineering market
toward a projected USD 20.86 billion valuation by 2034. Despite successes, chal-
lenges remain in model interpretability, training data biases and integration of Al with
experimental pipelines. This review examines the Al methodologies shaping protein
design, translational applications and emerging frontiers that will define the next phase

of innovation in synthetic biology, personalized medicine and sustainable biotechnology.
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6.2 Landscape of Proteins-Al

The global protein engineering market size accounted for USD 4.35 billion in 2024, grew
to USD 5.09 billion in 2025, and is expected to be worth around USD 20.86 billion by
2034, poised to grow at a Compound Annual Growth Rate (CAGR) of 16.97% between
2024 and 2034 (Precedence Research 2024). This expansion is driven by increasing
demands across pharmaceutical, biotechnology, and industrial sectors for precisely
engineered proteins with enhanced or novel functions (Walker, V. V. Yallapragada, and
Tangney 2021). Engineered proteins, which encompass both rationally modified natural
proteins and de novo designed proteins, represent a cornerstone of modern biotechnology.
While engineered proteins typically involve modifications to existing protein scaffolds to
enhance specific properties, designer proteins represent a more ambitious frontier where
entirely novel protein structures and functions are created from scratch. This distinction
is particularly relevant as Al technologies increasingly enable both the optimization of

natural proteins and the creation of unprecedented protein architectures.

Proteins are nature’s molecular machines, orchestrating virtually every biological
process through their remarkable diversity of functions. From catalyzing complex
chemical reactions to transmitting cellular signals and providing structural support,
proteins are fundamental to life itself(A. Johnson, Rohlfs, and Silverman 1999; Karplus
and Kuriyan 2005; Branden and Tooze 2012). Their functionality derives from precisely
folded three-dimensional structures, determined by specific sequences of amino acids.
This intricate relationship between sequence, structure, and function has long fascinated
scientists and engineers, driving efforts to design proteins with novel and enhanced
capabilities(Q. Shi et al. 2023; Bepler and Berger 2021; Park, Metzger, and J. W.
Thornton 2024).

The significance of protein design extends far beyond academic interest. In medicine,
engineered proteins form the basis of numerous therapeutics, from insulin analogs to
monoclonal antibodies. Al-driven companies like AbCellera successfully developed
COVID-19 antibody treatment (bamlanivimab) and are accelerating this field (Tuccori
et al. 2021). In industrial biotechnology, engineered enzymes designed by companies
such as Zymergen and Ginkgo Bioworks catalyze processes from biofuel production to
waste treatment(R. Saini et al. 2020). Recent achievements highlight the field’s potential:

researchers have created antibody nanocages that enhance therapeutic delivery(Divine et
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al. 2021; S. A. Kim et al. 2023), developed novel protein assemblies with programmable
geometries(Jie Zhu et al. 2021; Kortemme 2024), and engineered protein-based molecular
machines with sophisticated functions(Y. A. Khan, White, and Brunger 2022).

The commercial landscape for Al in protein design is expanding at an unprecedented
rate, underscored by a surge in high-value partnerships between Al-native biotechnology
companies and established pharmaceutical giants. As shown in Table 6.1, these collabora-
tions, often involving potential milestone payments exceeding a billion dollars, highlight
the industry’s conviction in AI’s potential to break through longstanding bottlenecks in
drug discovery (Dealmakers 2024; Nagra et al. 2023). The following table provides an
overview of some of the most significant recent partnerships, moving beyond a simple
market summary to analyze the specific Al applications being deployed and the core
technical challenges these collaborations aim to solve. Analysis of these partnerships
reveals several key trends. First, the financial commitments are substantial, indicating
that Al-driven design is now a central pillar of pharmaceutical research and development
strategy. Second, the scope of these deals is broad, targeting not only antibodies but also
the historically challenging domain of small molecule design (as seen in the Isomorphic
Labs collaborations). Third, the focus is increasingly on generative approaches; creating
novel molecular structures rather than simply screening existing ones. However, the
”Key Technical Challenge” column underscores a critical reality: while Al models can
generate promising candidates, ensuring these digital designs translate into safe, effective,
and manufacturable drugs remains the primary hurdle for the entire field.

Traditional approaches to protein design have relied heavily on rational design and
directed evolution. Rational design attempts to predict beneficial mutations based on
structural knowledge and biochemical principles, while directed evolution mimics natural
selection in the laboratory to optimize protein properties. These methods, while powerful,
face significant limitations. The complexity of protein folding, the vast sequence space
to explore (20'% possible sequences for a modest 100-amino-acid protein), and the
intricate relationships between sequence, structure, and function have historically made
protein design a challenging endeavor(Korendovych and DeGrado 2020; Kuhlman and
P. Bradley 2019a).

The emergence of Al has initiated a fundamental transformation in protein design
methodology. This revolution began with improvements in protein structure predic-

tion, exemplified by AlphaFold 2’s breakthrough in achieving near-experimental accu-
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Table 6.1: Overview of Recent Major Al-Driven Drug Discovery Partnerships

Date Al  Com- Pharma Therapeutic Value AI Application Key Challenge
pany Partner Focus
Jan Isomorphic Eli Lilly Multiple $1.7B Structure-based genera-  Bridging the gap from in
2024 Labs Small tive design of novel small  silico binding predictions
Molecules molecule drugs. to successful in vivo effi-
cacy and safety.
Jan Isomorphic ~ Novartis Multiple $12B Predicting protein struc-  Accurately  predicting
2024 Labs Small tures and designing novel ~ADME/Tox properties
-Molecules chemical entities. computationally to
reduce downstream
failures.
Jan Generate Amgen Multiple $1.9B Generative Al platform  Designing complex
2024 Biomedicines Therapeu- (Chroma) to create novel  biologics with specific
tic Areas protein-based therapeu- functions, stability, and
tics. low immunogenicity
from scratch.
May Absci Merck Oncology $610 M De novo design of thera-  Creating novel antibod-
2024 peutic antibodies against  ies with optimal binding
specified targets. affinity and developabil-
ity characteristics.
Nov BioMap Sanofi Multiple $1B Modeling the immune Mapping complex biolog-
2023 Therapeu- system to discover and ical systems to identify
tic Areas design novel biologics. novel targets and predict

therapeutic effects.

Total Potential Milestone Payments

2,222 miillion dollars
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racy(Jumper, R. Evans, Pritzel, T. Green, Figurnov, Ronneberger, et al. 2021; Abramson
et al. 2024). This advance has been complemented by developments in protein language
models(Nijkamp et al. 2023; Ferruz, Schmidt, and Hocker 2022; Z. Lin et al. 2023) and
DL approaches that can generate novel protein sequences with desired properties(Notin
et al. 2024; Anishchenko et al. 2021). The impact of these technologies extends beyond
mere computational improvements; they have fundamentally changed how we approach
the protein design problem.

Al methods are starting to advance protein design through several transformative
capabilities. Deep learning approaches enable rapid exploration of vast sequence spaces
through efficient sampling algorithms that learn from existing protein structures and
sequences. These methods allow direct optimization of protein properties through
differentiable models that can be trained end-to-end. Additionally, Al facilitates the
integration of multiple data modalities, including sequence, structure, and functional
information, providing a more comprehensive approach to protein design. The technology
also enables the automated design of complex protein architectures previously considered
impossible to engineer(Notin et al. 2024; Jumper, R. Evans, Pritzel, T. Green, Figurnov,
Ronneberger, et al. 2021; Abramson et al. 2024).

Consider the example of de novo protein design, where Al has enabled the creation
of proteins with entirely novel folds. Traditional methods typically began with known
protein structures and made incremental modifications. In contrast, Al approaches can
generate completely new protein architectures by learning the fundamental principles
of protein folding from existing structures. This capability was demonstrated in re-
cent work where researchers used DL to create protein structures with unprecedented
geometric complexity, including protein rings, cages, and lattices with precise specifica-
tions(Shunzhi Wang et al. 2024; Schmid et al. 2023; Jie Zhu et al. 2021; Suwardi et al.
2022).

In summary, the confluence of Al technologies with protein design has ushered in a new
era of possibilities in protein engineering. From enhanced structure prediction capabilities
to sophisticated sequence generation models, Al methods have started to fundamentally
alter both the scope and efficiency of protein design. These advances have enabled
unprecedented achievements in therapeutic development, industrial applications, and
fundamental protein science. As shown in Fig 6.1, the following sections delve into the

key Al technologies driving these advances, examining their technical implementations,
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A Comprehensive Overview of Al-driven Protein Design

Core Technologies AlphaFold ProtGPT2 Key Tools
ProteinMPNN ProGen2 RoseTTAFold
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OmegaFold EvoBind

-na Language Models
el

.
Knowledge Graphs H}‘_‘j ‘—:b'/;%{f}\vf ESM-2 PROFASA

éf. Molecular Dynamics [/ NN \e <
Y x ;)p'g L PS-GO ColabFold
[t \"P y . “ y-2
1 7\;;; '»:/) = B
== ¥ A%
Therapeutics J\[/{b Z»?S\- =y $74 1B+ $2 AT+
—
2 % Therapeutic Protein Food Proteins
Antibody Design . Market (2034) (2030)
Industrial
Drug Development
. i a i Environmental
Vaccine Engineering Enzyme Design
Process Optimization i Tt $14SB+ 1697% $228+
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Figure 6.1: A comprehensive overview of Al-driven protein design. The diagram is
organized into several key sections: on the top left, it lists core technologies
including DL (with CNN, GNN, and Attention mechanisms), language mod-
els, knowledge graphs, and molecular dynamics; at the center, it features a
colorful 3D protein structure illustration; the top right shows key tools includ-
ing AlphaFold, RoseTTAFold, and ESM-2. The lower left section outlines
three major application domains (therapeutics, industrial, and environmental)
with their specific use cases. Additionally, the market impact is highlighted
in the lower right.

practical applications, market impact and the challenges that lie ahead. We begin by
exploring the core Al methodologies that form the foundation of modern protein design,
including DL architectures, protein language models, and knowledge graph frameworks,
before proceeding to discuss their practical implementations and impact across various

domains.
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6.3 Key Al Technologies in Protein Design

The transition from traditional computational methods to Al-driven approaches has been
enabled by advances in four key areas: DL architectures, protein language models,
knowledge graph technologies, and the integration of molecular dynamics simulations.
Understanding these foundations is crucial for appreciating the current capabilities and
future potential of Al in protein design. Each of these technological pillars contributes
unique capabilities to the protein design process, from structure prediction and sequence

optimization to dynamic behavior analysis and knowledge integration.

6.3.1 Deep Learning Architectures

The evolution of DL architectures in protein design has been marked by increasingly com-
plex approaches to handling the complex hierarchical nature of protein structures(Pearce
and Yang Zhang 2021; Jingxue Wang et al. 2018; W. Gao et al. 2020; Dauparas et al.
2022). The implementation of these architectures has revealed several key innovations in
network design and training methodologies, particularly in the realm of CNN and their
adaptations for protein structure analysis(Yuan Zhang et al. 2020).

Modern CNN architectures have evolved to incorporate dilated convolutions specifi-
cally designed for protein structure analysis(Yuan Zhang et al. 2020; Ferruz, Heinzinger,
et al. 2023). As shown in Fig 6.2 (A), these networks employ a complex multi-scale
approach, utilizing various dilation rates simultaneously to capture structural patterns
at different spatial scales. A typical implementation employs dilation rates of 1, 2, 4,
and 8, enabling the network to process both local and long-range structural patterns
effectively. The architecture is further enhanced by residual connections between dilated
convolutional layers, which maintain robust gradient flow during training while process-
ing extended structural patterns(Torrisi, Pollastri, and Le 2020; W. Gao et al. 2020; Jisna
and Jayaraj 2021).

Advanced CNN architectures designed specifically for protein analysis incorporate
multiple parallel convolutional streams, each dedicated to processing distinct structural
features. One stream focuses on backbone angle predictions, while others simultaneously
process side chain orientations and contact maps. These streams are complemented
by specialized pooling operations that successfully reduce computational complexity

while preserving critical structural information. The architecture’s effectiveness is further
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Figure 6.2: Three DL architectures are used in protein design. (A) The CNN section

shows a typical feed-forward network architecture. The input layer receives
sequence, multiple sequence alignment, and structure information, processes
it through multiple hidden layers, and ultimately predicts protein function,
protein-protein interactions, and structural information in the output layer.
The network features dense connections for forward information propagation.
(B) The GNN section demonstrates how protein graph representations are
processed across multiple layers. From Layer O to Layer 3, each layer
contains multiple nodes connected by lines to form a graph structure. The
nodes’ color gradually deepens from Layer O to Layer 3, representing the
progression and update of information through the graph network. (C) The
Attention section displays a simplified attention layer architecture. It shows
five input nodes on the left and five output nodes on the right, connected by
sparse lines representing attention weights, demonstrating how the model
selectively attends to different input information.

enhanced by attention-gated convolutions, which dynamically adjust filter weights based

on the local structural context of each protein region(Nazem et al. 2024; Arya and
Sriparna Saha 2021; Zohora et al. 2019).
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GNN 1n protein design have undergone significant evolution, now incorporating
complex edge features and message-passing schemes(Réau et al. 2023; Z. Gao, Tan,
and S. Z. Li 2022). Contemporary implementations utilize comprehensive edge features
that encode both covalent and non-covalent interactions. These features capture the full
spectrum of molecular interactions, including hydrogen bonds, hydrophobic interactions,
and electrostatic forces. As shown in Fig 6.2 (B), the networks implement multiple
rounds of message passing with learned update functions, allowing for sophisticated
information propagation across the protein structure. The architecture is completed
by hierarchical graph pooling operations that maintain the essential aspects of protein
topology while reducing computational complexity(S. Zhang et al. 2023; Shuyu Wang
et al. 2023).

A significant breakthrough in GNN architecture has been the development of equivari-
ant GNN. These networks maintain geometric invariances crucial for protein structure
prediction through the implementation of SO(3)-equivariant layers. These specialized
layers process geometric features while preserving rotational invariance, a property that
has proven essential for accurate structure prediction and validation(Dhakal, Gyawali,
and J. Cheng 2023; Jing et al. 2021; F. Wu et al. 2023).

6.3.2 Diffusion-Based Generative Models

Recently, diffusion-based generative models have emerged as a powerful new paradigm
for protein design, representing a significant leap in generating novel protein structures.
These models operate by learning to reverse a noise-addition process. During training,
they learn to denoise a structure, starting from a random cloud of atoms and gradually
refining it into a physically coherent protein backbone. This approach is revolutionary
because it is not constrained by existing protein templates or folds, enabling true de novo
design of entirely novel architectures.

A prominent example is RFdiffusion, which has demonstrated the ability to generate a
wide range of complex and functional protein topologies with high atomic accuracy. A
key advantage of this framework is its ability to be conditioned. Designers can specify a
functional motif, such as an enzyme active site or a binder interface, and RFdiffusion
can generate a novel protein scaffold built precisely around it—a task known as motif-

scaffolding. This capability has profound implications for designing bespoke enzymes,
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therapeutics, and protein-based materials (Watson et al. 2023). Complementary tools like
EvoDiff apply the diffusion concept to generate new protein sequences, further expanding
the toolkit for generative protein engineering (Alamdari et al. 2023). To provide a clearer
understanding of how these different architectures contribute to specific protein design
objectives, Table 6.2 summarizes their primary applications, representative tools, and
inherent strengths and limitations. This comparative overview highlights the shift from
discriminative models used for analysis to generative models that are now capable of

creating novel proteins from scratch.

Table 6.2: Comparative Overview of Key Deep Learning Architectures in Protein Design

Model Archi- Representative Primary Protein Design  Strengths Limitations

tecture Tool(s) Application(s)

GNN ProteinMPNN Designing sequences that  Excels at capturing the 3D lo-  Requires a given back-
fold into a predefined back- cal environment of residues  bone; cannot generate
bone structure for high-fidelity sequence re-  novel folds

covery

Language Mod- ESM-2, Pro- Generating novel sequences  Learns functional patterns Indirect control over

els Gen2 based on learned evolution-  from vast sequence data with- 3D structure; generated
ary patterns out needing structures sequences may not fold

correctly

Diffusion Mod-  RFdiffusion Generating novel protein  Generates entirely new folds ~ Computationally inten-

not seen in nature; can be pre-
cisely conditioned

sive; ensuring biologi-
cal function remains a
challenge

els backbones from scratch,
with or without functional
constraints (motif scaffold-
ing)

Recent innovations in attention mechanisms have substantially improved protein de-
sign capabilities(Z. Niu, Zhong, and H. Yu 2021). Advanced implementations now
utilize axial attention mechanisms that separately process spatial and channel dimen-
sions, allowing for more efficient and effective feature extraction. These systems are
complemented by multi-head attention mechanisms, where different heads specialize
in detecting various types of structural patterns. The effectiveness of these attention
mechanisms is further enhanced by gradient-guided attention systems, which utilize
backpropagated gradients to focus computational resources on functionally important
regions of the protein structure(Lifan Chen et al. 2020; L. Wei et al. 2021).

These sophisticated attention mechanisms have been particularly revolutionary in
capturing the complex dependencies in protein structures. As shown in Fig 6.2 (C),

position-specific attention weights now incorporate both sequence and structural context,
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enabling the model to learn subtle relationships between distant residues that may
be spatially proximate in the folded structure. This has proven especially valuable
for understanding allosteric effects and long-range interactions that influence protein
function(T. Gong et al. 2023; Pang and B. Liu 2020; H. Wu et al. 2024).

The integration of structure-aware attention has led to significant improvements in mod-
eling protein conformational changes. By incorporating distance matrices and contact
maps into the attention computation, these mechanisms can better capture the physical
constraints and dynamic nature of protein structures. This has enabled more accurate
prediction of protein flexibility, conformational switches, and interaction interfaces(Can
Chen et al. 2023; Shuangli Li et al. 2021).

Furthermore, recent implementations have introduced hierarchical attention schemes
that operate at multiple structural levels - from local backbone geometry to domain-level
organization. This multi-scale approach allows the model to simultaneously consider both
fine-grained atomic interactions and larger-scale architectural features that determine
protein stability and function. The attention weights at each level are dynamically
adjusted based on the specific design task, whether it’s optimizing binding interfaces,
engineering allosteric regulation, or designing novel folds(Gu et al. 2023; Vig et al. 2020;
Rives et al. 2021).

6.3.3 Protein Language Models

As shown in Fig 6.3, by analogy with the English language model, we can easily un-
derstand the Protein language model. Modern protein language models have achieved
remarkable advances through sophisticated architectural innovations and training strate-
gies(Chowdhury et al. 2022). The training process has evolved to incorporate multiple
complementary objectives that enhance the models’ understanding of protein structure
and function. These objectives include structure-aware masked token prediction, which
strategically masks portions of protein sequences to force the model to learn structural
patterns. This is complemented by domain-adapted next sentence prediction tasks that
help the model understand the relationships between different protein domains. Addi-
tionally, contrastive learning between sequence and structure representations has proven
particularly effective in developing rich, informative protein embeddings (Ferruz and
Hocker 2022; Bepler and Berger 2021).
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A. Control tag Al Model Generated English sentence

Politics '—‘ English

language

Sports '—‘ model —— Lakers win NBA championship in overtime
G
B. Control tag Al Model Generated protein sequence

Immunoglobulin h—~ Protein ——— MVKLSDDGMA ... RPKTVNYLL

language

Phage Lysozyme '—‘ model —— MNIFEMLRID ... KVWNSLLE
-

Figure 6.3: The conceptual parallel between natural language models and protein lan-
guage models. (A) It demonstrates a conventional English language model
that generates domain-specific sentences based on control tags (e.g., "Poli-
tics” or ”Sports”). (B) It shows an analogous protein language model that
generates amino acid sequences conditioned on protein family tags (e.g., ’Im-
munoglobulin” or "Phage Lysozyme”). This comparison highlights how the
fundamental principles of large language models can be adapted to biological
sequence generation: just as language models learn to produce contextually
appropriate text based on input prompts, protein language models learn to
generate biochemically viable amino acid sequences based on protein family
specifications. The architectural similarity between these models suggests
that the underlying patterns in protein sequences can be captured and gen-
erated using similar computational frameworks as those used for natural
language processing.

The new climate bill passed in Congress today

The training methodology has been refined to overcome computational limitations
while maximizing model performance. Modern approaches implement gradient accumu-
lation across multiple GPUs, enabling the use of larger effective batch sizes that improve
training stability and model convergence. This is combined with mixed-precision training
techniques that reduce memory requirements while maintaining numerical stability. The
training process typically follows a curriculum learning approach, beginning with shorter
sequences and progressively increasing sequence length as training proceeds, allowing
the model to build up complexity gradually(Lv et al. 2024; Huo et al. 2024; Zeinalipour
et al. 2024).
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Architectural innovations have significantly enhanced model performance. Recent
models incorporate relative positional encodings that more accurately capture local
structural relationships within proteins. These encodings are complemented by sparse
attention patterns that focus computational resources on evolutionarily related positions,
improving the model’s ability to capture meaningful sequence relationships. The ar-
chitecture is further enhanced by specialized embedding layers that encode detailed
amino acid chemical properties, providing the model with rich input representations that
facilitate the learning of structure-function relationships(Chowdhury et al. 2022; Ferruz
and Hocker 2022; Filipavicius et al. 2020; Xiao et al. 2021).

6.3.4 Knowledge Graph Technologies

The implementation of knowledge graph technologies in protein design represents a
sophisticated approach to integrating and reasoning about complex biological infor-
mation(A. Santos et al. 2022). Modern protein knowledge graphs have evolved to
incorporate multiple layers of biological information through advanced construction
techniques and reasoning mechanisms. The graph construction process has been revo-
lutionized by automated extraction systems that utilize specialized biomedical natural
language processing algorithms to mine protein-protein interactions from scientific liter-
ature. These systems achieve high precision through context-aware entity recognition
and relationship extraction, significantly reducing the manual curation burden while
maintaining data quality (Nicholson and Greene 2020; Chandak, K. Huang, and Zitnik
2023).

The integration of experimental data from multiple sources has become increasingly
sophisticated, with modern knowledge graphs incorporating structural information from
X-ray crystallography, nuclear magnetic resonance spectroscopy, and cryo-electron mi-
croscopy. This experimental data is further enriched by predicted structural features from
Al models, creating a comprehensive representation of protein properties. The resulting
graphs maintain provenance information for each data point, enabling researchers to
assess the reliability of different information sources and make informed decisions during
the design process(Mohamed, Nounu, and Novacek 2021; Gaudelet et al. 2021).

The graph schema itself has evolved to capture the hierarchical nature of protein

organization. Protein nodes are annotated with comprehensive attribute sets describing

120



6.3 Key Al Technologies in Protein Design

sequence characteristics, structural features, and functional properties. These attributes
are dynamically updated as new information becomes available, ensuring the knowledge
graph remains current. Interaction edges carry detailed metadata including confidence
scores, experimental validation methods, and relevant environmental conditions under
which the interactions were observed. The schema also captures hierarchical relation-
ships between proteins, domains, and motifs, enabling multi-scale analysis of protein
properties(Lam et al. 2023; Bonner et al. 2022; Waagmeester et al. 2020).

Advanced reasoning mechanisms have been developed to exploit this rich knowledge
representation. Path-based inference algorithms traverse the graph to predict novel
protein-protein interactions, utilizing both direct and indirect relationships to generate
predictions. These algorithms employ sophisticated path scoring mechanisms that ac-
count for the reliability and relevance of different relationship types. Subgraph matching
algorithms have been optimized to identify functional modules within the larger protein
interaction network, enabling the discovery of conserved structural and functional mo-
tifs that can be applied in protein design(Novécek et al. 2020; Mohamed, Nounu, and
Novacek 2021; Unni et al. 2022).

Embedding-based reasoning has emerged as a particularly powerful approach, com-
bining the advantages of knowledge graphs with modern machine learning techniques.
These methods project proteins and their relationships into high-dimensional vector
spaces while preserving their biological properties. The resulting embeddings enable
rapid similarity searches and property predictions, significantly accelerating the protein
design process. The embedding spaces have been shown to capture meaningful biolog-
ical relationships, with proteins of similar function clustering together and geometric
relationships between embeddings reflecting biological relationships(Sousa, S. Silva, and
Pesquita 2024; Jiaoyan Chen et al. 2023).

6.3.5 Integration of Molecular Dynamics and Al

The convergence of molecular dynamics simulations and Al has led to transformative ad-
vances in protein design methodology(C.-H. Yu and Buehler 2020). Enhanced sampling
techniques have emerged as a particular focus of innovation, with modern approaches
achieving unprecedented efficiency in exploring protein conformational spaces. Neural

network-based collective variables have revolutionized enhanced sampling by automati-
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cally identifying relevant degrees of freedom for protein motion. These learned variables
adapt dynamically during simulations, enabling efficient exploration of complex confor-
mational landscapes that would be difficult to sample using traditional approaches(Y. I.
Yang et al. 2019; Anishchenko et al. 2021).

Online learning of bias potentials demonstrates another significant advancement in the
field. Modern systems continuously update their understanding of the protein’s energy
landscape during simulation, allowing for adaptive modification of sampling strategies.
This approach has proven particularly effective for studying protein folding pathways and
conformational transitions, providing insights that directly inform the design process. The
integration of Al-guided adaptive sampling strategies has further enhanced simulation
efficiency by focusing computational resources on promising regions of conformational
space(K. K. Yang, Zachary Wu, and Arnold 2019; Friederich et al. 2021).

Force field development has been transformed by the integration of Al techniques.
Machine learning potentials trained on high-level quantum mechanical calculations
now provide unprecedented accuracy in modeling protein energetics. These potentials
capture subtle electronic effects that are difficult to illustrate in traditional force fields,
enabling more accurate prediction of protein properties. Neural network corrections to
traditional force fields have emerged as a practical approach to improving accuracy while
maintaining computational efficiency. These corrections learn to predict and compensate
for systematic errors in classical force fields, resulting in more reliable simulations(X. He
et al. 2020; Jiang et al. 2024).

The development of end-to-end differentiable force fields represents a particularly
exciting advance. These force fields enable the gradient-based optimization of protein
properties, allowing direct optimization of sequence and structure to achieve desired
characteristics. The differentiable nature of these force fields facilitates integration with
modern DL frameworks, enabling seamless combination of physical modeling with
machine learning approaches. This integration has proven particularly valuable for
designing proteins with specific dynamic properties, as it allows explicit optimization of
conformational behavior(AlQuraishi 2019; Navarro, Majewski, and De Fabritiis 2023).
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Table 6.3: Commercial Al Platforms for Protein Design

Platform

Core Technology

Commercial Applications

Key Limitations

AlphaFold2 (Zhenyu Yang
et al. 2023; Agu and Ob-
ulose 2024; Ozaybi et al.
2024; V. Agarwal and Mc-

Evolutionary at-
tention

Insilico Medicine: Drug discovery
for fibrosis targets;

AbCellera: Antibody engineering
for therapeutic development

Static structure prediction;
No dynamics

Shan 2024)

RoseTTAFold  (Dolgin
2024; P-S. Huang et al.
2011; Baek et al. 2021)

Three-track archi-
tecture

Outpace Bio: Protein therapeutics
design platform;

Arzeda: Computational enzyme de-
sign for sustainable materials

High computational cost;
Limited to single-chain proteins

ESM-2 (Z. Lin et al
2023; Lingtao Chen et
al. 2024; Chungyoun and
Gray 2023)

Protein language
model

Absci: Al-driven antibody design
and optimization;

Generate Biomedicines: De novo
protein design via Chroma platform

Limited physical constraints;
High experimental validation failure
rate

6.4 Al-Driven Protein Design Tools

The evolution of Al tools for protein engineering is marked by a crucial transition
from structure prediction to protein design. Foundational tools like AlphaFold2 solved
the long-standing challenge of predicting a protein’s 3D structure from its amino acid
sequence. While revolutionary, these models are fundamentally discriminative. The
cutting edge of the field has since moved toward generative models, which address the
inverse problem: given a desired structure, function, or property, how can we generate a
novel protein sequence (and backbone) to match it? This shift from analysis to creation,
exemplified by tools like ProteinMPNN and RFdiffusion, underpins the current era of
true Al-driven protein design (Dauparas et al. 2022; Watson et al. 2023).

The landscape of Al-driven protein design tools has been transformed by several break-
through platforms, each contributing unique capabilities and methodological innovations.
As shown in Table 6.3, commercial Al platforms such as AlphaFold2, RoseTTAFold, and
ESM-2 represent the cornerstone of current protein design technology, with widespread
applications across pharmaceutical, biotechnology, and academic sectors. These tools
symbolize the practical implementation of theoretical advances in Al technology, en-

abling unprecedented accuracy and efficiency in protein design and analysis.

6.4.1 AlphaFold 2 Architecture and Implementation

AlphaFold 2 indicates a revolutionary advancement in protein structure prediction, imple-

mented through a sophisticated multi-component architecture(Jumper, R. Evans, Pritzel,
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T. Green, Figurnov, Ronneberger, et al. 2021). As highlighted in Table 6.3, this platform
has been successfully deployed in commercial applications at companies like Insilico
Medicine and AbCellera for drug discovery and therapeutic development. The system’s
core consists of specialized Evoformer blocks that process multiple sequence alignments
with remarkable efficiency. These blocks implement novel attention mechanisms that
capture both sequence and structural relationships simultaneously, enabling the model
to leverage evolutionary information effectively. The structure module incorporates
equivariant attention mechanisms that maintain geometric invariances crucial for accu-
rate structure prediction, while the template processing network integrates structural
information from known protein structures to guide predictions(Skolnick et al. 2021).

Performance metrics for AlphaFold 2 demonstrate its exceptional capabilities. The
system consistently achieves GDT-TS scores exceeding 90 for many protein targets,
particularly impressive for single-domain proteins where TM-scores frequently exceed
0.9. The model’s accuracy extends to challenging cases, including the prediction of
disordered regions, which had traditionally been difficult to characterize computationally.
This performance level has transformed structural biology, enabling reliable structure
prediction for previously intractable protein targets(Stevens and Y. He 2022).

The implementation architecture of AlphaFold 2 incorporates several technical inno-
vations that contribute to its exceptional performance. The attention mechanisms are
carefully designed to process both local and global structural features simultaneously,
while the template processing system can effectively utilize partial structural information
when available. The model’s training process incorporates sophisticated loss functions
that balance different aspects of structural accuracy, ensuring comprehensive optimization
of prediction quality(Jumper, R. Evans, Pritzel, T. Green, Figurnov, Tunyasuvunakool,
et al. 2020).

6.4.2 RoseTTAFold Technical Implementation

RoseTTAFold introduces a novel three-track architecture that processes protein informa-
tion at multiple levels of abstraction simultaneously. The system implements parallel
processing streams for one-dimensional sequence data, two-dimensional distance maps,
and three-dimensional coordinate information. This multi-track approach enables the

model to capture different aspects of protein structure at various scales, facilitating more
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accurate predictions and design capabilities (Mansoor et al. 2023). As shown in Table
6.3, RoseTTAFold has been successfully commercialized through platforms like Outpace
Bio for protein therapeutics design and Arzeda for computational enzyme design for

sustainable materials, demonstrating its versatility across different industrial applications.

The architecture’s technical implementation includes specialized attention mechanisms
for each track, enabling efficient information exchange between different representations.
The gradient-based optimization of backbone coordinates allows for precise structural
refinement, while the integration of evolutionary information helps guide the prediction
process. This sophisticated implementation has enabled RoseTTAFold to achieve remark-
able success in various applications, from complex structure prediction to protein-protein

interface design and de novo protein creation(Rohith Krishna et al. 2024).

6.4.3 ESM-2 System Architecture

ESM-2 represents the state-of-the-art in protein language models, implementing a sophis-
ticated 33-layer transformer architecture with approximately 650 million parameters. The
system incorporates specialized positional encodings designed specifically for protein
sequences, enabling better capture of local structural patterns and long-range interactions.
The implementation includes multiple attention heads that process different aspects of
sequence patterns, allowing the model to simultaneously capture various types of biologi-
cal relationships (H. Zhang et al. 2020). As detailed in Table 6.3, ESM-2 technology has
been leveraged commercially by companies such as Absci for Al-driven antibody design
and Generate Biomedicines for de novo protein design through their Chroma platform,

illustrating its powerful capabilities in therapeutic protein engineering.

The model demonstrates exceptional performance across multiple prediction tasks.
Secondary structure prediction accuracy consistently exceeds 85%, while contact pre-
diction precision surpasses 70% for many protein targets. Perhaps most impressively,
the system achieves correlation coefficients above 0.7 in mutation effect prediction
tasks without specific training on mutation data, demonstrating strong transfer learning
capabilities(Zhidian Zhang et al. 2024).
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6.4.4 Comprehensive Ecosystem of Al Tools

The field of protein design is driven by a combination of core platforms and specialized
tools, each addressing different challenges in the design process. Table 6.3 shows the
commercial Al platforms that currently dominate the market, which have demonstrated
practical application in the pharmaceutical, biotechnology, and industrial sectors. From
AlphaFold2 to ESM-2, these technologies have revolutionized structural prediction and
sequence-function modeling possibilities through innovative architectural approaches.
Complementing these major business platforms is a range of tools that specialize in
specific problems. These new tools complement the limitations of the base platform
and focus on interface design, sequence optimization, and segmentation in industrial
applications. This diverse technology ecology reflects the complexity of protein engi-
neering and the need for a diverse approach to various design requirements. Table 6.4
provides a comprehensive overview of these professional tools, detailing their technical
underpinnings, major areas of application, and practical examples that demonstrate their

scientific and commercial value.

6.5 Applications and Impact

The integration of Al in protein design has facilitated transformative advances in fields
ranging from therapeutic development and food engineering to industrial biotechnol-
ogy(Holzinger, Keiblinger, et al. 2023). These advances, coupled with substantial market
growth and commercial success, represent fundamental shifts in our ability to engineer
proteins with precise specifications and novel functions. The global impact of these
technologies is reflected in both their scientific achievements and their rapidly expanding

market presence.

6.5.1 Therapeutic Protein Development

Table 6.4: Overview of Additional AI-Driven Protein Design Tools

Tool Developer Core Technology Key Features Primary Applications
ProteinMPNN (Dau- Baker Lab Message passing neural Multiple sequence design; Interface design; Sequence
paras et al. 2022) networks Backbone conditioning; optimization

Fast sampling
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Tool Developer Core Technology Key Features Primary Applications
OmegaFold (Ruidong HeliXon Single-sequence structure No multiple sequence Rapid structure prediction;
Wu et al. 2022) prediction alignment  requirement; Drug discovery

Fast runtime; Attention

mechanism
ProGen2 (Nijkamp et Salesforce Autoregressive generation  Controlled synthesis; De novo protein design;
al. 2023) Family-specific ~ design; Function engineering

Transfer learning
EvoBind (Bryant and Baker Lab Physics-guided DL Monte Carlo sampling; Drug design; Protein-
Elofsson 2022) Physics-based  scoring; ligand interactions

Fast prediction
ColabFold (Mirdita et Steinegger Lab AlphaFold integration Cloud computing; MM- Academic research; Educa-
al. 2022) seqs2 search; User-friendly tional use

interface
ESM-IF1 (Bryant and Meta Al Inverse folding Structure  conditioning; Structure-based design; Se-
Elofsson 2023) Fast sampling; Diverse quence generation

outputs
trRosetta (Z. Du et al. Baker Lab Deep residual networks Distance prediction; Ori- Structure prediction; Con-
2021) entation modeling; Mul- tact prediction

tiple sequence alignment

processing
ProtGPT2  (Ferruz, OpenBioML GPT architecture Zero-shot prediction; Se- Novel protein generation;
Schmidt, and Hocker quence generation; Do- Function prediction
2022) main awareness
PROFASA (Mi et al. CRR Lab Al Tool Integration Alphafold 2; ESMfold; Vi- Structure prediction; Struc-
2023b) sualization tural analysis; Sequence

Search

PS-GO (Mi et al. CRRLab Natural language process- Parameter Prediction; RL Parameter Search

2024)

ing

Sequence generation

The impact of Al on therapeutic protein development has been particularly profound,

revolutionizing both the design process and the range of achievable outcomes. The

global protein therapeutics market size is calculated at USD 401.97 billion in 2025 and
is forecasted to reach around USD 741.16 billion by 2034, accelerating at a CAGR of
7.04% from 2025 to 2034 (Precedence Research 2025). This growth is driven by the

increasing adoption of Al technologies in drug discovery and development processes,

with particular success in antibody engineering and enzyme replacement therapies.

A landmark achievement in this field was the development of antibody nanocages

through Al-driven design(S. A. Kim et al. 2023). These structures demonstrate a new

paradigm in therapeutic delivery, where antibodies are precisely arranged in geometric

configurations to enhance their therapeutic efficacy. The design process integrated DL

models for structure prediction with optimization algorithms that considered both geo-

metric constraints and biological functionality. The resulting nanocages demonstrated
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superior drug delivery properties compared to traditional antibody formulations, with
improved tissue penetration and reduced off-target effects. Commercial implementation
of this technology has attracted significant investment, with major pharmaceutical compa-
nies committing substantial resources to Al-driven antibody design platforms. As shown
in Table 6.1, in the last quarter of 2023 alone, four major partnerships were formed with
potential milestone payments totaling USD 2.2 billion(Nagra et al. 2023; Dealmakers
2024).

The development of protein-based vaccines expresses another area of significant
impact, particularly highlighted during the COVID-19 pandemic. Al methods have ac-
celerated vaccine development through multiple approaches, including the identification
of viral antigenic epitopes, exploration of neutralizing antibodies, and optimization of
vaccine design using reverse vaccinology techniques. For example, the Harvard T.H.
Chan School of Public Health and the Human Vaccines Project launched the Human
Immunomics Initiative, which utilizes state-of-the-art AI models to accelerate vaccine
development by analyzing epidemiology, immune monitoring, and network biology
data(Kaushik and U. Raj 2020). During the COVID-19 pandemic, Al platforms demon-
strated their value in vaccine development through initiatives such as Magar et al.’s
machine learning model for antibody exploration, which successfully identified eight
potential antibodies against COVID-19 by analyzing over 1,900 previously reported
antigen-antibody sequences. Companies across the pharmaceutical industry have rec-
ognized this potential, leading to increased adoption of Al technologies in vaccine

development workflows(Savage 2021).

6.5.2 Food Protein Engineering

The food protein field has made significant progress through Al-driven protein design,
particularly in enhancing protein functionality and developing alternative protein sources
(L. Day, Cakebread, and Loveday 2022),(Grossmann and Weiss 2021). Driven by
the growing demand for sustainable and nutritious protein solutions, the global food
protein market is expected to reach over USD 2.1 trillion by 2030(Karabulut, Goksen,
and Khaneghah 2024). Facing the increasing protein demand and higher consumer
expectations for food quality, traditional protein improvement methods can no longer

meet the requirements.
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Al technology has demonstrated significant advantages in food protein development
in recent years. Amai Proteins from Israel developed a computational platform named
Agile Integrated Computational Protein Design (AI-CPD). This method analyzes struc-
tural properties of extremophilic proteins to optimize monellin, a natural sweet protein
originally identified in tropical berries. By integrating Al-driven amino acid sequence
modification with structural prediction algorithms, the team engineered the thermostable
sweet protein sweelin. This protein can reduce 40%-70% of sugar content without
affecting taste. Compared to the original protein that denatures at 45 degrees, sweelin
remains stable even at high temperatures. The product has been tested in various foods
such as tomato sauce and chocolate, with professional tasters unable to detect differ-
ences. It has received GRAS certification and is now collaborating with multiple food
manufacturers(Melton 2023).

In addition, Impossible Foods developed leghemoglobin by deeply analyzing the
hemoglobin protein family in soybean roots and using machine learning to assist in
screening the most suitable molecular structures. They successfully achieved large-scale
production of this protein through microbial fermentation. When the protein denatures
during heating, the heme iron group becomes more exposed, promoting a series of
oxidation reactions that generate flavor compounds remarkably similar to real meat. This
molecular mechanism-based innovation has been successfully applied in products like
Beyond Burger, with professional food critics stating that its flavor performance is almost

indistinguishable from real meat(McClements and Grossmann 2021).

6.5.3 Industrial Applications

The industrial sector has witnessed significant advances in biocatalysis through Al and
machine learning-driven protein engineering. Over the last two decades, biocatalysis
has secured its position as a standard approach in the chemist’s toolbox, particularly in
manufacturing active pharmaceutical ingredients (APIs), as well as fine and bulk chem-
icals. The integration of computational tools, especially machine learning algorithms,
has revolutionized protein engineering for biocatalytic applications and accelerated the
development timelines previously needed to optimize enzymes to more efficient vari-

ants(Markus et al. 2023). The demand and trade for industrial enzymes has been growing
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steadily. The global enzyme market was valued at USD 8.63 billion in 2019 and is
projected to reach USD 14.5 billion by 2027(Espina, Atalah, and Blamey 2021).

A key development has been the application of machine learning methods to enzyme
engineering for industrial applications. While traditional enzyme engineering faced
limitations in simultaneously improving multiple properties like activity, selectivity,
stability, and solvent tolerance, machine learning approaches have enabled more efficient
optimization of these multiple parameters. These advances have particularly benefited
pharmaceutical manufacturing, where the combination of bioinformatics and machine
learning algorithms offers new tools to potentially locate advanced enzyme engineering
starting points and more direct routes to de novo and highly engineered high-performance
biocatalysts(Markus et al. 2023).

The field of biocatalysis has seen remarkable advances in the design of enzymes
for industrial synthesis. Recent collaborations between major companies demonstrate
the practical impact of Al-driven protein engineering. For example, Unilever, working
with Arzeda, developed new stain-fighting enzymes for cleaning and laundry products
with 50% fewer ingredients while increasing stability, performance, and sustainability.
What’s particularly notable is the dramatically reduced development time - this enzyme
development was achieved in just 18 months, which is five times faster than previously
possible (Cooper 2023).

In another case, BASF created an Al system called Emollient Maestro that uses
machine learning to identify optimal emollient mixes for cosmetic products based on
various parameters like sensory properties, performance, and sustainability. This system
leverages a huge database of previous experiments together with prediction models to

accelerate the prototyping and design of new emollient products (Lahoti 2023).

6.5.4 Future Market Trajectory and Implementation
Challenges

The protein engineering market shows a strong growth trajectory, with projections
indicating a market value of USD 20.86 billion by 2034. This expansion reflects the
field’s transition from traditional methods to computational approaches, though currently
over 95% of protein engineering still relies on screening-based methods (Walker, V. V.

Yallapragada, and Tangney 2021).
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Implementation challenges remain significant, primarily in production costs and com-
puting resource requirements. While theoretical protein design space is vast - a single
100-amino-acid protein can have 20**° sequence variations compared to nature’s 10'?
explored proteins - practical limitations in production and testing continue to constrain
commercial applications. Recent advances in cloud computing infrastructure and im-
proved design tools suggest these barriers are beginning to lower. The convergence of
more accessible computational resources with refined production processes indicates
the field is positioned for accelerated growth and broader commercial adoption in the
coming years (Walker, V. V. Yallapragada, and Tangney 2021).

As a leading user of Al protein design methods, the pharmaceutical industry pro-
vides an insightful case study of the potential and present drawbacks of these methods.
Although agreements with potential milestone payments surpassing USD 2.2 billion
are displayed in Table 6.1, there is still little real integration of Al technologies into
pharmaceutical research and development workflows. Pharmaceutical companies are
adopting Al protein design technologies cautiously, as evidenced by recent industry
trends that show they mainly use these technologies through strategic partnerships rather
than acquisitions (Soham Saha et al. 2024).

A significant variation (a ’gap”’) exists between what Al and computer models antic-
ipate will work in protein design and what works in lab tests. When scientists design
and test proteins in lab settings or living organisms, the success rates are lower than
what the computational models predicted. In addition, information asymmetry makes
collaboration much more challenging because pharmaceutical businesses with large
historical data must weigh knowledge sharing against intellectual property concerns. Fur-
thermore, few companies have fully mastered the complex process of creating proteins,
which necessitates the seamless fusion of computational power with pharmacological

and biological domain knowledge.

6.6 Challenges and Future Directions

6.6.1 Technical Challenges

One fundamental challenge lies in the accurate prediction of protein dynamics and

conformational flexibility (Schauperl and Denny 2022). While current methods excel
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at predicting static structures, proteins are inherently dynamic molecules, and their
function often depends on specific conformational changes. Developing Al models that
can accurately capture and predict these dynamics represents a crucial next step in the
field (Z. Smith et al. 2020). This challenge is particularly evident in cases involving
allosteric regulation, where conformational changes at sites distant from the active
site modulate protein function. Current Al methods struggle to capture these complex
dynamic relationships, especially when multiple conformational states are involved in
the protein’s functional cycle.

The computational complexity of modeling protein dynamics presents additional
challenges, particularly for large proteins or protein complexes. The vast configura-
tional space that needs to be explored, combined with the long timescales of many
biological processes, makes it computationally prohibitive to simulate protein dynamics
comprehensively. This limitation is exacerbated when considering ensemble-based prop-
erties or when multiple dynamic processes occur simultaneously at different timescales.
The development of efficient sampling methods that can adequately explore this vast
conformational space while maintaining accuracy remains a critical challenge.

The integration of multiple scales of protein behavior presents another significant
challenge. Proteins function across multiple temporal and spatial scales, from rapid
atomic vibrations to slow conformational changes, and from local interactions to cellular-
level organization. Current Al methods typically focus on one or two of these scales,
but developing models that can seamlessly integrate across all relevant scales remains
a significant challenge(Selvaraj, Chandra, and S. K. Singh 2021). This multi-scale
integration becomes particularly complex when considering protein-protein interactions,
where both local contact interfaces and global conformational changes play crucial
roles. The challenge extends to understanding how atomic-level perturbations propagate
through protein structures to affect macroscopic properties, a key consideration in protein
engineering.

The accuracy of current Al models in predicting specific protein properties presents
unique challenges. While models have achieved remarkable success in predicting protein
structures, accurately predicting properties such as binding affinity, catalytic activity,
and stability remains difficult. This challenge is compounded by the fact that these
properties often depend on subtle, atomic-level details that current models may not

capture effectively. The prediction of protein-protein interaction specificity and the
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design of selective binding interfaces represent particularly challenging areas where

current methods often fall short of desired accuracy levels.

Data quality and availability continue to present challenges, particularly for special-
ized applications. While the quantity of available protein sequence data has grown
exponentially, high-quality structural and functional data remain relatively scarce. This
limitation is particularly acute for certain classes of proteins, such as membrane proteins
and intrinsically disordered proteins, where experimental characterization is especially
challenging(Jincai Yang, C. Shen, and N. Huang 2020). The scarcity of high-quality
training data for specific protein classes or functions can lead to biased or incomplete
models that may not generalize well to novel design challenges. Furthermore, the avail-
able experimental data often contains inherent noise and uncertainties that can affect

model training and validation.

Model interpretability expresses another significant technical challenge in Al-driven
protein design. While DL models have demonstrated impressive predictive capabilities,
understanding the basis for their predictions remains difficult. This lack of interpretability
can make it challenging to identify potential failure modes or to improve model perfor-
mance. The challenge is particularly acute when models make unexpected predictions,
as it can be difficult to determine whether these predictions represent genuine insights or

artifacts of the model’s training data and architecture.

The validation of Al-generated protein designs presents additional technical challenges.
While computational validation methods can provide initial assessments of design quality,
experimental validation remains essential but resource-intensive. The development of
more efficient validation protocols that can rapidly assess the success of designed proteins
while providing meaningful feedback for model improvement represents an important
technical challenge. This validation challenge becomes particularly significant when
designing proteins for novel functions where established assessment protocols may not

exist.

Despite these remarkable achievements, several significant challenges remain in Al-
driven protein design. These challenges present opportunities for future development

and highlight areas requiring focused research attention.
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6.6.2 Future Directions

The future of Al-driven protein design holds immense promise, with several emerging
trends likely to shape the field’s development. These advances will likely come from

both technological improvements and novel applications of existing methods.

Advanced Al Architectures: The next generation of Al architectures for protein
design is likely to address current limitations while introducing new capabilities. One
promising direction is the development of multi-scale transformers that can simulta-
neously process information at different levels of protein organization(Buehler 2022).
These models would integrate atomic-level details with higher-order structural features,
enabling more comprehensive protein design strategies. Current implementations often
struggle with the simultaneous consideration of local interactions and global protein
architecture, but emerging research suggests that novel attention mechanisms could
bridge this gap, particularly in modeling long-range interactions that influence protein
stability and function(Q. Zhao et al. 2022).

Significant advances are also expected in the area of generative models. Current
approaches often struggle with the precise control of multiple protein properties simulta-
neously. Future models may incorporate improved conditioning mechanisms that allow
designers to specify multiple desired properties with greater precision, such as stability,
binding affinity, and catalytic activity(Angelo et al. 2023). This could enable the design
of proteins with complex combinations of structural, functional, and dynamic properties,
moving beyond the current limitations of single-property optimization.

The integration of physics-based knowledge with DL represents another crucial frontier.
While current models learn primarily from data, future approaches may combine the
strengths of physical modeling with the pattern-recognition capabilities of Al. This
hybrid approach could be particularly valuable for designing proteins to perform novel
functions where limited experimental data exists(Malbranke et al. 2023; Heo, Janson,
and Feig 2021).

Experimental Integration: The future of protein design will likely see closer in-
tegration between computational and experimental methods(Brown et al. 2020). The

development of high-throughput characterization methods, combined with Al-driven
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experimental design, could create powerful feedback loops that accelerate the design
process.

One promising direction is the development of active learning frameworks that can
intelligently guide experimental efforts(Ren et al. 2021). These frameworks would
identify the most informative protein variants to test, optimizing the use of experimental
resources while maximizing knowledge gain. By incorporating experimental feedback in
real-time, such systems could continuously refine their predictions and design strategies,
leading to more accurate and reliable protein designs.

The integration of Al with automated experimental platforms expresses another ex-
citing frontier. Recent advances in laboratory automation, combined with Al-driven
design and analysis, could enable fully automated protein engineering pipelines. Such
systems could dramatically accelerate the design-build-test cycle, enabling more rapid

development of novel proteins.

6.7 Conclusion

The integration of Al in protein design has begun to fundamentally transformed our
ability to engineer proteins with precise specifications and novel functions. This review
has highlighted the remarkable progress achieved by applying DL, protein language
models, and integrated design approaches. These advances have enabled unprecedented
achievements across multiple domains, from therapeutic development to environmental
applications.

The field continues to evolve rapidly, with new methods and applications emerging
regularly. The challenges that remain, particularly in areas such as protein dynamics
and multi-scale integration, depict opportunities for future development. The increasing
integration of Al with experimental methods and the emergence of new application areas
suggest that the impact of Al on protein design will continue to grow.

Looking forward, we anticipate that Al-driven protein design will play an increasingly
central role in addressing major societal challenges, from healthcare to environmental
protection. The combination of advancing Al technologies, improving experimental
methods, and expanding application domains suggests that we are still in the early stages

of realizing the full potential of this transformative approach to protein engineering.
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As we move forward, continued advancement will require close collaboration between
computational and experimental scientists, as well as engagement with emerging tech-
nologies such as quantum computing and automated experimentation. The future of
protein design lies in successfully integrating these various approaches, working together

to unlock new possibilities in protein engineering and its applications.
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7.1 Abstract

In recent years, our understanding of protein structure and function has resulted in
exponential growth in various applications such as food, diagnostics, therapeutics and
novel materials. Today, there is an arsenal of in silico tools available for protein modeling
(Cramer 2021), designing proteins (Walker, V. V. Yallapragada, and Tangney 2021) and
analysis (V. V. Yallapragada, Walker, et al. 2020). However, most of these tools to-date
require high technical expertise to access, install and effectively use them. Current in
silico tools excel at providing cutting edge computational technology but fall short in
usability due to a lack of user friendly interface and complicated working protocols.
As the market need for protein based applications expands, it also raises the need

for a one-stop platform for in silico tools. In this article, we introduce PROFASA, a
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protein workstation, that aims to provide a unified platform for studying protein structure.
PROFASA combines state of the art protein structure visualisation with cutting edge tools
and algorithms for in silico protein analysis. Features such as real-time collaboration, note
sharing, and shared projects make PROFASA a great tool for researchers and teaching
professionals alike. The design, user interface, features, applications and ambitions of
PROFASA are discussed in this manuscript.

7.2 Introduction

7.2.1 Myriad of Computational Tools for Tools

Understanding protein structure and function is a crucial aspect of life sciences. Com-
mercially, synthetic proteins are poised to drive a major sector of synthetic biology
(Walker, V. V. Yallapragada, and Tangney 2021). Protein engineering market is expected
to reach USD 3,023.29 million by 2027 (Market Research Future 2023). The idea of
using computational tools to enhance our scientific arsenal to study proteins is well
documented (Walker, V. V. Yallapragada, and Tangney 2021). Highly significant and
difficult problems (Kuhlman and P. Bradley 2019a) such as predicting the 3D structure
of a protein from its amino acid sequence are now being solved with great accuracy
by tools such as AlphaFold2, using advanced DL models. Entirely novel structures
that never existed in nature can now be generated using de novo protein design (Gront
et al. 2011). During COVID-19 pandemic, 3D protein visualisation is employed in
the teaching of undergraduate medicinal chemistry courses to investigate drug-target
interactions (Abdel-Halim 2020).

Protein engineering will become increasingly more efficient and precise in the future
as artificial intelligence and DL progress. When it comes to protein structure prediction,
we’re living in exciting times, AlphaFold2 by Google’s Deepmind has already been a
blockbuster for the prediction of protein structures with high accuracy. Improvements
are also expected in areas such as better DL-based algorithms for Multiple Sequence
Alignments (MSA) generation; transformer-based approaches for protein structure pre-
diction; DL-based approaches for multi-domain protein structure prediction and so on
(Pakhrin et al. 2021). However, as in other fields, one obstacle to the wider use of DL

in protein structure informatics is the black-box nature of DL models. In this context,
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the development of Explainable Artificial Intelligence (XAI) approaches to improve the
interpretability of protein structure predictions is an emerging trend in the area. Such
as InterPretContactMap which was developed by Cheng’s Lab (Adhikari, Hou, and J.
Cheng 2018). It uses two attention mechanisms (sequence and regional) in the CNN
framework to do contact map prediction and improves the contact map prediction results
as well as provides some level of interpretability, providing some insights into the key
fold-determining residues in the protein. Therefore, it is important to use advances in DL
algorithms to fill the existing gap between protein sequence to protein structure, and XAl
might become one of the methods to achieve the goal (Pakhrin et al. 2021). With de novo
protein design methods, as the protein structure database expands, protein structures with
novel functions can be generated through Al. All these necessitate a lot of mathematical
power, thus, as with structure prediction, DL might propel the study of protein design
and engineering to new heights. There are many freely available protein tools on the
market. For sequence alignment, BLAST has long been a widely used tool (Sf 1997). For
structure prediction, Rosetta and I-TASSER are the most popular online tools to process
protein structure analysis (Leman et al. 2020; Jianyi Yang and Yang Zhang 2015), and
the recent revolution AlphaFold2 is based on DL and millions of structures have already
been generated by it (Cramer 2021). Apart from structure prediction, advancements can
also be seen in protein visualisation and edutainment. Tools such as Chimera, Rasmol,
Pymol and Csynth offer excellent features to highlight and visualise molecular structures
in great detail (Pettersen et al. 2021; Fraley et al. 2022; Yuan, Chan, and Hu 2017; Todd
et al. 2021). Recently, efforts have also been made to provide immersive viewing with
virtual reality and augmented reality (V. V. Yallapragada, T. Xu, et al. 2021). In edutain-
ment, Fold it by Rosetta is a fantastic resource for understanding the 3D mechanics of
protein structures in a gamified environment (Curtis 2015). The above mentioned tools
are only a snapshot of the rapidly expanding field of protein design. Although there has
been extraordinary progress in the individual tools, a unified interface that can act as a
one-stop-shop for all protein needs is required to bring the power of protein design to en

masses and would expand the horizons of protein design.
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Figure 7.1: PROFASA, combines all the major computational tools and provides a single
platform interface for computational protein works.

7.2.2 One tool to rule them all

PROFASA (Fig. 7.1) is an in-silico workstation for protein structure evaluation, para-
metric analysis, and protein visualisation. It provides (i) a unified interface for rapid
conserved domain analysis of input sequences and displays the results using a molec-
ular visualisation UI (ii) users can construct protein models with one click using the
I-TASSER or the AlphaFold2, (iii) it can fold numerous input sequences, create new
protein sequences, models, and calculate protein parameters, (iv) it uses tables and plots
to display and compare all data, these results provide a guide to the expected protein
performance prediction using Function2Form (F2F) plot (V. V. Yallapragada, Walker,
et al. 2020).

PROFASA has fast model generation and structural analysis time and is faster than
most tools on the market, as shown in the (Table 7.1). Users only have to submit a se-
quence to get parameters like accessibility, instability, hydrophobicity, isoelectricity, size,
and Ramachadran plot score (Fig. 7.2). Drawing upon the precision of well-established
bioinformatics tools, PROFASA provides accurate results across all its features. Its
sequence alignment functionality uses the NCBI BLAST toolkit, which is known for its
reliable sequence comparison capabilities. Structure prediction in PROFASA is handled
through I-TASSER (CASP15 2023) and AlphaFold2v, both recognized as leaders in

protein structure prediction, thus the accuracy in this aspect is assured. Furthermore,
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Table 7.1: Model generation timetable

Uniprot Execution Duration
Length
PROFASA PROFASA
with with I- I-TASSER AlphaFold2
D AlphaFold2 TASSER Server (with Colab (with
(with (with
calculation) calculation)
calculation) calculation)
P63212 57 38min 9h52min 12h32min 10min
P09210 100 40min 14h13min 21h05min 14min
P61626 128 40min 13h13min 21h51min 13min
075469 135 44min 16h34min 18h34min 15min

calculations pertaining to protein superimposition and other protein parameters are per-
formed based on standard, scientifically accepted formulas (see Materials and Methods
section), ensuring the results generated are as precise as these foundational formulas.
PROFASA has an excellent user interface, provides an interactive experience, and is sim-
ple to operate. When compared to most existing protein analysis tools, it is appropriate
for both professionals and non-professionals due to its ease of use and data visualisation.
This is a key feature in reducing the entry barrier for protein computation, analysis, and
visualisation tools, allowing more people to participate in protein research and education
(Fig. 7.3).

7.3 Materials and Methods

7.3.1 Architecture design

Serving as a one-stop workstation, we aim to provide the users with a platform for all the
protein sequence and structure based analysis. The architecture design specifies the goal,
key functions, activity elements, and important processes, as well as the nature of their
interconnection (Gharajedaghi 2011). Each module of the PROFASA project can be split

down based on the user requirements as shown in Fig. 7.4.
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Figure 7.3: PROFASA key features

142

12



7.3 Materials and Methods
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Figure 7.4: PROFASA architectur

The application architecture of PROFASA describes design and development patterns
and techniques. When developing applications, a strong application architecture gives a
roadmap and recommended practices to follow (Eder and Missikoff 2003). Applications
in PROFASA are divided into presentation layer, logical layer, and computing layer. The
front end is the display layer, which contains the Home page, Blast page, Fold page,
Resources page, Result List page, Text-result page and 3D-result page. Node.js part of
the backend is a logical layer, which is divided into account service, mail service, note
service, sequence service, [-TASSER service, AlphaFold service, and parameter service.
Finally, the command line program part is the computing layer, which is divides into
RpsBlast, I-TASSER, AlphaFold2 and Ramachandran.

7.3.2 Front end design

PROFASA uses TypeScript as its primary programming language because it operates
in a web environment. TypeScript is a JavaScript superset that adds types, interfaces,
and other useful features to JavaScript (Bierman, Abadi, and Torgersen 2014). React]JS,
the most popular framework in the world, was chosen for the technical decision of
the programming development framework. It’s a JavaScript library for designing user
interfaces using JSX quickly and effortlessly (TSX is used in PROFASA). UmilJS is used
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to handle the react-router and react-state in this project. It is an enterprise-level React
application framework created by Alibaba that includes comprehensive routing functions
(basically an improved encapsulation of react-Router and react-router-DOM) and a set
of state management techniques based on fixed hooks. This is a lot easier than Redux.
PROFASA is a powerful and versatile work station with a wide range of complicated
and comprehensive capabilities. It uses two high-quality JavaScript libraries: Three.js
and ngl.js, to perform its main duties of visual rendering and interaction with protein
3D models. Ricardo Cabello, aka Mr.Doob, designed Three.js in 2010 (Danchilla and
Danchilla 2012). It has a variety of draw modes and can fall back to a 2D rendering
environment if WebGL isn’t available. The amount of initial effort or ’boilerplate”
required is reduced with default settings (Danchilla and Danchilla 2012). The lighting,
camera, camera controller, renderer, animation, and mouse interaction events in the scene
are all built using Three.js. Because users may transition between multi-model and
single-model scenes with a single click, PROFASA needs to provide varied mouse hover
and click interactions in different scenes, the 3D scenes feature particularly complicated
mouse interactions. The ngl.js is used to load and parse PDB files, which are available
objects in Three.js. In addition, one of PROFASA’s most important functions is the
ability to superimpose, extract protein sequences and change the color and shape of
selected fragments, which is also dependent on ngl.js. Multiple PDB files are loaded
using ngl.js when users visit the 3D result page. Following successful loading, different
colored 3D models will be rendered based on the quantity of models. When users
change the style of the selected piece of the model, or the style of the entire model, it
effectively destroys the old model and produces a new one using ngl.js. The ngl.js is
also used by protein superimpose to determine comparable amino acids in two proteins
and recalculate the locations of the proteins to finish the superimpose. The Root-mean-
square Deviation (RMSD) is an essential statistic for determining the excellent and bad
superimpose criterion for protein. The average distance between the atoms of the two
stacked proteins is measured by the RMSD (B. Patel, V. Singh, and D. Patel 2019). The
smaller the value, the closer the two overlaid proteins are in terms of exterior features
and functions, and the more they converge. RMSD can be calculated using Formula 7.1.
One of the first steps in calculating RMSD is to align the sequences. Sequence alignment
is a method for matching protein sequences in order to find functional or structural
similarities or differences between them (Chao, F. Tang, and L. Xu 2022). PROFASA
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calculates it using a matrix technique (T. Wang et al. 2017). Sequence alignment
determines which residues in two sequences are identical, then locates the alpha carbon
atoms that correspond to these residues and obtains their position coordinates using the
protein object, which is generated when parsing the PDB file and will update the position
coordinates of the atoms in it after superimpose of the protein. Then, after having all
of the atoms’ location coordinates, Formula 7.2 could be used to get the RMSD. In
addition, through the coordinates of these alpha carbon atoms, The Global Distance
Test - Total Score (GDT_TS) can be calculated. When the two structures differ in detail,
GDT_TS (CASP14 2023; CASP13 2023) is better than RMSD (CASP14 2023; CASP13
2023) in detecting superimpose similarity (Zemla 2003). GDT_TS can be calculated
by Formula 7.2, where Global Distance Test - Percent Nativeness (GDT_PN) denotes

percent of residues under distance cutoff N < A, as in Formula 7.3 shown.

RMSD (v, w) = \/Z?:1<<Ui$ — Wig)? + (viy — wiy)? + (Viz — wiz)?) 7.1)

n

DT_P1+ GPT_P2+ GPT_PA+ GPT_P
aprrs=C G z: ¢ TG 5 (1.2)

N{(ve — w,)” + (vy — wy)2 + (v — w.)?]

GDT_PN =

x 100 (7.3)

PROFASA uses Canvas to create a radar plot of F2F Result, allowing users to in-
tuitively see and compare the data of each protein, as shown in Fig. 7.5. Two of the
reasons for drawing manually rather than using an existing chart library, are the need for
extensive flexibility and the need to keep the downloaded visuals consistent with what
is displayed on the website. This is done with the Pixi.js library, which is the world’s
fastest WebGL-2D rendering tool. In addition, PROFASA also has a document download
feature for each protein sequence. Users can individually copy the sequence, download
the PDB file, download the diagram, or download the complete PDF document. To
display and download PDF files, the React PDF Renderer library is used.

PROFASA has always been built with a wide variety of users in mind, including pro-
fessionals and non-professionals. As a result, the visual focus is stronger, the interaction

mode is friendlier, and the learning costs are reduced.
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Figure 7.5: Ramachandran Plot and F2F Plot. (A) Ramachandran plot is used to describe
whether the conformation of the protein is reasonable (Hooft, Sander, and
Vriend 1997). (B) F2F plot shows six important protein parameters that
will be used in protein predictive analysis in the future (V. V. Yallapragada,
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7.3.3 Back end design

The backend of PROFASA is written in JavaScript and runs in the Node.js environment,
a runtime environment based on the Chrome V8 JavaScript Engine that runs outside the
browser. For building Restful APIs, PROFASA uses KOA as a web server framework.
KOA is a Node.js web framework with a powerful middleware system that can be used to
handle request processing, CORS processing, token authentication, request interception,
error handling, logging, and other operations elegantly. Furthermore, PROFASA uses
Sequelize as an Object Relational Mapping (ORM) framework to build relationships
between code data structures and database tables. Using Sequelize eliminates the need
to write most of the SQL. It is very helpful for database migration and test environment
setup. In version 2.0, the backend added the ability to take simple notes on the current
model and the ability to share tasks between users. These features, although seemingly
simple at the moment, are important changes in the long run when it comes to protein

education and multi-person collaboration.

PROFASA uses Node.js not just to establish servers, listen to requests, and read and
write databases, but also to run a variety of command-line scripts to perform compli-
cated features. Open-source third-party programs and Python scripts produced by the
developers themselves are examples of this. Command-line programs are run in the
main Node.js program using the Node.js standard library’s child process.exec() and
child process.execSync() methods. The most of these command-line programs are C
or C++ compiled programs, or C or C++ programs launched by Python or the Shell.
This provides these programs a lot of power and performance. In other words, PRO-
FASA’s back end acts as a glue that holds together C or C++ programs that perform
well and efficiently, but are difficult to install, difficult to use, and expensive to learn.
For example, AlphaFold requires not only sophisticated hardware but also programming
skills; The calculation process of I-TASSER is usually measured in days and cannot
run continuously on PC; RpsBlast’s command-line program is almost unreadable to
non-experts. Despite the complexity of the back-end logic, users can access the results
of all these fantastic programs through the PROFASA front-end interface, which is
simple to use and comprehend. Among them, the RpsBlast program does conservative
domain queries, which is one of PROFASA’s fundamental features. RpsBlast searched

according to Conserved Domain Database (CDD) and obtained a set of protein profiles

147



7 Protein Fragment and Structure Analysis Workstation

(Biotechnology Information (US) and C. Camacho 2008). However, in PROFASA, the
RpsBproc program is used to parse and filter the RpsBlast results and perform ACD
dataset searches against the results. The results are then parsed line by line, picking
out useful information to display in the front end along with the RpsBproc results. As
the most accurate and stable program for protein structure prediction in the non-neural
learning area, the I-TASSER program is undoubtedly an important aspect of PROFASA.
AlphaFold2, a tool developed by Google, is now the most advanced, powerful, accurate,
and rapid neural learning protein structure prediction program on the market. Therefore,
PROFASA added support for AlphaFold2.

Table 7.2: F2F plot parameters

F2F parame- Scale range Description Generated
ters
Size kDa Total weight of a protein ProtParam Hosted by
Expasy
RC.Score 0to 100 Quality of a model Saves Server
Accessibility 0 to 100 Active site solvent accessibil- PROFASA
ity
Instability 0 to 100 Half-life of protein in vitro ProtParam Hosted by
Expasy
Hydrophobicity -4.5 to +4.5 Surface hydrophobicity ProtParam Hosted by
Expasy
Isoelectric Oto 14 Point at which molecule car- Protein Isoelectric Point
ries no net charge Calculator

The PROFASA server also supports calls to RCSB search, Protparam, isoelectric.org,
and SAVES server, which are all well-known Protein APIs. PROFASA analyzes these
API calls further and visualizes the intended outcomes, making it simple to learn about
protein parameters and what they signify. As shown in Table 7.2, it lists the parameters in
the F2F plot, some of which may be accessed using the APIs mentioned above. Among
them, as shown in Formula 7.4, it can be used to calculate accessibility, which is
defined as the relative accessible surface area (Marsh and Teichmann 2011). Accessible
Surface Area (ASA) (Wikipedia 2023b) is determined using the Dictionary of Secondary
Structure of Proteins (DSSP) tool, whereas MaxASA (Wikipedia 2023b) is calculated by
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traversing all residues in PDB files and summing according to MaxASA for each residue,

as shown in Table 7.3.

ASA YASA

Accessibility = RSA = MazASA ~ %, cqquemarASA

(7.4)

Table 7.3: MaxASA of amino acids

Residue MaxASA Residue MaxASA
ALA 129.00 LEU 201.00
ARG 274.00 LYS 236.00
ASN 195.00 MET 224.00
ASP 193.00 PHE 240.00
CYS 167.00 PRO 159.00
GLU 223.00 SER 155.00
GLN 225.00 THR 172.00
GLY 104.00 TRP 285.00

HIS 224.00 TYR 263.00
ILE 197.00 VAL 174.00

Because PROFASA focuses on front-end interaction and back-end command line calls
and results processing, the database was the easiest one of the project. All PROFASA
database tables have three common fields: ID (Private Key), CreatedAt, and UpdatedAt.
For the details, as shown in Fig. 7.6.

PROFASA: Users can try PROFASA using this link: https://profasa.ucc.ie/#/

7.4 Result

PROFASA (Fig. 7.7) is divided into four sections: Analysis, Superimpose, Structure
Blast and the Fold. Each section takes a different input and provides outputs as discussed

below.
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Figure 7.6: Database design
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Figure 7.8: Analysis user interfac

Analysis: To compute and understand various structural, sequence based and func-
tional parameters of a protein (Fig. 7.8), the user would upload a PDB file and PROFASA

would compute all the parameters (as listed previously) and generate a PDF file.

Superimpose: Superimposing two or more 3D structures is a powerful way to examine
the differences in the structures. Biologists could use this for studying mutations, changes
to functional hotspots, improving a novel fragment. PROFASA provides a 3D live image
of the input PDB files, superimposed in the best configuration and calculates RMSD and
GDT_TS to mathematically compare the difference between the structures (Fig. 7.9).

Structure blast: Structure blast (Fig. 7.10) is one of the unique features that we have
developed for PROFASA. Traditional sequence based BLAST finds matches for the full
and parts of a user defined sequence. PROFASA extends this a step further by giving
a 3D model for the hits. These hits could either be modeled using I-TASSER or Alpha
Fold for unknown sequences. As a result the user would be able to visualize how a large
complex protein can have domains and parts from various smaller protein fragments

existing in nature.

151



7 Protein Fragment and Structure Analysis Workstation

superiMPOsE  Results For Job Id 534 - test su | 4o
Choose Model Representation

Change Selected Color

Choose Selected Representation

Reset Model

mm > 0, small is better
00.00 | O- 100, large is better

no Select

no Select K v S K A A AD L M

Figure 7.9: RMSD and GDT-TS calculations are used to compare the differences between
two superimposed 3D structures
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Figure 7.10: Structure blast
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Fold: PROFASA provides a user-friendly Ul for protein folding or modeling. The user
can fold multiple sequences in parallel and choose between I-TASSER and AlphaFold.
The output is detailed in the in-built 3D visualisation tool along with all the computed
parameters.

Molecular visualisation: Having a clean, simple and interactive molecular visualisa-
tion embedded integrally into every result is a key for PROFASA’s highly user friendly
interface. Unlike other protein analysis tools and folding software, users can access their
3D structure and interact with them on the same platform. Our web-based molecular
visualisation is an important step that turns PROFASA into a one-stop-shop tool for
biologists.

Bio edutainment: The most important feature of PROFASA is the interaction with
individual models, which sets it more characteristic than other protein analysis tools, as
shown in Fig. 7.8. Hovering the mouse over the model reveals the amino acid at the
present location as well as the sequence subscript. Additionally, the user could alter
the color and style of the model area corresponding to a certain section of the sequence
by selecting it by the sequence letter. Users also would be able to make notes on each
structure and project. This level of interactivity makes PROFASA an excellent tool for

teaching and bio edutainment.

7.5 Discussion and Outlook

7.5.1 As a single Ul protein workstation

Protein structure modeling and analysis is a crucial aspect in computational biology and
bioinformatics, as it allows researchers to study the structure and function of proteins.
Protein structures are complex, and determining their 3D structures experimentally can
be time-consuming and expensive. Thus, computational methods are often used as
a complement to experimental approaches. However, protein structure modeling and
analysis are relatively difficult processes that frequently transition between many plat-
forms or applications, posing a steep learning curve even for experienced computational
biologists. Many of these tools and platforms require significant computational skills,
as well as programming. This makes it challenging for biologists without a computa-
tional background to get started in the field. To address this problem, PROFASA, a
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one-stop protein structure modeling and analysis workstation, was created. The aim of
PROFASA is to offer one platform for all protein sequence and structure analyses needs.
It is worth noting that PROFASA has some important advantages over other existing
tools, such as SAMSON Connect. For example, SAMSON Connect(SAMSON Connect
2023) is an excellent integrated molecular design platform. Unlike the existing tools,
PROFASA offers a one-stop solution with integrated tools (expanding library), robust
data management, and no need for downloads as a web-based platform. Its user-friendly
interface and low learning curve make it accessible to researchers without extensive
computational backgrounds. We believe PROFASA is set to become an indispensable
tool for researchers and educators in their quest to unravel the mysteries of protein

structure and function. See Fig. 7.11.

Protein Design: PROFASA contributes significantly to the development of protein
design as a one-stop workstation for modeling and analysis of protein structures. It
combines into one platform many protein modeling and analysis tools such as, protein
homology analysis, protein structure modeling, structure and function based parametric
analysis, and protein structure superimposition. This enables researchers to quickly find
potential ideas with a high chance of success without switching platforms. Another
key advantage of the one-stop workstation is its ability to improve the accuracy and
consistency of predictions by lowering the chance of practical mistakes and human error.
PROFASA also enhances data management by enabling the integration and sharing of
data obtained from multiple sources, facilitating the expansion of computational protein
design. This can lead to the development of more sophisticated prediction techniques, and
a large dataset can be accumulated to support the subsequent incorporation of machine
learning algorithms. PROFASA has a user-friendly interface. This makes it easy to
acquire and analyse protein structures for non-experts.

Educators: PROFASA was created with its use cases in the education field in mind
from the start. It features powerful interactive molecular structure modification and
gamified interface for molecular structure viewing, including high-definition 3D model
display. Such a gamified user interface offers an immersive and interactive learning
experience in contrast to traditional passive teaching techniques like lectures and textbook
reading, and it has been shown to be a successful tool for science teaching and learning
(Sailer and Homner 2020). Further, PROFASA offers functionality for high-resolution

note-taking on protein structures as well as peer-to-peer sharing of results from protein
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structure analyses. These features can meet the needs of both teachers who want to
share teaching cases with students and students who want to submit learning outcomes
to teachers. It meets the need for education to be enjoyable while simultaneously
guaranteeing that instruction is effective and accurate. This makes it simpler to instruct
students in computational biology, biochemistry, and biotechnology. Also, it helps to

advance the training of researchers in the area.

7.5.2 Bottlenecks and challenges for PROFASA

While PROFASA presents an innovative and efficient solution, one major challenge of
PROFASA arises from the fact that PROFASA uses multiple external tools to perform its
analyses, and the accuracy of the final results depends heavily on the accuracy of these
external tools. Another challenge is that these analyses are computationally intensive
processes, which can be both time-consuming and expensive to maintain. Additionally,
given that the tool aims to generate large amounts of data, there is a need to ensure that
the data is stored safely and securely, particularly if it is to be released openly. A further
challenge is the need to continually improve the speed and accuracy of the tool, in order

to keep pace with the rapidly evolving field of computational biology and bioinformatics.

7.5.3 Ambitions and future outlook

PROFASA already is a powerful tool for researchers and educators. PROFASA 2.0 is
currently being created with more advanced features and ambitions, see Fig. 7.12. PRO-
FASA 2.0 would include an automated workflow system to enhance the user experience
for researchers with less experience and to expand data accessibility. Automation of
parameter optimization, prediction validation, mistake detection, and report production
are some of the features included in this automated workflow system. In addition to
making protein structure modeling and analysis much simpler, this will also enable
timely self-checking, which will lower the data error rate and raise the system’s degree
of confidence.

Furthermore, PROFASA 2.0 would be upgraded with high-performance computational
resources, like server clusters and load balancing and specialised GPU resources. This
would allow capabilities for multi-scale modeling at various resolution levels, including

coarse-grained, all-atomic, and explicit solvents. Additionally, PROFASA 2.0 will incor-
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Figure 7.12: Ambitions and future outlook

porate more comprehensive datasets to enhance protein prediction speed and accuracy in
the future. These databases may include experimental data, functional annotations, infor-
mation on protein evolution, and known protein structures and properties. PROFASA 2.0
would also be accessible through virtual reality headsets that brings an immersive learn-
ing experience to the users. Finally, the PROFASA 2.0 interface would also be available
in multiple languages to extend its potential user base and make it more accessible to

researchers from other locations.

7.6 Data and Software Availability

PROFASA: Users can try PROFASA using this link: https://profasa.ucc.ie/#/

The dataset used in this study includes the following resources that are essential for
running AlphaFold2: The Bacterial, Fungal, and Plant protein DataBank (BFD), UniProt,
MGnify, PDB70, PDB_mmCIF, PDB _seqres, UniRef30, UniRef90. In addition, all the
code used in this study was written using JavaScript (ECMAScript 6) and Python 3.9.
The front-end code relied on several npm libraries, including Ant Design (v4.16.13), NGL
Viewer (v3.0.5), Pixi.js (v5.3.5), React (v17.0.2), Swiper (v6.8.4), Three.js (v0.129.0),
and Umi (v3.5.19). Furthermore, The back-end code used several libraries from the
Node.js ecosystem, including Koa (v2.13.1), Sequelize (v6.6.5), jsonwebtoken (v8.5.1),
and mysql2 (v2.3.0). The database used in this study was MySQL (v5.7.34). Additionally,
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7.6 Data and Software Availability

the Python scripts used the BioPython (v1.78) library. The AlphaFold2 (v2.0.0) software
and BLAST (v2.11.0) tool were also used as third-party software in this study. In
addition to the libraries and software mentioned earlier, this study also relied on external
websites to calculate several protein parameters. It includes the Protparam website and
Isoelectric.org website. It’s worth noting that these two websites are freely accessible
and do not require any special permissions or licenses to use.

For the purpose of Open Access, the author has applied a CC BY public copyright

licence to any Author Accepted Manuscript version arising from this submission.
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8.1 Abstract

With the explosive growth of protein-related data, we are confronted with a critical sci-
entific inquiry: How can we effectively retrieve, compare, and profoundly comprehend
these protein structures to maximize the utilization of such data resources, PS-GO, a para-
metric protein search engine, has been specifically designed and developed to maximize
the utilization of the rapidly growing volume of protein-related data. This innovative tool
addresses the critical need for effective retrieval, comparison, and deep understanding
of protein structures. By integrating computational biology, bioinformatics, and data
science, PS-GO is capable of managing large-scale data and accurately predicting and
comparing protein structures and functions.

The engine is built upon the concept of parametric protein design, a computer-aided

method that adjusts and optimizes protein structures and sequences to achieve desired
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biological functions and structural stability. PS-GO utilizes key parameters such as
amino acid sequence, side chain angle, and solvent accessibility, which have a significant
influence on protein structure and function. Additionally, PS-GO leverages computable
parameters, derived computationally, which are crucial for understanding and predicting
protein behavior.

The development of PS-GO underscores the potential of parametric protein design
in a variety of applications, including enhancing enzyme activity, improving antibody
affinity, and designing novel functional proteins. This advancement not only provides a
robust theoretical foundation for the field of protein engineering and biotechnology but

also offers practical guidelines for future progress in this domain.

8.2 Introduction

8.2.1 Topology of protein landscape

Within the field of life sciences, deciphering and understanding the intricacy of proteins
remain substantial challenges. Proteins, as the fundamental functional units in biological
systems, exhibit functionalities determined primarily by their structures. With the explo-
sive growth of protein-related data, we are confronted with a critical scientific inquiry:
How can we effectively retrieve, compare, and profoundly comprehend these protein
structures to maximize the utilization of such data resources? The advancement of
Internet technology offers possible resolution pathways. Take Google’s search engine
as an example; it spearheaded a significant transformation in the information retrieval
field. Google’s search engine, through its innovative PageRank algorithm, successfully
tackled the problem of swiftly locating relevant information among a vast amount of web
pages (Brin and L. Page 1998). PageRank algorithm, which is based on the hyperlink
structure of web pages to assess their significance, enabled the effective ranking of web
pages. Consequently, users can quickly obtain the most relevant search results. This
structure-based processing approach significantly elevated the efficiency of information
retrieval. Inspired by this strategy, we need to introduce similar methods in the field of
biosciences to process and interpret the massive volume of protein data. The ideal solu-
tion should profoundly reveal the topological structure of proteins, accurately infer their

functional properties, and perform precise searches and comparisons within large-scale
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Figure 8.1: The steps in parametric protein design.

protein datasets. To achieve this goal, we require a tool that integrates computational
biology, bioinformatics, and data science, capable of handling big data and accurately

predicting and comparing the structure and function of proteins.

Protein topology, as the arrangement and spatial relationship of secondary structure
elements, plays a crucial role in understanding key aspects such as protein folding,
stability, function, and evolution, as shown in Figure 8.1. There is a close connection
between protein structural topology and its biological function. A specific structural
topology of the protein determines key functional features such as active sites, subunit
interaction interfaces, and molecular recognition patterns. Studying the structural topo-
logical features of proteins can better predict protein function and reveal functional and
structural similarities between different protein families (Murzin et al. 1995). Further-
more, studying protein structural topology can help to reveal the relationship between
protein structure and function, and in turn, apply this knowledge to protein design. The
goal of protein design is to create proteins with desired functions, stability, and solubility.
During the design process, researchers often use computational methods to optimize

protein sequences to achieve the desired structural topology.

However, due to the diversity of amino acid species and the endless possibilities of
arrangement, the number of combinations of protein structures is enormous. In this
vast search space, many combinations of amino acids do not produce stable protein
structures or have biological functions. Therefore, understanding the quantitative dif-
ferences between the available mathematical combinations and the actual possibilities

is important for parametric protein searches to explore protein sequence space more
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efficiently and discover proteins with the desired properties. In this regard, algorithms
such as machine learning and metaheuristics can help to filter out protein sequences with
potential biological functions, thereby reducing the complexity of the search space. In
practice, the combination of existing knowledge of protein structures, parametric
models and efficient search strategies can be used to mine proteins with specific
functions, stability and solubility with limited computational resources, providing
strong support for protein design and optimization.

8.2.2 Parametric protein design

Parametric protein design is a computer-aided protein design method, with the primary
goal of adjusting and optimizing parameters of protein structures and sequences to
achieve desired biological functions and structural stability (Kuhlman and P. Bradley
2019b). To achieve this goal, the right combination of parameters needs to be found to
give the protein the desired function and properties. The key steps in parametric protein
design are shown in Figure 8.1. The two most important steps in the design process
are parameter selection and parameter optimization. Parameter selection requires the
selection of parameters related to protein structure and function, such as amino acid
sequence, side chain angle, and solvent accessibility, according to the design objectives
(Rebecca F. Alford et al. 2017); parameter optimization can be classified according to
the optimization strategy and search strategy. Optimization strategies mainly include
energy minimization and probabilistic search. Energy minimization methods focus on
optimizing the energy of protein structures to improve structural stability and function;
while probabilistic search methods employ random sampling and acceptance or rejection
criteria to search within the parameter space. Search strategies include genetic algorithms,
Monte Carlo simulations, and more. As a heuristic search method, genetic algorithms
have high search efficiency and flexibility; Monte Carlo simulations are suitable for
handling complex energy landscapes and parameter relationships (Gainza, K. E. Roberts,
and Donald 2012). Parametric protein design, and in particular the parameter selection
and parameter optimization steps involved, is provided by theoretical underpinnings and
practical guidance from protein structure topology studies.

The study of protein structure topology can provide a basis for parameter selection in

the parametric protein design process. For example, it has been found that the interactions
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between protein secondary structure elements and the mechanism of tertiary structure
formation are crucial for protein function (Dill and MacCallum 2012). In addition,
understanding the topological characteristics of protein structures helps to better grasp
the impact of parameter tuning on protein structure and function. For example, protein
structural topology studies have revealed certain general principles of structural stability,
such as hydrogen bonding networks and hydrophobic cores (Mirny and Shakhnovich
1999). Furthermore, Protein structure topology studies have revealed the phenomenon
of ”protein folding topology” (Orengo, D. T. Jones, and J. M. Thornton 1994), which
provides valuable clues for parametric protein design. By changing parameters such
as amino acid sequence or side chain angle, proteins can be guided to form specific

topological patterns to achieve function and stability (Kuhlman and P. Bradley 2019b).

Understanding the relationship between structure, parameters, and function is crucial
in parametric protein design (Rebecca F. Alford et al. 2017). Parameters such as amino
acid sequence, side chain angle, and solvent accessibility have a significant impact
on protein structure and function (Gainza, K. E. Roberts, and Donald 2012). Firstly,
the amino acid sequence determines the primary structure of a protein and indirectly
influences its secondary, tertiary, and quaternary structure. By adjusting the amino acid
sequence, properties such as the folding stability, functional activity, and affinity of a
protein can be altered (Murzin et al. 1995). In addition, the side chain angle determines
the spatial arrangement of the amino acid side chains during protein folding and affects
the steric conformation and stability of the protein. Solvent accessibility affects the
interaction of the protein with its surroundings, including binding to ligands, substrates,
or other proteins. By optimizing the side chain angle and solvent accessibility, the
affinity of a protein to a specific ligand can be improved, allowing for specific antibody
design (Gainza, K. E. Roberts, and Donald 2012). Parametric protein design has played
a key role in many successful examples of protein design, including enzyme activity
improvement, antibody affinity enhancement, and the design of novel functional proteins
(Rebecca F. Alford et al. 2017). These success cases provide ample evidence of the
reliability and effectiveness of parametric protein design in achieving specific goals.

Computable parameters are a class of parameters related to protein structure and
function that can be derived computationally. These parameters are essential for under-
standing and predicting the behavior of proteins, as they can directly affect the structure,

stability, hydrophobicity, and other properties of proteins, as shown in Table 8.1.
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Table 8.1: Computable parameters and description
RC Score: It is a parameter that describes the importance of amino acid
residue interactions. The higher the score, the more critical the amino acid
residues are in the protein structure. Calculating the RC score helps to optimize
the stability and folding ability of the protein and is essential for improving
thermal stability and resistance to protease degradation.
Hydrophobicity: It is a parameter that measures the hydrophilicity of amino
acid residues and is usually calculated using molecular dynamics simulations
and computational chemistry. Optimizing the hydrophobicity of proteins
enhances their solubility, stability, and interaction with other molecules.
Instability: It refers to the half-life of a protein molecule in vitro and is closely
related to factors such as amino acid sequence, structure, and hydrophobicity.
Calculating the instability of amino acid residues helps to predict the stability
and susceptibility to degradation of the whole protein molecule, which is of
great importance for drug development and protein engineering.
Size: Protein size refers to the total number of amino acid residues in its
molecule. Size can have an impact on the folding rate, stability, and function of
a protein. Calculating protein size can help predict its properties and function
and provide a basis for optimizing protein structure.
Isoelectric: The isoelectric point is the pH value of a protein molecule when
the sum of its charges is zero. Calculating the isoelectric point helps to predict
the charge state of a protein in different pH environments and further speculates
on its role in the organism. In addition, calculating the isoelectric point also
helps to optimize the charge distribution of proteins, thereby improving their
stability and biological activity in various environments.
Solvent accessibility: It describes the extent to which an amino acid residue
or part of it in a protein molecule is exposed in solution. It is closely related to
protein folding, stability, and molecular interactions. Calculating the solvent
accessibility of amino acid residues helps to predict the stability and biological
function of proteins while revealing the structural features of proteins and the
role of amino acid residues in the structure.

In areas such as protein design, drug development, and bioengineering, the use of
computable parameters helps to optimize protein function and enhance its applications
(V. V. B. Yallapragada et al. 2020). Researchers have used computer simulations, data
mining, and bioinformatics methods to calculate and predict these parameters, thereby
making connections between protein sequence, structure, and function. This provides an

innovative and powerful direction for the modification and optimization of proteins.
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Figure 8.2: Issues and Challenges of Existing Protein Search Methods.

8.2.3 Challenges and Bottlenecks in Searching the Protein
Space

Protein research heavily relies on extensive experimental data stored in various databases.
The RCSB PDB is a widely-used repository for 3D protein structures determined by
experimental methods (Berman et al. 2000). UniProt is another comprehensive resource
that integrates protein sequences and functional annotations from several databases,
including the manually annotated Swiss-Prot and the automatically annotated TTEMBL
(“UniProt: the universal protein knowledgebase in 2021”7 2021). Additionally, databases
like CATH, SCOP, and Pfam classify and annotate proteins based on their structural,
sequence, or functional characteristics (Orengo, Michie, et al. 1997; Murzin et al. 1995;
Finn, Coggill, et al. 2016). These databases provide valuable information for understand-
ing protein structure, function, and evolution, making them essential for protein research
and design.

Protein searching typically employs two main approaches: structure-based and sequence-
based methods. Structure-based methods, such as DALI (Holm and Laakso 2016) and
TM-align (Yang Zhang and Skolnick 2005), compare the 3D structures of proteins to
identify similarities, which is particularly useful for proteins with diverse sequences but
similar structures. In contrast, sequence-based methods, like BLAST (J. Ye, McGinnis,
and Madden 2006) and HMMER (Finn, Clements, and Eddy 2011), detect homology by
comparing amino acid sequences and excel at identifying proteins with similar sequences.

However, as illustrated in Figure 8.2, these methods have limitations in terms of
efficiency, accuracy, and adaptability (Rost 1999; Gligorijevi¢ et al. 2021; Schnoes
et al. 2009; Pearson 2013). Structure-based methods are computationally intensive and

slow, while sequence-based methods may struggle with proteins exhibiting significant
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structural differences despite sequence similarity. The non-linear relationship between
protein structure and sequence can lead to errors in search results, with structure-based
methods potentially failing to identify functional similarities between proteins with simi-
lar structures but different sequences, and sequence-based methods failing to accurately
detect structural similarities in proteins with similar sequences but different structures.
Database quality, including incorrect annotations, redundancy, and incomplete data, can
also negatively impact search results. Moreover, interpreting protein search results and
comparing them with experimental data can be challenging and error-prone for large
datasets. Existing search methods may not adapt well to various protein types and
biological problems, particularly when targeting specific proteins or scenarios.

To address these challenges, researchers have developed various rapid protein structure
search methods in recent years. For instance, 3D-AF-SURFER (Aderinwale et al. 2022)
utilizes deep learning to learn 3D feature representations of protein surfaces, enabling
fast and accurate structure alignment and similarity search. GraSR (C. Xia et al. 2022)
introduces a graph representation learning approach, improving search efficiency and
generalizability by converting protein structures into graphs and learning their embedded
representations. DeepFold (J.-W. Lee et al. 2023) employs convolutional neural networks
to extract features directly from 3D structures, accelerating the structure alignment
process. MADOKA (Tilahun et al. 2022) designs a MapReduce-based distributed
computing framework, achieving parallelization and scalability for large-scale protein
structure searches. These methods have made significant contributions to accelerating
searches and expanding functionality in the field of protein structure search.

Despite the progress made by existing methods, there are still limitations in terms
of insufficient utilization of sequence information, limited search flexibility, and in-
terpretability. These limitations highlight the need for innovative approaches that can
effectively integrate sequence and structural information, support flexible search queries,
and provide interpretable results.

Parametric protein search emerges as a promising alternative that tackles the chal-
lenges in protein search from a different perspective. Instead of solely relying on
traditional structure or sequence-based methods, parametric protein search introduces
a novel paradigm that leverages the power of parametric protein design. By carefully
selecting and optimizing a set of key parameters that define protein structure and function,

such as amino acid composition, hydrophobicity, and secondary structure propensities,
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parametric protein search enables a more comprehensive and fine-grained representation
of proteins.

This parametric approach offers several advantages over existing methods. It allows
for the seamless integration of sequence and structural information, as the parameters can
capture both the global topology and the local physicochemical properties of proteins.
Furthermore, it provides a highly flexible and customizable search framework, where
users can define their own parameter combinations and search criteria based on their
specific research needs. Finally, the parametric representation facilitates the interpretabil-
ity of search results, as the key parameters contributing to the similarity or difference

between proteins can be easily identified and visualized.

8.2.4 PS-GO - Transforming Protein Exploration with a
Breakthrough Search Method

PS-GO(Parametric Search, GO!) is an innovative parametric protein search engine that
cleverly integrates protein structure, sequence information, and computable parameters.
Our search engine aims to address the multiple limitations of existing protein search
methods and provide a more powerful, efficient, and flexible tool for protein design
research and applications.

A core feature of PS-GO is its unique search capability, which enables users to specify
specific parameters and constraints to search for protein sequences and structures that
meet their needs through a parametric protein design approach. This approach improves
the ability to control protein structure and function with precision by calculating and
tuning key parameters in the protein molecule. Specifically, PS-GO can handle a variety
of complex protein sequences and structure parameters such as RC.Score, hydrophobicity,
instability, size, isoelectric point, and solvent accessibility to meet different research
needs. This precise search capability not only improves the accuracy of the search results
but also contributes to a deeper understanding of the structure-function relationships of
proteins, which is of great academic value for research in the field of protein design and
engineering.

As shown in Figure 8.3, PS-GO (https://psgo.ucc.ie/) utilizes parallel computing and
rapid algorithms and processes a vast array of protein structure parameters swiftly. Even

when dealing with extensive protein data, PS-GO returns results that cater to users’ needs
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Figure 8.3: How PS-GO search works and its key features.

promptly. Significantly more efficient than traditional structure or sequence-based search
methods, PS-GO allows researchers to acquire necessary protein structure information in

less time, accelerating the experimental procedure.

Another highlight of PS-GO is the enhanced user experience. Its intuitive graphical
interface, coupled with natural language processing technology, allows effortless input
and interaction, eliminating the requirement of specialized biological or computer tech-
nology knowledge. Therefore, PS-GO’s usability extends beyond researchers, catering
to a broader user base including students, teachers, biologists, and drug researchers.
This capacity helps proliferate protein design knowledge and techniques, extending their
applicability.

PS-GO also provides customization of parameters and optimization conditions ac-
cording to user needs, facilitating realistic protein design. Its high adaptability and
customization allow its utility across diverse research requirements and application sce-
narios, offering researchers more innovative avenues and fostering the advancement and

application of protein design technologies.

In conjunction with the Silver Surfer service, PS-GO enables users to freeze certain

protein sequence residues while adjusting others to generate novel protein sequences.
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This feature empowers researchers to probe deeper into protein sequence space, enhanc-
ing the diversity and adaptability of protein structures. This holds immense academic
merit in investigating the interplay between protein sequence and structure, optimizing
proteins’ functional attributes, and creating opportunities for protein modification and

novel drug development.

The integration of PS-GO with Protein Fragment And Structure Analysis (PROFASA)
interlinks it with other bioinformatics tools and data resources, creating a comprehensive
ecosystem for protein design and research (Mi et al. 2023a). Through PROFASA, PS-GO
integrate with protein databases (like PDB, UniProt), sequence alignment tools (such as
BLAST), and structure prediction software, establishes a one-stop platform for protein

design and research, bolstering research and applications in related domains.

8.2.5 Parametric Search Strategy

PS-GO employs a novel parametric search strategy to efficiently explore the vast protein

sequence and structure space. The key steps of this strategy are outlined below:

Data Collection and Processing: PS-GO collects protein data from various public
databases, such as PDB and UniProt. The collected data is carefully curated and fil-
tered based on sequence and structure quality, redundancy, and completeness. A series
of preprocessing steps, including sequence alignment, structure validation, and data

normalization, are performed to ensure the consistency and reliability of the data.

Parameter Calculation: For each protein in the database, PS-GO calculates a set of
key parameters that characterize its physicochemical properties and structural features.
These parameters include amino acid composition, hydrophobicity, instability index,
molecular weight, isoelectric point, secondary structure content, solvent accessibility,
and more. The calculation of these parameters is based on well-established algorithms
and empirical formulas, such as the Kyte-Doolittle hydrophobicity scale (Kapcha and
Rossky 2014) and the Chou-Fasman secondary structure prediction method (T. A. Kumar
2013).

Data Integration: The calculated parameters, along with the sequence and structure
information, are integrated into a unified database. This database serves as the foundation

for the subsequent parametric search and protein design tasks. The integration process
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involves data mapping, indexing, and optimization to facilitate efficient data retrieval and

analysis.

Parametric Search: Given a user-specified query, PS-GO performs a parametric
search against the integrated database. The query can be a combination of various pa-
rameters, such as sequence similarity, structural motifs, and physicochemical properties.
PS-GO employs advanced indexing and hashing techniques to quickly identify proteins
that match the query criteria. The search results are ranked based on their relevance and

similarity to the query, providing users with a prioritized list of candidate proteins.

Protein Design and Optimization: In addition to searching existing proteins, PS-GO
also supports the design of novel proteins with desired properties. Users can specify
the target parameters, such as stability, solubility, and function, and PS-GO will gen-
erate a set of candidate sequences that satisfy these requirements. The design process
involves a combination of data-driven modeling, molecular simulations, and optimization
algorithms. PS-GO iteratively refines the candidate sequences based on their predicted
structures and functions, ultimately delivering a set of optimized protein designs for

experimental validation.

By integrating these key steps, PS-GO provides a powerful and flexible platform for
parametric protein search and design. The modular architecture of PS-GO allows for easy
extension and customization, enabling researchers to adapt the system to their specific

needs and incorporate new algorithms and data sources.

8.3 Methods

8.3.1 Parametric Search Algorithm

The core of PS-GO is an innovative parametric search algorithm that enables efficient
and flexible retrieval of proteins based on user-specified multi-dimensional parameter

conditions. The algorithm consists of the following key steps:

Parameter Extraction: Given a protein sequence or structure, PS-GO first extracts a
set of parameters that characterize the physicochemical properties and structural features

of the protein. These parameters include:
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(1) Amino acid composition: The frequencies of 20 amino acids in the protein sequence
are calculated using the ProtParam module of BioPython (Cock et al. 2009), resulting in
a 20-dimensional composition vector.

(2) Isoelectric point: The isoelectric_point() function in the ProtParam module is used
to calculate the isoelectric point of the protein based on the pKa values of amino acids.

(3) Molecular weight: The molecular_weight() function in the ProtParam module is
used to calculate the molecular weight of the protein based on the molecular mass of
amino acid residues.

(4) Hydrophobicity: We implemented the Kyte-Doolittle hydrophobicity scale algo-
rithm to calculate the hydrophobicity score of each amino acid residue using a sliding
window approach. The average score is then taken as the hydrophobicity index of the

entire protein. Specifically, the following formula is used:

1 n
n; (8.1)

where H is the hydrophobicity index of the protein, n is the number of amino acid
residues, and h; is the hydrophobicity score of the i-th residue (obtained from the
Kyte-Doolittle scale table).

(5) Instability index: The instability index() function in the ProtParam module is used
to calculate the instability index of the protein based on the dipeptide frequency and
the Dipeptide instability weight values (DIWV) instability weight values (Guruprasad,
Reddy, and Pandit 1990).

(6) Secondary structure: The DSSP program is used to predict the secondary structure
(like a-helix, [3-sheet, coil) of the protein, and the proportions of each secondary structure
type are calculated (Zacharias and Knapp 2014). DSSP uses hydrogen-bonding patterns
and geometrical criteria to reliably identify secondary structure elements.

(7) Solvent accessibility: The NACCESS program is used to calculate the relative
solvent accessibility (RSA) of residues on the protein surface (S. J. Hubbard 1993).
NACCESS employs the Lee-Richards algorithm to estimate the accessibility of residues
by rolling a probe over the protein surface. We calculate the RSA value for each residue
and then take the average as the solvent accessibility index of the entire protein.

The above parameter extraction process is implemented by combining existing bioinfor-
matics tools (like DSSP, NACCESS) and self-developed algorithms (like Kyte-Doolittle
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hydrophobicity calculation) to ensure the efficiency and accuracy of the calculation. The
algorithms are implemented in Go, and the bioinformatics tools are invoked through
system calls.

To speed up the parameter extraction process, we leverage Go’s goroutine mechanism
to perform concurrent calculations. Each protein is assigned to a goroutine, which
independently carries out the parameter extraction tasks. Within each goroutine, we
invoke Python scripts or custom Go scripts to compute specific parameters. This parallel
computing approach greatly improves the efficiency of parameter extraction, especially
when dealing with large-scale protein datasets.

Natural Language Search: In addition to range-based parameter search, PS-GO also
supports natural language queries. Users can input natural language sentences describing
the desired protein properties or functions, such as "Find proteins with high stability and
low molecular weight”. We utilize the GPT-4 model from OpenAl to convert the natural
language query into structured parameter conditions through function calls (Achiam et al.
2023).

Specifically, we define a function named “parse_query” that takes a natural language
query as input and outputs the parameter conditions in JSON format. For example, given
the above query, GPT-4 will return the following JSON:

"stability": "high",

"molecular_weight": "low"

We then map these qualitative descriptions to specific numeric ranges. For instance,
“high stability” corresponds to an instability index less than 40, and “low molecular
weight” corresponds to a molecular weight less than 50 kDa. Finally, the converted
parameter conditions are used for the subsequent search process.

Indexing and Hashing: To accelerate the retrieval process, PS-GO builds inverted
indexes for the extracted parameter values. Each parameter value is mapped to a unique
hash code, and the proteins are organized into corresponding hash buckets based on their
parameter features. This indexing scheme allows for constant-time lookup of proteins

that match a given parameter query condition.
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Specifically, we adopt a multi-dimensional hashing approach that converts each pa-
rameter value into a 64-bit hash code. For numeric parameters (like molecular weight),

we use a double hashing function to map the value to a hash bucket:

hi(z) = (ax + b)%p (8.2)

ha(z) = 1+ ((x + )% (p — 1)) (8.3)

where z is the parameter value, p is a prime number (chosen as the smallest prime
greater than the range of the parameter), and a, b, ¢ are randomly selected constants.
The double hashing function effectively reduces hash collisions and improves retrieval

efficiency.

For categorical parameters (like secondary structure), we use the MurmurHash3
algorithm to map the category labels to hash codes (Dahlgaard, Knudsen, and Thorup
2017). MurmurHash3 is a non-cryptographic hash function known for its fast speed and

good distribution properties.

During retrieval, the system calculates the hash codes corresponding to the user query
and then performs matching in the corresponding hash buckets to filter out the proteins

that satisfy the conditions.

Query Processing: When a user submits a query containing multiple parameter
conditions, PS-GO first parses the query and converts it into a set of hash codes. Then,
the algorithm retrieves proteins from the corresponding hash buckets and filters them to

find the results that satisfy all the conditions.

We designed a set operation-based query processing method that treats multiple
parameter conditions as sets and uses set operations (like intersection, union, difference)
to combine the conditions. For example, given the query “(stability >0.8) AND (size
<2000)”, we first find the sets of proteins satisfying “’stability >0.8" and "’size <20007,
denoted as S and S,, respectively. We then calculate the intersection of S; and S5 to

obtain the final result.

This set-based query processing method fully leverages the inverted indexes and avoids

linear scans over the entire database, thereby significantly improving query efficiency.
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8.3.2 Protein Database Construction

The PS-GO database is constructed by integrating two major public data sources: PDB
and UniProt.

Data Integration: We first download data files from the FTP servers of PDB and
UniProt, respectively. For PDB, we download the mmCIF format structure files and
FASTA format sequence files. For UniProt, we download the XML format annotation
files and FASTA format sequence files.

We then use the BioPython library in Python to parse these files and extract the fields
of interest, such as PDB ID, UniProt ID, amino acid sequence, secondary structure, and
functional annotations. These fields are mapped to a relational database schema, creating

tables for proteins, residues, atoms, and annotations.

During the integration process, we need to handle cross-references between PDB
and UniProt to establish a mapping between the two databases. We utilize the "PDB
cross-reference” field in UniProt, which provides the correspondence between UniProt
entries and PDB structures. Through these cross-references, we can associate structural

information with sequence and functional annotations.

We developed an automated data integration pipeline using the Luigi workflow frame-
work to manage tasks such as data downloading, parsing, cleaning, and mapping. The
pipeline runs periodically to ensure that the database stays in sync with PDB and UniProt.

Data Storage: PS-GO uses a MySQL relational database management system to store
and manage the protein data. MySQL is a widely-used open-source database known for
its high performance, scalability, and ease of use.

We designed a normalized database schema that includes the following main tables:

(1) Protein table: stores basic information about proteins, such as PDB ID, UniProt
ID, sequence length, and species.

(2) Residue table: stores information about amino acid residues in proteins, such as
residue number, residue name, and secondary structure type.

(3) Atom table: stores the atomic coordinate information of proteins, such as atom
number, atom name, and x/y/z coordinates.

(4) Annotation table: stores functional annotation information for proteins, such as

Gene Ontology (GO) terms, Enzyme Commission (EC) numbers, and Pfam domains.
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(5) Parameter table: stores various parameters of proteins, such as molecular weight,
isoelectric point, hydrophobicity, and instability index.

We utilize MySQL’s indexing mechanisms (like B+ tree index, hash index) to speed
up data retrieval. For frequently queried fields (like PDB ID, UniProt ID), we create
single-column indexes. For fields that are often queried together (like residue number
and atom name), we create composite indexes.

Additionally, we developed stored procedures and user-defined functions (UDFs) to
perform certain computation tasks on the database server side, reducing the burden on
the application server.

Data Access: PS-GO uses the database/sql package in Go to communicate with
the MySQL database (Yellavula 2017). The database/sql package provides a generic
interface for interacting with SQL databases, supporting multiple database drivers.

We define Go structs that correspond to the tables in the database. These structs, also
known as “models”, contain fields that map to the columns of the tables. We use the
GORM library, which is an object-relational mapping (ORM) library for Go, to simplify
database operations (Yellavula 2017). GORM allows us to define database models using
Go structs and provides high-level APIs for querying and manipulating data.

For example, the following code defines the Protein and Residue models:

type Protein struct {

ID uint ‘gorm: "primaryKey"
PdbID string ‘gorm:"index"®
UniprotID string ‘gorm:"index" "

Sequence string

Residues [IResidue

type Residue struct {
ID uint ‘gorm: "primaryKey"®

ProteinID uint

Number int
Name string
SSType string
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With these model definitions, we can easily perform database operations using
GORM’s methods, such as Create, Find, Update, and Delete. For instance, the fol-
lowing code demonstrates how to query a protein by its PDB ID and retrieve its residue

information:

var protein Protein

db.Preload("Residues") .First (&protein, "pdb_id = 2", "lake")

for _, residue := range protein.Residues {

fmt.Println (residue.Number, residue.Name, residue.SSType)

By leveraging GORM, we can express complex SQL queries in a more intuitive and

object-oriented way, greatly improving development efficiency.

8.3.3 Silver Surfer

The integration with Silver Surfer service takes PS-GO’s capabilities a step further.
Should the initial search not yield any closely matching sequences, Silver Surfer enables
the creation of novel protein sequences. Silver Surfer is a novel tool that applies a genetic
algorithm for protein sequence generation with a fitness function derived from the query.
The fitness function plays a crucial role in guiding the evolutionary process towards
sequences that satisfy the user-specified target properties.

In Silver Surfer, the fitness function is designed to measure the similarity between the
generated sequences and the target protein properties specified by the user. The fitness
function calculates a weighted sum of the mean absolute errors (MAEs) between the
predicted properties of the generated sequence and the user-defined target values. The

MAE for each property is computed as follows:

n

1
TLE:‘p] ﬂ (8.4)

J=1
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where 7 is the index of the property, n is the number of residues in the sequence, p;; is
the predicted value of the i-th property for the j-th residue, and ¢;; is the user-defined
target value for the ¢-th property at the j-th residue.

The properties considered in the fitness function include various physicochemical and
structural parameters, such as stability, hydrophobicity, molecular weight, and secondary
structure composition. For each property, the user specifies a desired target value or
range at each residue position. The fitness function then evaluates how well the generated

sequence matches these target values by calculating the MAE for each property.

To account for the relative importance of different properties, the fitness function
assigns a weight to each property based on user preferences or predefined settings. The

weighted sum of MAEs is calculated as follows:

Fitness = » _ w; - MAE, (8.5)
i=1
where m is the number of properties, w; is the weight assigned to the i-th property,

and MAE, is the mean absolute error for the i-th property.

The weights allow users to prioritize certain properties over others. For example, if
stability is more important than hydrophobicity for a specific protein design task, the
user can assign a higher weight to the stability property. The fitness function will then

place more emphasis on minimizing the MAE for stability compared to other properties.

In addition to the weighted sum of MAEs, the fitness function also incorporates a
penalty term for sequences that violate the ’frozen” regions specified by the user. The
frozen regions are specific portions of the sequence that should remain unchanged during
the optimization process. If a generated sequence modifies any residue in the frozen
regions, a large penalty value is added to the fitness score, effectively discouraging the

selection of such sequences.

The final fitness score is calculated as follows:

Fitness = Z w; - MAE; + X - FrozenPenalty (8.6)

i=1
where ) is a hyperparameter that controls the strength of the penalty, and FrozenPenalty

is the number of residues in the frozen regions that have been modified.
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A lower fitness score indicates a better fit between the generated sequence and the
target properties. The genetic algorithm in Silver Surfer aims to minimize the fitness
score by selecting and mutating sequences with lower scores.

During the evolutionary process, the genetic algorithm maintains a population of
candidate sequences. In each generation, the sequences with the lowest fitness scores
are selected for reproduction and mutation. The mutation operator introduces random
changes to the sequences while respecting the frozen regions. The modified sequences
are then evaluated using the fitness function, and the process continues for a specified
number of generations or until a satisfactory solution is found.

By incorporating a comprehensive fitness function that considers multiple properties,
assigns weights based on user preferences, and penalizes violations of frozen regions,
Silver Surfer enables the generation of novel protein sequences that closely match
the user-defined target properties. This approach allows users to fine-tune the desired
characteristics of the generated sequences and explore a vast sequence space beyond the
existing proteins in the database.

The genetic algorithm employed by Silver Surfer, as shown in Table 8.2, leverages the
fitness function to guide the search process efficiently. The iterative process of selection,
mutation, and evaluation allows Silver Surfer to continuously improve the generated
sequences until a satisfactory solution is found or a predefined stopping criterion is met.

This cycle repeats until a stopping condition, such as reaching a maximum number of
generations or achieving a fitness score below a specified threshold, is met. The use of
the weighted MAE-based fitness function with frozen region constraints allows Silver
Surfer to efficiently explore the vast sequence space and generate novel proteins that
closely match the user-defined target properties while preserving critical regions of the

sequence.

8.4 Results

8.4.1 Key Functionalities and User Interface of PS-GO

PS-GO offers a comprehensive suite of functionalities for protein search, analysis, and
visualization, all accessible through a user-friendly web interface. The primary feature

of PS-GO is its parametric search capability, which allows users to search for proteins
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Table 8.2: The genetic algorithm employed by Silver Surfer
Initial Population: The process begins with a set of protein sequences, which
can be randomly generated or seeded from existing sequences. Each sequence
is represented as a string over a finite alphabet, in the case of protein sequences,
this consists of 20 amino acids. All sequences constitute a continuous individ-
ual pool.
Fitness Function: A fitness function is used to evaluate the quality of each
sequence. This function uses a weighted sum of MAEs and a penalty for frozen
region violations to measure how well the protein sequence performs. Based
on the results of the fitness function evaluation, each sequence is assigned a
fitness score.
Selection and Mutation: In each iteration, the sequences with the lowest
fitness scores are selected from the individual pool for reproduction and muta-
tion. The selected sequences undergo mutation operations, generating a series
of new sequences. During the mutation process, certain parts can be set as
’frozen”, remaining unchanged.
Sequence Evaluation: The newly generated sequences are evaluated using
the fitness function, and their fitness scores are calculated.
Population Update: The new sequences are added to the population, replacing
the sequences with higher fitness scores. The size of the population remains
constant throughout the iterations.
Iterative Process: The process continues to iterate, selecting the sequences
with the lowest fitness scores for mutation and updating the population with
the newly generated sequences. This process goes on until a sequence meeting
the specified criteria is found or a predefined number of iterations is reached.

based on a combination of sequence, structure, and physicochemical properties. Users
can specify search criteria using a flexible parameter selection tool, which includes
options for amino acid composition, hydrophobicity, secondary structure propensities,

and various geometric features.

In addition to parametric search, PS-GO also supports natural language search, en-
abling users to query proteins using plain text descriptions of desired properties or
functions. The natural language search engine employs advanced NLP techniques to

interpret user queries and retrieve relevant protein entries from the database.

Figure 8.4 showcases PS-GO’s user-friendly search interface, which allows users to

easily input their search criteria and view the resulting protein information.
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I'm looking for a complex protein with very large size. | also want this protein to have a low Isoelectric Point.

Sequence RC.Score Hydrophobicity Instability Size Isoelectric Point Solvent Accesibility
(A)
3J03 Generate new proteins!
VLPENMKRYMGRDAQRMNILAGRIIAETVRSTLGPKGMDKMLVYDDLGDVVVTNDGVTILREMSVEHPA
rc.Score 99.1845
Hydrophobicity -0.048
Instability 30.14
Size 840.52
Isoelectric Point 4.93
Solvent Accesibility  0.22 (B)
A. Diversified parametric search B. The search results list is displayed

Figure 8.4: PS-GO protein search engine. A. Parametric search page, select the corre-
sponding parameter and give the filter range to search. B. Search result list,
showing the model picture, sequence, and parameter of the protein.

With PS-GO, users can visualize protein 3D structures directly from the search results
page. The structure viewer provides various representation options, such as cartoon,
surface, and ball-and-stick models. Users can interact with the displayed structure by
rotating, zooming, and panning to examine it from different angles.

Furthermore, PS-GO integrates the PROFASA (Protein Fragment and Structure Anal-
ysis) tool for protein structure visualization and analysis. PROFASA is a web-based
platform that offers a range of functionalities for exploring and understanding protein
structures (M1 et al. 2023a).

PROFASA'’s analysis tools, accessible through PS-GO, enable users to investigate
protein structural features in detail. These tools include secondary structure analysis,
structural alignment, binding site prediction, and structural superposition.

Figure 8.5 illustrates an example of protein structure visualization and analysis using
PS-GO and PROFASA.

PS-GO efficiently calculates a range of protein parameters, including RC.Score, hy-

drophobicity, instability, molecular size, isoelectric point, and solvent accessibility. These
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Figure 8.5: Structural visualization of protein models and graphical representation of
parameters using PS-GO and PROFASA.

parameters offer valuable insights into the physicochemical properties and potential func-
tions of proteins.

The calculated parameters are presented in an intuitive and visually appealing manner
within PS-GO’s interface (Figure 8.4). Users can easily view and analyze the parameter
values, facilitating the interpretation of protein characteristics and the identification of

proteins with desired properties.

8.4.2 Advantages and Potential Impact of PS-GO

PS-GO introduces a novel protein search framework based on parametric protein design
principles. By integrating sequence, structure, and physicochemical property information,
PS-GO provides users with a unique perspective to search and explore proteins. Different
from existing methods that rely on sequence or structure alignment, PS-GO’s parametric
search approach allows users to find proteins that satisfy specific criteria based on
a combination of various properties. This innovative search paradigm complements
traditional methods by enabling the discovery of proteins that might be difficult to
identify using sequence or structure similarity alone.

One of the major strengths of PS-GO is its flexibility and customizability. The

parametric search engine allows users to define their own search criteria and parameter
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combinations, tailoring the search process to specific research questions or application
scenarios. This flexibility empowers researchers to explore protein relationships from
different angles and to uncover novel insights that might be missed by fixed, predefined
search methods.

Another key advantage of PS-GO is its interpretability. By providing detailed parame-
ter profiles and visualizations, PS-GO helps users understand the key factors contributing
to protein similarity and function. This interpretability is particularly valuable for tasks
such as protein function prediction, rational protein design, and evolutionary analysis,
where understanding the underlying mechanisms is crucial.

Table 8.3 provides a summary comparison of the features and characteristics of PS-GO

and other representative protein search methods.

Table 8.3: Comparison of features and characteristics between PS-GO and other protein
search methods

Method Search Protein Represen- Flexibility Interpretability
Mechanism tation
PS-GO Parametric  Integration of se- Allows user- Provides insights
protein quence, structure, defined parameter into key parame-
design- and physicochem- combinations and ters contributing
based ical properties search criteria to similarity or
difference
Dali (Holm Structure- 3D coordinates of Limited to struc- Focuses on global
and Laakso based protein backbone  tural similarity structural align-
2016) ment
Foldseek Structure- 3D coordinates of Allows different Provides  local
(Kempen based protein backbone distance measures alignment infor-
et al. 2022) and  alignment mation
modes
PSI- Sequence- Amino acid se- Allows itera- Focuses on se-
BLAST based quence tive search and quence similarity
(Bhagwat position-specific
and Ar- scoring matrices
avind 2008)

The modular architecture of PS-GO also makes it a valuable platform for integrating

new protein tools. As new methods for protein representation and comparison are devel-
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oped, they can be easily incorporated into the PS-GO framework, allowing researchers

to complement their work.

8.4.3 Performance Evaluation

To assess the performance of PS-GO in handling various tasks, we conducted bench-
mark tests using a script that iteratively executes parametric searches, natural language
searches, and new sequence generation functions for 100 times. The benchmark script is
available at github (https://github.com/Atobelin/psgo-benchmarking). In each iteration,
we randomly generated or selected different parameter values, query statements, and
target conditions to simulate the diversity of real-world usage scenarios. The test results

are presented in Table 8.4.

Table 8.4: The average performance of PS-GO in handling different tasks

Task Average Operation Time (s)
Parametric Search 0.84

Natural Language Search 1.62

New Sequence Generation 5.10

Parameter Calculation 6.4s per 50 items

For the parametric search task, PS-GO achieves an average response time of 0.84 sec-
onds. This demonstrates that PS-GO is capable of processing complex multi-parameter
queries within sub-second latency, exhibiting exceptional retrieval efficiency. Even under
dynamic variations of parameter values, PS-GO maintains stable and rapid performance,
which can be attributed to our optimized indexing structure and query algorithms.

In the natural language search task, PS-GO yields an average response time of 1.62
seconds. Although natural language queries involve more semantic understanding and
matching computations, PS-GO still manages to return precise results within 2 seconds.
This is primarily due to the advanced natural language processing techniques we employ,
such as deep learning-based semantic representations and intelligent query expansion,
enabling PS-GO to efficiently handle natural language queries.

Regarding the new sequence generation task, we conducted 50 iterations of testing,
resulting in an average operation time of 5.10 seconds. Generating new sequences is
a computationally intensive task that requires searching and optimizing within a vast

sequence space, thus taking relatively longer time. Nevertheless, PS-GO completes
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the generation of new sequences within a short period, owing to the heuristic search
strategies and parallel computing techniques we adopt, which significantly accelerate the
sequence generation process.

We did not include benchmark tests for the parameter calculation task. This is because
parameter calculation is a one-time operation performed during database construction,
mainly involving feature extraction and statistical analysis on large-scale protein data.
Although computationally intensive, this process can be efficiently completed in the
background through preprocessing and caching optimizations. Once the parameter
calculation is finished, subsequent search and analysis tasks can directly utilize the pre-
computed results without repetitive calculations. Therefore, assessing the performance
of parameter calculation is less relevant to evaluating PS-GO’s real-time responsiveness
and user experience.

Overall, the benchmark test results demonstrate that PS-GO exhibits outstanding
performance and stability in key tasks such as parametric search, natural language search,
and new sequence generation. Even under dynamically changing query conditions, PS-
GO consistently delivers efficient service, providing researchers with a fast, reliable, and
user-friendly platform for protein analysis, which has the potential to greatly enhance the

efficiency and depth of protein research.

8.5 Discussion and Outlook

Parametric protein design has emerged as a powerful technique for precisely manipu-
lating protein structure and function by computationally adjusting key parameters in
protein molecules (Korendovych and DeGrado 2020). This approach has gained sig-
nificant traction across multiple fields, including drug discovery, biotechnology, and
synthetic biology, owing to rapid advancements in computer science and experimental
techniques (W. Wei et al. 2020). However, the full potential of parametric protein design
is often hindered by the limitations of traditional protein structure databases, which face
challenges in search efficiency and computational complexity.

One major hurdle is the time-consuming data processing and significant computational
power required to search through vast protein databases (Rost 1999). Additionally,
identifying proteins with substantial sequence differences using sequence-based methods

or discerning the functional similarity of proteins with varying sequences using structure-
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based methods can be complex and computationally intensive (Gligorijevic et al. 2021).
These challenges underscore the need for an enhanced, accurate, and adaptable search
strategy to complement parametric protein design efforts.

Parametric protein search engines, such as PS-GO, offer a promising solution to these
challenges by incorporating advanced algorithms, optimizing computational resources,
and improving protein feature understanding. These search strategies aim to efficiently
navigate the vast protein sequence and structure space, enabling researchers to quickly
identify promising candidates for further optimization through parametric protein search.

By integrating parametric protein search with parametric protein design, researchers
can unlock the untapped potential of these technologies and fuel research progress in
related fields. The development of efficient protein search engines not only enhances the
speed and efficiency of protein design but also opens up new avenues for groundbreaking
discoveries in bioinformatics and computational biology.

In essence, the symbiotic relationship between parametric protein design and para-
metric protein search holds the key to overcoming the limitations of traditional protein
structure databases and accelerating innovation in protein engineering. As these technolo-
gies continue to evolve and integrate, they promise to revolutionize our understanding of
proteins and their applications in various domains.

PS-GO, as a search method based on parametric protein design, has significant advan-

tages over traditional protein structure databases in the following areas:

* Highly accurate search capabilities: PS-GO allows users to specify specific
parameters and constraints to meet different research needs through a parametric
protein design approach. This precise search capability improves control over
protein structure and function and is of great academic value to the field of protein

design.

* Optimized computing efficiency: Using parallel computing and fast algorithms,
PS-GO is able to process a large number of protein structure parameters in a short
time. Compared to traditional search methods, PS-GO’s computational efficiency

is significantly improved, speeding up the experimental process.

 User-friendly interface and customization: PS-GO provides an intuitive graphi-

cal interface and natural language processing technology for easy user input and
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Application Area Outlook

Pharmaceuticals ) :
& Deep learning technology

Protein Interaction Studies
. Cloud computing & distributed computing

Bioengineering

Biomaterials O-§O Integration of bioinformatics tools & data resources

Figure 8.6: PS-GO’s future development will focus on refining algorithms, expanding
the database, and using advanced computing technologies to optimize protein
design performance.

interaction. At the same time, it allows users to customize parameters and optimiza-
tion conditions according to their needs, adapting to various research requirements

and application scenarios.

* Integration with other bioinformatics tools: Combined with the Silver Surfer
service, PS-GO supports users to freeze partial residues of protein sequences
and integrates with PROFASA to form a complete protein design and research
ecosystem with other bioinformatics tools and data resources, providing a one-stop

protein design and research platform.

Despite its many significant advantages, PS-GO has a number of limitations in practical
application. PS-GO has a relatively high demand for computational resources, which
requires a certain level of computational power from the user. In particular, more accurate
algorithm design and powerful computational support are required when dealing with
complex protein structure parameters. The performance and accuracy of PS-GO are
limited by the quality and quantity of the protein database. If specific types of proteins
are missing from the database, or if there is incorrect or inaccurate information, the
performance and accuracy of PS-GO may be compromised. The number of parameters
that PS-GO can currently handle is still limited, which means that continued research
and development of new algorithms is required to broaden the range of computable
parameters.

As shown in Figure 8.6, in order to continuously improve the efficiency and accuracy

of PS-GO, the future development direction can include the following aspects:
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In order to improve the search accuracy of PS-GO, algorithms can be optimised
for specific types of parameters in the future. This includes the introduction of more
advanced machine learning and artificial intelligence techniques, such as deep learning,
as a means of automatically learning and recognising complex patterns in proteins to
improve the effectiveness and accuracy of parametric design. Finer parametric design
methods can help users better control the structure and function of proteins to meet

different research needs.

Meanwhile, PS-GO’s database can be expanded by exchanging data with other bioin-
formatics databases or automatically extracting protein data from literature and the
web through data mining and machine learning methods. This expansion can provide
richer and more accurate protein search results. The expansion and management of the
database can be done by applying advanced database management systems and data

mining techniques, which can further improve the efficiency and accuracy of the search.

Since PS-GO needs to deal with a large amount of protein data and complex computa-
tional tasks, the combination of cloud computing and distributed computing technologies
will greatly enhance its computational capability. Specifically, cloud computing provides
elastic computing resources that can be dynamically adjusted to meet different computa-
tional needs. Distributed computing, on the other hand, can break down large-scale data
processing tasks to multiple computers, greatly improving the efficiency and stability of

computation.

In addition, PS-GO plans to initiate deeper collaborations with more computational
biology tools to enhance its search capabilities and broaden the scope of its services.
Among them, collaboration with protein-related tools will be especially critical. For
example, with the help of more protein structure prediction tools, PS-GO can design new
protein sequences while at the same time predicting and displaying the many possible 3D
structures of the protein. Through integration with protein function annotation tools, PS-
GO can further provide information on the possible biological functions of proteins and
their roles in biological processes. Integration with protein interaction network analysis
tools will help PS-GO to demonstrate the interaction of proteins with other molecules
in the search results, helping researchers to understand the behavior and function of
proteins in cells. Such cooperation and integration will not only provide users with more

comprehensive information, but also improve the search accuracy of PS-GO.
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8.5 Discussion and Outlook

The PS-GO parametric protein search engine, while not directly engaging in drug
development, protein interaction studies, or bioengineering, serves as a pivotal tool
in expediting and refining protein research across these disciplines. It significantly
impacts the pharmaceutical field by enhancing the efficiency of identifying proteins
for early-stage drug discovery, even though it doesn’t discover drug molecules itself.
In the bioengineering sector, PS-GO proves instrumental by enabling researchers to
find proteins with specific functions and properties relevant to their work, albeit not
designing proteins or directly supporting synthetic biology. For bioinformatics and
structural biology, PS-GO boosts research progress in areas like protein folding, protein
dynamics, and disease-related mutations, not through direct contributions to protein
structure prediction or functional annotation, but by facilitating the rapid location of
proteins of interest. Hence, PS-GO, with its ability to swiftly locate relevant proteins
based on specified parameters, indirectly strengthens protein research across various
domains.

In conclusion, PS-GO, as an innovative parametric protein search engine, is expected to
play a significant role in various fields. In the biomedical field, PS-GO can accelerate the
process of drug screening and design, helping researchers quickly find protein molecules
with specific functions, thereby shortening the drug development cycle and reducing
research and development costs. In the field of synthetic biology, PS-GO can assist in
designing entirely new artificial protein molecules, creating novel functions and features
that do not exist in nature, thus promoting the development of synthetic biology. In
proteomics and structural biology research, PS-GO can improve the efficiency of protein
database retrieval and homology analysis, deepening the understanding of the relationship
between protein structure and function. Through continuous optimization and upgrading,

PS-GO is expected to become an important research tool in the life sciences.
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9.1 Abstract

Designing and synthesising proteins with specific physicochemical properties pose
significant challenges in biotechnology, environmental sciences, and pharmaceuticals.
Recent advancements in machine learning have opened up possibilities but have often
been constrained by their focus on limited facets of the multifaceted nature of proteins.
This paper presents the Silver Surfer, a new platform utilising a customised genetic
algorithm designed to explore the complex space of protein sequences. The Silver Surfer
implementation offers a powerful, easily extensible tool to meet diverse scientific needs,
operating based on four general-use protein properties: Instability Index, Monoisotopic

Mass, Grand Average Hydrophobicity Score, and Isoelectric Point. By harnessing the
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9.2 Introduction

generative capabilities of genetic algorithms, the Silver Surfer project opens new horizons

in protein design.

9.2 Introduction

Proteins are long chains of amino acids with roles in virtually all of life’s processes.
These polymers can be considered the building blocks of life, each performing with
extreme efficiency, economy and precision in operation one or a few specifically encoded
roles that, in their ensemble, define the individual organism (W. Ding, Nakai, and H.
Gong 2022). Proteins play various roles in all of the major functions of a living organism,
such as movement (myosin and dyneins), structure and support (keratin), digestion
(Amylase and Pepsin), respiration (haemoglobin), etc. In order for proteins to fulfil their
role, they need to get in direct contact with other proteins, molecules or structures (X. Du
et al. 2016). From the perspective of this interaction, the protein can be split into two
functional areas: the direct interaction site and the supporting framework. Membership
in one of the groups is mainly dictated by the 3D structure that the protein arranges itself

through the folding process.

9.2.1 Protein Engineering

Proteins manufactured in, extracted from, or semi-synthesised from biological sources
represent eight of the top 10 best-selling drugs in 2018 (Narayanan et al. 2021) due to
their high specificity and affinity combined with the lower toxicity and fewer side effects
when compared to small molecules (Carter and Lazar 2018; Kesik-Brodacka 2018). This
process is based on finding functional sequences in nature and manipulating them in order
for the protein to express the desired properties. This technique has multiple drawbacks,
such as the laborious and expensive process of finding proteins in nature and testing them
for activity in the desired function. Another drawback is the dependence on naturally
evolved proteins. Evolution is a slow process that has explored only a fraction of the
possible proteins (W. Ding, Nakai, and H. Gong 2022; Vila 2020) and may be lagging
in our fast-evolving and rapidly changing environment (W. Ding, Nakai, and H. Gong
2022). The objective of protein engineering is to alter or generate amino acid sequences

such that the resulting protein has specific desired properties or functionality of value
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for pharmaceutical, medical or technological applications (K. K. Yang, Zachary Wu,
and Arnold 2019). The field of protein engineering focuses on improving the process of
developing valuable proteins with specific desired physiochemical properties.

The generation of proteins with targeted functionality has the potential of revolutionis-
ing fields such as biotechnology, environmental sciences and pharmaceuticals through
the creation of proteins with specific enhanced stability, improved stability and even
new functions and interactions. In the pharmaceutical field, this would manifest through
the creation of efficient, cost-effective, sustainable (Davydova 2022) targeted drugs
(Volta-Duran et al. 2020).

9.2.2 Al Predictors

Complex and computationally expensive techniques for protein generation have been
attempted using deep neural networks and autoencoder architectures (Gémez-Bombarelli
et al. 2018; Hawkins-Hooker et al. 2021; Kusner, Paige, and Hernandez-Lobato 2017).
One major flaw of these approaches is that they concentrate on only one or a few of the
facets of the complex, multifaceted nature of proteins. These approaches take significant
time to train and are very limited in their generation scope (W. Ding, Nakai, and H. Gong
2022).

The exploration of a solution inspired by genetic algorithms is motivated by their
ability to explore the extensive space of protein sequences, potentially discovering new
amino-acid configurations in an iterative approach similar to natural evolution (Katoch,
Chauhan, and V. Kumar 2021) as well as the ability of the platform to be easily expanded
and parallelised to cover new properties in an efficient matter.

Exploiting the generative power of genetic algorithms to create new proteins could
lead to advancements in domains encompassing the development of new treatments
for diseases, the synthesis of sustainable bio-fuels, the engineering of bio-materials

(Davydova 2022) and many more.

9.2.3 Our Contribution

In this study, our primary objective is to create an easily expandable platform capable
of leveraging the recent explosion of models predicting specific properties of a protein

given only the amino-acid sequence (Erd&s, Pajkos, and Dosztanyi 2021; Flower and
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Hurley 2021; Klausen et al. 2019; Kulmanov and Hoehndorf 2020; 1. Lee, Keum, and
H. Nam 2019), using the generative powers of genetic algorithms. The platform aims to
tackle the more elusive challenge of generating proteins given specific protein property
targets. We aim to demonstrate the feasibility of this approach in navigating the immense
combinatorial space (Romero and Arnold 2009) of protein sequences and to create a
highly customisable, easily extensible platform for protein generation. Our research
uses four protein properties to illustrate the platform’s capabilities. These four protein
properties are Instability Index, Mono-isotopic Mass, Grand Average Hydrophobicity,
and Isoelectric point. The selection of these properties is motivated by their general
importance in protein engineering and due to their ability to be computed from their
protein sequence. By achieving these goals, we aim to provide a new, powerful tool for

protein engineering.

9.3 Materials and Methods

9.3.1 Silver Surfer

We propose the Silver Surfer, a custom search service for parametric protein discovery.
The Silver Surfer utilises a customised genetic algorithm tailored to explore the protein
space. Starting from a protein sequence supplied by the user, the Silver Surfer generates a
new set of mutated sequences by strategically mutating the sequences. The new sequence
candidates are evaluated using a scoring function that measures their fitness in regard to
the targets and merged into the pool of existing candidate sequences. The server repeats
this process on the set of proteins ordered by their fitness score until either the required
number of proteins that fall within the targeted range is found or it runs out of possible

spots for mutations.

Encoding. The selection of encoding is a crucial element in any implementation of
a Genetic Algorithm. In the case of the Silver Surfer, proteins are encoded using the
conventional letter representation of amino acid sequences. This encoding strategy is
aligned with standard bioinformatics practices, ensuring the platform’s future-proofing.
This choice of encoding also allows for the seamless integration of additional protein

sequence property predictors.
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Mutation and Crossover. Are the driving force behind every evolutionary algorithm.
With respect to mutation, the Silver Surfer offers multiple strategies for choosing the
mutation. One of the strategies offered is random mutation, where at a random spot in the
sequence, the amino acid is replaced by another completely random amino acid. Given
the amino acid sequence DSACGA, this strategy can choose any of the amino acids for
replacement with equal chance, producing a slightly altered sequence with one amino
acid different, such as DSAGGA. This is the classical approach for genetic algorithms.
Another strategy offered is a contribution-based selection. In this approach, the mutation
spot is selected based on individual contributions to each of the target properties. Given
the same amino acid sequence DSACGA and a target property of monoisotopic mass
with a value of 460, the monoisotopic masses are computed for each of the amino acids,
in this case, 115.02694, 87.03203, 71.03711, 103.00919, 57.02146, 71.03711, summing
to a total monoisotopic mass of 522.174405. Because the target value is smaller than
the computed value, the amino acid with the greatest contribution, the first amino acid
in the sequence, is selected for mutation. This greedy strategy allows for more focused
alterations, generally improving the performance through a more directed and targeted
search of the protein space. One particular thing that needs to be accounted for in the
step of crossover is the frozen section that has been indicated by the user as static. In
order to account for these, before the crossover step is applied, the frozen sections are
removed from the candidate sequence. After the resulting sequences are populated with
the frozen sections, thus it is ensured that no static segment is changed during crossover.

Fitness. The efficacy of any genetic algorithm hinges on the robustness of its fit-
ness function. The complex relationships between different protein properties do not
inherently conform to the Pareto problem paradigm as they don’t expose the typical
trade-offs between conflicting objectives; because of this, the Silver Surfer implements a

normalized absolute distance metric as the fitness function.

9.3.2 Implementaiton

The Silver Surfer is written in Python 3.9, a popular and versatile programming language
widely established in the bioinformatics community. Python was chosen because of its
suitability for rapid prototyping as well as for its flexibility. Another reason for choosing

Python is the vast amount of packages specialised in bioinformatics and the manipulation
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of proteins and their properties. The modular architecture of the Silver Surfer and its
Python implementation make it a powerful, flexible, and easily extensible tool that can
be easily integrated within existing pipelines for parametric protein design.

The Silver Surfer is highly customisable, allowing the user to tailor the strategy of
the genetic algorithm to their specific case. The user is empowered to customise the
behaviour of the Silver Surfer through a series of configurational choices. These choices
include choosing between different strategies for the selec- tion of the mutation spot, the
application of various algorithms for the mutation rates, the assignment of freeze masks
designed to restraint the algorithm from mutating critical segments of the sequence, and
the specification of a dissimilarity threshold aimed at enforcing variety within the number
of results desired. Furthermore, the architecture of the Silver Surfer is designed to be
easily extensible with custom properties or behaviour for virtually all of its components,
allowing the fast implementation of new features. This customizability makes The Silver
Surfer a great tool for exploring the protein space and designing proteins from a protein

property-centred perspective.

9.3.3 Protein Search

The Silver Surfer uses a customised genetic algorithm implementation (see Fig. 9.1). The
search is initialised when a user-supplied protein sequence is pushed into the unexplored
priority queue. Concomitantly, the target values and their acceptable ranges for each
property are set in the acceptance component. The searcher works iteratively until the
required number of protein sequences passing the acceptance threshold is found or until
the queue of unexplored sequences goes empty. The best-scoring protein is extracted from
the priority queue at each iteration; mutations are applied to the sequence in accordance
with the selected mutation strategy and the defined frozen mask to obtain a set of new
protein sequences. A bloom filter is employed to filter mutations leading to previously
analysed sequences. For each newly mutated sequence, the physicochemical properties
for which the user has defined targets are computed. The acceptance component checks
whether any of these sequences fall within the acceptance criteria and are added to
the results list if they fit within the defined parameters. The final step of the search
method inserts the new sequences into the priority queue based on their fitness score

computed from their respective values for the protein properties. In order to keep
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the unexplored priority queue, mutate it according to the selected strategy,
remove sequences that were previously explored, compute fitness score,
check acceptance criteria and enqueue the new sequences into the unexplored
priority queue. The starting sequence for this iterative refinement can be
provided by the user, if the user does not provide a starting sequence is
generated through random sampling with replacement of amino acids.



9.3 Materials and Methods

memory under control, we have implemented a population threshold within the priority
queue determined by the available memory; when this threshold is reached, a clustering
algorithm is used on the individuals with a lower performing score; the individuals are
replaced in the priority queue with centroid sequences. In this way, the population is
reduced with a limited loss of information. The implementation used by the Silver Surfer
is highly parallelisable, synchronised by the priority queue. The Silver Surfer can run the
computation of the physicochemical properties for each sequence in a different thread to

accelerate the search process.

To evaluate the fitness of the mutated sequences, the Silver Surfer uses the absolute
distance from target values of four physicochemical properties of general use in protein
design: monoisotopic mass, isoelectric point, instability index, and Grand average of
hydropathicity score. The selection of these targets is motivated by their general use in the
protein design process and due to their ability to be computed from their defining amino-
acid sequence alone, not requiring any additional structural information. To calculate
the values of these physicochemical properties, The Silver Surfer uses only hand-coded
implementations of existing algorithms. The monoisotopic mass (Eq. 9.1) is computed
by summing the standard atomic masses Mass(A;) for each of the constituent amino
acids in the sequence and subtracting n — 1 water molecules (18.01528Da), one water
molecule gets eliminated with every bonding of two amino-acids. The instability index
is evaluated using a direct implementation of the Guruprasad et al. (Guruprasad, Reddy,
and Pandit 1990) paper (Eq. 9.2), which computes the index based on the stability score
(InstabilityScore(A;, A;,1)) for each bi-peptide in the protein sequence. The Isoelectric
Point is determined using the Henderson-Hasselbalch equation (Eq. 9.3) with pKa values
from Wikipedia (Wikipedia 2023a). These specific pKa values are used because they
have the best RMSD scoring values among the publicly available pKa values, according
to Isoelectric Point Calculator (Kozlowski 2016). The Grand average of hydropathicity
score (Grand Average of Hydropathicity (GRAVY) score, Eq. 9.4) is a measure of the
protein’s hydrophobicity obtained by summing the hydropathy values (Hydropathy(A4;))
of the charged amino acids in the sequence and dividing by the sequence length (Kyte
1993). Using these physicochemical properties as selectable targets, the user can design
stable proteins with specific combinations of physicochemical properties suited to their

particular requirements.
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9.3.4 PS-GO

The Silver Surfer project has been integrated as the sequence generator backend of
the Parametric Protein Search Engine (PS-GO), allowing researchers to harness the
platform’s computational power in navigating the protein space. PS-GO is a versatile,
user-friendly tool for the exploration and understanding of proteins. PS-GO, along with
the Silver Surfer’s functionalities, can be accessed at https://psgo.ucc.ie/, providing an

invaluable resource for protein research.

ProteinMass = Z Mass(A;) — (n— 1) x 18.01528 Da 9.1)
i=1
10 n—1
InstabilityIndex = —— Z InstabilityScore(A;, Aiy1) (9.2)
n—1 —
[Base]
H=pK,+1 — .
p p a+ OglO([ACZ-d] (93)
1 n
GRAVY Score = — Z Hydropathy(A;) 9.4)
n
i=1

9.4 Results

The experiments were conducted on a Dell G7 7700 laptop with an Intel 17- 10750H
Central Processing Unit (CPU), operating at a clock frequency of 2.60 GHz, six processor
cores, 16 GB of Random Access Memory (RAM), and a 1TB EVO 970 Solid State Drive
(SSD). This configuration provided sufficient computational resources to accommodate
the computation of the protein properties and evaluate the performance of the Silver
Surfer protein search. The software infrastructure employed Windows 11 as the operating
system. Python 3.9 was the primary programming language, leveraging popular libraries
such as NumPy 1.22 for efficient numerical computations, Sqlite3 for efficient data

transfer and storage, and Matplotlib 3.7 for data visualisation.
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9.4 Results

9.4.1 Validating the Correctness of the Protein Properties

In validating the correctness of the implementations for the hand-coded algorithms
in the Silver Surfer project, a methodical comparison with established web tools spe-
cialising in calculating the chosen properties was effectuated. Each of the properties
implementations was evaluated against multiple benchmark tools, as enumerated in
Table 9.1. Instability Index was evaluated against Guruprasad’s paper introducing the
Instability Index (Guruprasad, Reddy, and Pandit 1990), Swiss institutes of Bioinformat-
ics’s ProtParam (Elisabeth Gasteiger et al. 2005), and the Peptides R package (Osorio,
Rondon-Villarreal, and Torres 2015); for the Monoisotopic Mass, Swiss Institute of
Bioinformatics’s PeptideMass (Elisabeth Gasteiger et al. 2005), Prot Pi (Prot pi 2023),
and Protein Calculator (Protein Calculator v3.4 2023) were referenced; the GRAVY
Score was compared against the Swiss Institute of Bioinformatics’s ProtParam (Elisabeth
Gasteiger et al. 2005), Alakazam R package (Gupta et al. 2015), and the Gravy Calcula-
tor (Fuchs 2023); and for the Isoelectric Point, the Swiss Institute of Bioinformatics’s
ProParam (Elisabeth Gasteiger et al. 2005), the Isoelectric Calculator (Kozlowski 2016),
and the Prot Pi (Prot pi 2023) were utilised. Table 9.1 illustrates a detailed comparison
of the property values obtained from the Silver Surfer implementation for the properties
and the established web tools for ten randomly sampled amino acids from Guruprasad’s
Instability Index paper (Guruprasad, Reddy, and Pandit 1990). The alignment of the
values obtained attests to the accuracy of the results and validates the implementation of

these properties.

9.4.2 Parametric Search

The Silver Surfer search algorithm was evaluated using a distinct set of parameters,
encompassing an absolute distance scoring function, an acceptance function of epsilon
around the target with € set to 1e10~!4, a contribution-based mutation mechanism with
a dynamic mutation rate, an empty ‘freeze mask’, and the number of results set to
1. Experiments were run by choosing a starting and a target protein; properties were
computed for the target protein, and these values were used as inputs in the Silver Surfer
search algorithm together with the starting sequence. The validation of the algorithm
involved an exhaustive computation of all of the properties for the entire protein space

of sequences with a sequence length equal to 5. This sequence length has been chosen
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Table 9.1: Evaluation of the Instability Index, GRAVY Score, Monoisotopic mass and
Isoelectric Point properties for different proteins

Tool UniProt ID
P00568 \ P00503 \ P00915 \ P00731 \ POO.
Instability Index
Silver Surfer 29.40824 36.79273 25.79808 21.54821 27.5¢
II paper (Guruprasad, Reddy, and Pandit 1990) 29.4 36.3 25.1 215 27
ProtParam (Elisabeth Gasteiger et al. 2005) 29.39 36.77 25.78 21.54 217.
Peptides (Osorio, Rondén-Villarreal, and Torres 2015) | 29.38763 36.77337 25.78276 21.53866 27.5-
Gravy Score
Silver Surfer —0.50103 —0.28886 —0.53639 —0.20692 —0.6!
ProtParam (Elisabeth Gasteiger et al. 2005) —0.501 —0.289 —0.536 —0.207 —0.
Gravy Calculator (Fuchs 2023) —0.50103 —0.28886 —0.53639 —0.20692 —0.6!
Alakazam (Gupta et al. 2015) —0.50103 —0.2888 —0.53639 —0.20692 —0.6
Monoisotopic Mass
Silver Surfer 21691.35997 | 46445.61553 | 28852.38771 |47117.78774 | 57549.
PeptideMass (Elisabeth Gasteiger et al. 2005) 21691.36 46445.62 28852.39 47117.79 5754
Protein Calculator (Protein Calculator v3.4 2023) 21691.3203 | 46445.5391 | 28852.3418 | 47117.7070 | 57549
Prot Pi (Prot pi 2023) 21691.3603 | 46445.6163 | 28852.3882 | 47117.7885 | 57549
Isoelectric Point
Silver Surfer 8.58740 7.35693 7.37158 5.65576 7.15
ProtParam (Elisabeth Gasteiger et al. 2005) 8.73 6.73 6.59 5.38 6.4
Isoelectric Calculator (Kozlowski 2016) 7.98 6.43 6.32 52 6.
Prot Pi (Prot pi 2023) 8.389 6.760 6.669 5.424 6.4
P00442 P68082 QO9BIR7 P00860 P00
Instability Index
Silver Surfer 7.87368 9.09542 44.17862 52.26616 54.5¢
IT paper (Guruprasad, Reddy, and Pandit 1990) 7.0 9.1 44.1 52.3 54
ProtParam (Elisabeth Gasteiger et al. 2005) 7.82 9.07 44.12 52.25 54.
Peptides (Osorio, Ronddn-Villarreal, and Torres 2015) 7.82105 9.06928 44.12246 52.24881 54.5:
Gravy Score
Silver Surfer —0.28749 —0.39607 —0.50405 —0.20021 0.11
ProtParam (Elisabeth Gasteiger et al. 2005) —0.287 —0.396 —0.504 —0.200 0.1
Gravy Calculator (Fuchs 2023) —0.2875 —0.39607 —0.50405 —0.20021 0.11
Alakazam (Gupta et al. 2015) —0.2875 —0.39607 —0.50405 —0.20021 0.11
Monoisotopic Mass
Silver Surfer 15672.82240 | 16939.98061 | 70215.44846 | 51130.22002 | 97017.
PeptideMass (Elisabeth Gasteiger et al. 2005) 15672.82 16939.98 70215.45 51130.22 9701
Protein Calculator (Protein Calculator v3.4 2023) 15672.7988 | 16939.9512 | 70215.3359 | 51130.1445 | 97017
Prot Pi (Prot pi 2023) 15672.8227 | 16939.981 | 70215.4496 | 51130.2208 | 97017
Isoelectric Point
Silver Surfer 6.58056 8.54345 5.87158 5.32568 6.82
ProtParam (Elisabeth Gasteiger et al. 2005) 5.85 8.12 5.61 5.26 6.
Isoelectric Calculator (Kozlowski 2016) 5.57 7.81 5.44 5.11 5.
Prot Pi (Prot pi 2023) 5.929 8.034 5.652 5.285 6.2
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because it is sufficiently large to be representative of the complex protein space and size
(3,200,000 unique protein sequences) while still aligning with the physical constraints of
the available defined hardware and software. This meticulous evaluation validates the
claim that should a result exist within the defined target constraints; the Silver Surfer is
going to discover it.

Further insight into the search dynamics is provided in Fig. 9.2, which graphically
represents one such experiment. The figure displays the entire mutation space for a
protein of sequence length equal to 5, delineating mutation distance from the starting
sequence on the x-axis and distance from the target properties on the y-axis. Highlighted
in green in the figure is the mutation search path of the Silver Surfer; the figure illustrates
that the Silver Surfer search pattern correctly focuses its search on sequences with high
potential. The figure further reveals the algorithm’s restraint in exploring the space,
signalling search efficiency.

The results from the rigorous evaluation of the Silver Surfer project demonstrate the
feasibility of the adopted approach in navigating the vast and intricate combinatorial
space of protein sequences. Through rigorous testing and validation, as detailed in Table

9.1 and Fig. 9.2, it creates a platform for targeted protein generation.

9.5 Conclusions and Further Research

The Silver Surfer project demonstrates the generative abilities of Genetic Algorithms
through the generation of proteins with specific physicochemical properties, illustrating
the platform’s potential in the field of bioengineering. By focusing on four key protein
properties: Instability Index, Monoisotopic Mass, Grand Average Hydrophobicity score,
and Isoelectric Point, the Silver Surfer provides a powerful and easily extensible tool to
meet a wide array of scientific needs. Despite the success of the Silver Surfer project,
further research is needed in order to optimise the exploration of the vast protein space.
One further potential avenue of research in this direction is the application of genetic
algorithms on a denser representational encoding, such as the manifold produced by
Variational Autoencoders. This could potentially enhance the speed of exploration while

maintaining the quality of the results.
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Complete protein space for proteins of length 4 starting from IPGD
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Figure 9.2: Illustration of the mutation search process starting from the protein with an

amino-acid sequence of IPGD to property values equal to the sequence of
MYKM over the entire 4-length protein space.
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10.1 Abstract

In the burgeoning field of proteins, the effective analysis of intricate protein data remains
a formidable challenge, necessitating advanced computational tools for data processing,
feature extraction, and interpretation. This study introduces ProteinFlow, an innova-
tive framework designed to revolutionize feature engineering in protein data analysis.
ProteinFlow stands out by offering enhanced efficiency in data collection and prepro-
cessing, along with advanced capabilities in feature extraction, directly addressing the

complexities inherent in multi-dimensional protein datasets.
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Through a comparative analysis, ProteinFlow demonstrated a significant improvement
over traditional methods, notably reducing data preprocessing time and expanding the
scope of biologically significant features identified. The framework’s parallel data
processing strategy and advanced algorithms ensure not only rapid data handling but also
the extraction of comprehensive, meaningful insights from protein sequences, structures,
and interactions. Furthermore, ProteinFlow exhibits remarkable scalability, adeptly
managing large-scale datasets without compromising performance, a crucial attribute in

the era of big data.

10.2 Introduction

Proteins, as the primary executors within cells and organisms, play a pivotal role in a
multitude of biological processes, ranging from structural support to catalyzing biochem-
ical reactions, regulating gene expression, and mediating signal transduction. A profound
understanding of protein functions is not just the key to unlocking the complexities
of biology, but also paramount for developing novel therapeutic strategies and disease
prevention. However, this quest is notably challenging due to the inherent complexity of
proteins and the vast volume and diversity of related data (Frauenfelder 2002).

With the rapid advancement of proteins, structural biology, and molecular biology
techniques, scientists have amassed an unprecedented volume of protein-related data
(Chuming Chen, H. Huang, and C. H. Wu 2017). These datasets encompass protein
sequences, three-dimensional structures, functional activities, and interactions with other
molecules, offering unparalleled opportunities to unravel the intricacies of proteins. How-
ever, efficiently processing, analyzing and extracting valuable insights from these vast
and complex datasets has become a critical bottleneck. Existing methods often struggle
with challenges such as inefficient data integration from multiple sources, inadequate
handling of multi-dimensional protein data beyond sequences, lack of scalability for
rapidly growing large-scale datasets, and insufficient data quality control (Ofer and
Linial 2015). There is an urgent need for advanced computational frameworks that can
systematically overcome these limitations.

Feature engineering, serving as the bridge between raw data and in-depth analysis,
plays a crucial role in processing protein data. It involves selecting, extracting, and

transforming key information within data to enhance the performance of data analysis,
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machine learning, and statistical models (Zheng and Casari 2018). Proper feature
engineering not only boosts the predictive power of models but also reveals key biological
characteristics and functional mechanisms of proteins.

Numerous tools have been developed for protein data processing and analysis, such
as UniProt (“UniProt: the universal protein knowledgebase in 2023 2023), PDBsum
(Laskowski et al. 2018), and PRALINE (Bawono et al. 2017). While invaluable resources,
these tools often have limitations in one or more key aspects. UniProt primarily focuses
on protein sequence and functional annotation data, lacking integration of structural
information. PDBsum excels in summarizing individual protein structures but does not
offer scalable processing of large structural datasets. PRALINE provides comprehensive
sequence analysis but has limited multi-dimensional feature extraction capabilities. Other
tools like BioFeatureFinder (Ciamponi et al. 2018) and ProtParam (Gasteiger et al. 2005)
specifically target feature extraction for protein data. However, they face challenges in
handling multi-source data integration, scalability for big data, and adaptation to rapidly
evolving data sources.

Against this backdrop, this study introduces ProteinFlow, an innovative feature engi-
neering framework specifically designed for protein data analysis. The core innovation
of ProteinFlow lies in its multi-dimensional feature extraction capability, efficiently
handling protein information from diverse data sources and employing advanced data
processing algorithms and techniques to extract key features that reflect the complexity

of proteins.

ProteinFlow distinguishes itself from existing tools through:

* A high-efficiency parallel data retrieval strategy utilizing Go language concurrency,

significantly reducing data collection time (Yoseb Lee and Lim 2022).

 Unified integration of multi-source protein data from RCSB PDB, UniProt, and
STRING, capturing sequences, structures, annotations, and interactions (Burley et
al. 2017; “UniProt: the universal protein knowledgebase in 2023 2023; Szklarczyk
et al. 2019).

* Advanced multi-dimensional feature extraction algorithms comprehensively char-

acterizing proteins from diverse data modalities.
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* A highly scalable architecture adeptly handling large-scale, rapidly evolving protein

datasets.

» Rigorous data preprocessing protocols ensuring consistency, quality, and biological

relevance of processed data.

ProteinFlow brings multiple advantages to the application in protein data analysis.
Firstly, by integrating data from various experiments and databases, ProteinFlow provides
researchers with a comprehensive and unified view of protein data. Secondly, the
advanced algorithms employed by ProteinFlow extract key features including, but not
limited to, the physicochemical properties of proteins, three-dimensional structural
features, and functional annotations. These features not only aid in understanding the
fundamental properties of proteins but also offer vital clues for exploring their roles
in different biological processes. Finally, the scalability and flexibility of ProteinFlow
make it well-suited to accommodate growing and evolving datasets, providing a powerful

analytical tool for future protein science research.

10.3 Methods
10.3.1 Data Collection

ProteinFlow adopts a meticulous data collection strategy to ensure the reliability and
comprehensiveness of the sourced protein data. The framework integrates information
from multiple authoritative databases through a structured and methodical approach,

emphasizing accurate retrieval, systematic integration, and rigorous validation protocols.

10.3.1.1 Multi-Source Data Integration

To provide a comprehensive view of protein data, ProteinFlow seamlessly consolidates

information from three primary sources:

* RCSB PDB: As a fundamental resource for structural biology, the RCSB PDB
repository is leveraged to obtain high-resolution three-dimensional structural data
of proteins, including atomic coordinates, molecular interactions, and experimental
metadata (Burley et al. 2017). This integration enriches the dataset with crucial

structural insights into protein conformation and dynamics.

206



10.3 Methods

* UniProt Knowledgebase: Renowned for its comprehensive collection of protein
sequence and functional annotation data, UniProt serves as an essential source
for ProteinFlow. Through this integration, the framework acquires annotated
protein sequences, functional descriptions, and phylogenetic information, enabling
a detailed characterization of protein properties and evolutionary relationships
(“UniProt: the universal protein knowledgebase in 2023 2023).

* STRING Database: To facilitate the investigation of protein-protein interactions
(PPIs), a critical aspect of protein function and regulation, ProteinFlow incorpo-
rates interaction data from the STRING database. This integration empowers
the systematic analysis of complex protein networks and their roles in various

biological processes (Szklarczyk et al. 2019).

10.3.1.2 Data Retrieval and Validation Strategies

ProteinFlow implements a two-fold strategy that synergistically harnesses efficient data
retrieval techniques and rigorous validation protocols, ensuring the integrity, authenticity,

and biological relevance of the acquired protein data.

» API Utilization: Direct access to the latest and most authoritative data is achieved
through the seamless integration of APIs provided by RCSB PDB, UniProt, and
STRING. This approach streamlines structured and automated data retrieval, mini-

mizing the risk of manual errors and ensuring data currency.

* Parallel Request Processing: To efficiently handle the substantial volume and
complexity of protein data, ProteinFlow employs a parallel request strategy lever-
aging the concurrency features of the Go programming language (Anurag 2018).
Multiple concurrent goroutines are initiated, each dedicated to an individual API
request, significantly enhancing the speed and efficiency of large-scale data collec-

tion compared to traditional sequential approaches.

The data retrieval techniques are complemented by a suite of rigorous validation

protocols to ensure the accuracy and biological relevance of the acquired information:

* Cross-referencing with Authoritative Sources: Data obtained from RCSB PDB,
UniProt, and STRING are cross-referenced with authoritative secondary sources

to validate their authenticity and consistency.
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* Structural Validation: The integrity of structural data is assessed using MolPro-
bity (Williams et al. 2018), a state-of-the-art structural validation software that
meticulously checks for steric clashes, bond geometry anomalies, and Ramachan-

dran plot compliance.

* Sequence Validation: Protein sequences are compared against the National Center
for Biotechnology Information (NCBI) RefSeq database (O’Leary et al. 2016), a
curated non-redundant collection of genomic data, to ensure accurate annotation

and correspondence to the correct organism and protein entity.

* Consensus-based Resolution: In cases where discrepancies arise among multiple
data sources, a consensus-based approach is employed. The most frequently re-
ported or reliable data point, as determined through expert review and consultation

with domain experts when necessary, is considered as the ground truth.

This rigorous data collection framework establishes a solid foundation for the sub-
sequent stages of data preprocessing and analysis within ProteinFlow. By ensuring a
meticulous and multi-faceted approach to data acquisition, ProteinFlow is well-equipped
to provide researchers with a robust and comprehensive dataset, facilitating in-depth

protein analysis and investigation.

10.3.2 Data Preprocessing

In ProteinFlow, data preprocessing is a crucial task. It mainly includes three links:
data cleaning, data conversion and feature extraction. Data cleaning is mainly used to
eliminate or correct errors, incompleteness, inconsistent formats, or redundant data. Data
transformation is used to transform the structural data of proteins. Feature extraction is to
identify and obtain key variables that help us understand and analyze protein properties
and functions from the collated data (see Fig. 10.1). These three links jointly construct
the whole process of data preprocessing and ensure data integrity, consistency, and

biological relevance.

10.3.2.1 Data Cleaning

Data cleaning processes are tailored for the specific types of data involved:
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Figure 10.1: ProteinFlow: A Novel Method for Restructuring Protein Databases

* Redundancy Removal: ProteinFlow employs sequence alignment tool SMI-
BLAST to identify identical or highly similar sequences (X. Jin et al. 2021). For
structural data, 3D structure comparison tool TM-align is used to identify duplicate
structures based on structural similarity scores. Only one representative from each
group of duplicates is retained, chosen based on data quality and completeness
(Yang Zhang and Skolnick 2005).

* Anomaly Detection in Sequences: Protein sequences are analyzed using bioin-
formatics tool InterProScan to detect anomalies such as rare amino acids or unex-
pected motifs (P. Jones et al. 2014). Detected anomalies are cross-referenced with
known protein families and domains to determine if they represent true biological

features or errors.

* Handling Missing Information: Missing segments in protein sequences are
addressed using homology modeling tool MODELLER, which predict the missing
parts based on homologous sequences (Webb and Sali 2016). For structural
data, methods like comparative modeling or ab initio prediction are employed to
estimate missing coordinates, guided by the protein’s known secondary and tertiary

structures.
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10.3.2.2 Data Conversion

Data conversion is carefully conducted to maintain data fidelity:

* Structural Data Conversion: Conversion of structural data from mmCIF to PDB
format is performed using custom scripts that ensure the preservation of all vital
structural information. The Open Babel tool is used in the scripts to parse the data
blocks and convert the format (O’Boyle et al. 2011). These scripts are rigorously
tested against a set of benchmark structural datasets to ensure high fidelity in the

conversion process.

* Format Standardization: ProteinFlow incorporates a comprehensive standard-
ization protocol, converting sequence data into standardized formats like FASTA
for uniformity. Structural data undergoes a normalization process to align with
common structural databases’ standards, ensuring that all structural details are

consistently represented.

10.3.2.3 Feature Extraction

In the feature extraction stage, protein sequence, structure, and function information
are meticulously parsed and utilized to generate a comprehensive set of representative
features (see Fig. 10.1). This stage is crucial because these features encapsulate the
multifaceted nature of proteins, offering a rich dataset for subsequent analysis and appli-
cation in various scientific and technological fields. By extracting and leveraging these
features, researchers can enhance their understanding of protein behavior, interactions,
and functionality. This, in turn, aids in numerous applications such as parameterized
protein search, targeted protein design, and the development of novel therapeutics. De-
tailed feature extraction enables the construction of robust models for predicting protein
functions, understanding disease mechanisms, and engineering proteins with desired
properties.

Choosing specific features from protein sequence, structure, and functional data is
driven by their relevance to the biological and biochemical properties of proteins, as
well as their utility in diverse applications. The features selected in this work have

been chosen based on their ability to provide a comprehensive representation of protein
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characteristics, which are critical for understanding protein function, stability, interaction
potential, and overall behavior in various environments.
Protein sequence information serves as the fundamental source of features. By analyz-

ing the protein sequence, the following features can be calculated:

1. Amino Acid Composition (M. H. Smith 1966): This feature is determined by
counting the occurrences of each of the 20 standard amino acids in the protein
sequence. The count is then divided by the total length of the protein sequence
to obtain the percentage composition for each amino acid. The formula for the

percentage composition of each amino acid 7 is expressed as:

. N(i)
= — 10.1
p(i) N (total) (10.1)
where N () is the count of amino acid i and N (total) is the total number of amino
acids in the protein sequence. This calculation is repeated for all 20 standard amino

acids, providing a detailed profile of the protein’s primary structure.

2. Protein Sequence Length: This straightforward yet essential characteristic is de-
termined by counting the total number of amino acids in the protein sequence.
Sequence length can influence protein folding, function, and interaction with other

molecules, making it a critical parameter in protein analysis.

3. Molecular Weight: The molecular weight of a protein is calculated by summing the
molecular weights of all its constituent amino acids. The molecular weight for each
amino acid ¢ is a known value, typically found in biochemistry resources (Ozols
1990). The total molecular weight M (total) is given by:

M (total) = Y ~ N(i) - M(i) (10.2)

where N (i) is the count of amino acid ¢, and M (7) is the molecular weight of
amino acid ¢. Understanding the molecular weight is crucial for predicting protein

behavior in different environments and during purification processes.

4. Hydrophobicity (Van Oss 1997): Hydrophobicity is calculated using the Kyte-

Doolittle scale (Kastritis et al. 2013), where each of the 20 standard amino acids is
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assigned a hydrophobicity score. The overall hydrophobicity H of the protein is

the mean of the hydrophobicity scores of its amino acids, calculated as:
H=1%"ni) (10.3)
= — 1 .
e

where h(i) is the hydrophobicity score of amino acid ¢ and the summation is over
all amino acids in the protein sequence. Hydrophobicity influences protein folding,

stability, and interaction with other molecules.

. Instability: Instability is calculated using the method of Guruprasad et al. (Gu-

ruprasad, Reddy, and Pandit 1990). This method involves calculating the occur-
rence frequencies of all possible dipeptides (pairs of amino acids) in the protein
sequence and comparing them with the expected frequencies in a set of theoreti-
cally “’stable” proteins. This feature helps predict the protein’s stability in various

conditions.

Isoelectric Point (pl) (Tokmakov, Kurotani, and Sato 2021): The isoelectric point
is the pH at which a protein carries no net electrical charge. To calculate pl, one
determines the pK values of all the amino acids as well as the N-terminus and
C-terminus of the protein. The pK value of an amino acid is the pH at which
the amino acid loses or gains a proton. These values are typically available in
biochemistry resources (X. Xia 2007). The net charge C' of the protein at a given

pH can be calculated using:

10PKNHz+ 10pEcoon
€= (1 " 10PH + 1OPKNH3+) T (1 ~1opH + 1OpKCOOH) (10.4)

where pKnps+ and pKcoon represent the pK values of the N-terminus and C-

terminus, respectively. Determining the pl is important for understanding protein

solubility and interaction at different pH levels.

The three-dimensional structure information of proteins is another significant source

of features. By analyzing the three-dimensional structure, the following features can be

calculated:
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1. RC.Score: This score quantifies a protein sequence’s composition by assigning

specific scores to each amino acid type and summing them. The scoring rules are:

* A, V,W, K, R, and G each contribute 1 to the score.

I and L each contribute 4 to the score.

M contributes 5 to the score.

F Y, Q, E, and D each contribute 3 to the score.

H, N, C, P, S, and T each contribute 2 to the score.

The final RC.Score is obtained by multiplying the score for each amino acid type

by its number of occurrences and summing the results.

2. Solvent Accessibility (Pollastri et al. 2002): This feature represents the portion of
the protein surface accessible to a solvent, usually expressed as a percentage of its
total surface area. The DSSP software can calculate the solvent-accessible surface
area (ASA) for each residue in the protein. The percentage of solvent accessibility
S(7) for residue ¢ is computed as:

ASA(i)

where ASA(i) is the accessible surface area for residue 7, and ASA(max) is the
maximum accessible surface area for that residue type when fully exposed to
solvent. Solvent accessibility is critical for understanding protein interactions with

other molecules, including drugs and other proteins.

By integrating the UniProt and STRING databases, additional valuable features can
be obtained:

1. Functional Annotations: Functional annotations provide detailed insights into
a protein’s biological characteristics, including its role in cellular processes, its
subcellular location, and its involvement in biological pathways. This information,
sourced from comprehensive databases like UniProt, is crucial for understanding
the protein’s function and its potential impact on cellular mechanisms and disease

states. UniProt is a highly curated resource that offers extensive details about
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protein functions, domains, post-translational modifications, and more, making it

indispensable for comprehensive protein characterization.

2. Protein-Protein Interaction (PPI) Information: PPI data, often sourced from

databases like STRING, detail the functional network of a protein within an
organism. These interactions are pivotal to nearly all cellular processes, as they
facilitate communication between different proteins and the coordination of com-
plex cellular activities. STRING integrates known and predicted PPIs, derived
from various sources including experimental data, computational prediction meth-
ods, and public text collections. Understanding PPIs is essential for elucidating
cellular pathways, identifying key regulatory proteins, and discovering potential
therapeutic targets. The comprehensive interaction networks provided by STRING
enable researchers to explore the functional landscape of proteins and their roles

in various biological contexts.

The careful extraction and integration of these features enable a holistic understanding

of protein properties, providing a robust foundation for advanced applications in bioin-

formatics, molecular biology, and biotechnology. These selected features are not only

fundamental to basic biological research but also critical in applied sciences, where un-

derstanding protein behavior at a detailed level can lead to innovations in drug discovery,

synthetic biology, and personalized medicine.

10.3.3 Database Construction

Following meticulous data preprocessing, ProteinFlow assembles a structured and com-

prehensive database to support advanced query capabilities and data mining operations.

The MySQL database system, known for its robust performance and scalability, is

employed to manage the intricately processed protein data (DuBois 2013).
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* Database Schema Design: Reflecting the multifaceted nature of protein data, the

database schema is thoughtfully crafted:

— Protein Table: Central to the database, this table stores processed protein
sequences, structural details, and unique identifiers, serving as a primary

reference point for cross-referencing with interaction and annotation data.
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Figure 10.2: ProteinFlow Data Statistics (PDB and UniProt Data)

— PPI Table: Captures the intricacies of protein-protein interactions, storing
not only interaction partners but also contextual details such as interaction

types, sources, and confidence scores, directly linked to the Protein Table.

— Annotation Table: Enriches the dataset with functional annotations, gene on-
tology terms, and pathway information, providing a multi-dimensional view

of protein functionalities, linked to protein entries for integrated analyses.

* Data Integrity and Correlation: The schema is engineered with an emphasis on
data integrity and relational integrity. Carefully designed foreign keys ensure data
consistency across tables, while indexes are strategically implemented to optimize

retrieval times and support complex, multi-table queries.

This database structure not only ensures efficient data storage but also facilitates
sophisticated data retrieval and mining, enabling researchers to draw meaningful insights

from complex protein data.
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10.3.4 Flow Optimization

Building on the robust data preprocessing framework, ProteinFlow implements a series

of optimization strategies to ensure seamless and efficient data flow:

* Real-time Data Updates: Capitalizing on the dynamic nature of protein data
sources, ProteinFlow’s update mechanism is designed to maintain data currency
and accuracy. Regular checks on source APIs enable immediate identification and
retrieval of new or updated data, which is promptly processed and integrated into
the database.

* Concurrent Data Processing: By exploiting the Go language’s powerful con-
currency model, ProteinFlow efficiently parallelizes data fetching, cleaning, and
integration tasks. This not only expedites the data handling process but also ensures
that the system can scale to handle increasing data volumes without performance

degradation.

* Data Pipelining: An advanced pipelining architecture is employed where data
seamlessly transitions through predefined processing stages. This strategy maxi-
mizes the efficiency of computational resources, ensures a continuous data process-

ing flow, and effectively reduces latency between data acquisition and availability.

e Memory Optimization: Rigorous memory management techniques are applied to
optimize the system’s memory footprint. Intelligent allocation and deallocation
strategies, coupled with effective caching mechanisms, substantially reduce the

overhead of memory operations and enhance the overall system performance.

10.4 Results

Protein data processed using ProteinFlow can be viewed on the web page https://cs1.ucc.ie/ ymS/proflow/.

10.4.1 Efficiency in Data Collection and Preprocessing

The implementation of ProteinFlow significantly improved the efficiency of data collec-
tion and preprocessing. As illustrated in Table 10.1, the time required for data retrieval

was reduced by 40% compared to traditional methods. Moreover, the rate of data
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redundancy and sequence inconsistencies were notably decreased, demonstrating the

effectiveness of ProteinFlow’s data cleaning and validation protocols.

Table 10.1: Comparison of data retrieval time and data quality metrics.

Metric Before ProteinFlow After ProteinFlow
Data Retrieval Time (s) 2 1.2 (-40%)
Data Redundancy Rate (%) 15 10.5 (-30%)
Sequence Inconsistency Rate (%) 4 1.2 (-95%)

10.4.2 Advanced Feature Extraction and Data Integration

ProteinFlow performs a comprehensive feature extraction and analysis of the prepro-
cessed data. These features mainly include sequence length, amino acid composition,
secondary structure ratio, solvent accessible surface area, charge distribution, hydropho-
bicity, and functional domain information. According to the statistics, the protein
sequence length is mainly distributed between 50-2000 amino acids, and about 85% of
the proteins fit into this range. Especially for proteins containing specific functional
domains, the distribution of their sequence lengths appears to be more concentrated. In
addition, there is a clear correlation between the charge distribution and the functional
type of proteins, while hydrophobicity is correlated with the three-dimensional structural
morphology and function of proteins.

During data feature extraction, ProteinFlow performs a comprehensive feature extrac-
tion and also records the success rate of each feature calculation. Overall, the success
rate exceeds 97% (see Fig. 10.2), indicating that ProteinFlow has achieved a high level
of processing power and accuracy for protein data. However, there are also some data
with unsuccessful feature extraction due to special protein structures or missing data, etc.
This also provides directions for further optimization of the algorithm and improvement

of data processing methods in the future.

10.4.3 Scalability and Performance

ProteinFlow demonstrates remarkable performance in handling large-scale datasets,
due to its unique architectural advantages that enable efficient processing and feature

extraction. The superior performance can be attributed to the following key factors:
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1. Lightweight and Optimized Design: ProteinFlow adopts a streamlined architecture
focused on core feature extraction functionalities, avoiding the overhead associated
with complex data processing and analysis modules present in other tools. This
lean design philosophy minimizes resource consumption while maintaining high

computational efficiency.

2. Parallel Computing Strategy: Leveraging the concurrency features of the Go
programming language, ProteinFlow implements an advanced parallel computing
strategy that harnesses the full potential of modern multi-core CPUs. This approach
significantly accelerates data processing, effectively scaling to handle increasing

data volumes without compromising performance.

3. Focused Scope and Extensibility: Currently, ProteinFlow concentrates its feature
extraction efforts on a comprehensive yet essential set of features that capture the
fundamental characteristics of proteins. While future iterations may expand the
feature repertoire based on evolving research needs, this focused approach avoids
unnecessary computational overhead, contributing to ProteinFlow’s impressive

performance metrics.

Table 10.2 presents a comparative analysis of ProteinFlow’s feature extraction speed
and memory utilization against the widely-used BioFeatureFinder tool across different

data scales.

Table 10.2: Comparative Analysis of Feature Extraction Performance

Feature Extraction = Memory

Data Scale Tool
Speed (entries/s)  Usage (GB)
100,000 entries BioFeatureFinder 10 10
ProteinFlow 12 (+20%) 6.5 (-35%)
1,000,000 entries BioFeatureFinder 4 18
ProteinFlow 5 (+25%) 12 (-33%)

The results unequivocally demonstrate ProteinFlow’s superior efficiency and perfor-
mance in processing and extracting features from large-scale protein datasets. This

remarkable achievement stems from ProteinFlow’s advanced technical strategies and its
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focused design philosophy, tailored for core protein data analysis tasks. It is important to
note that the performance disparities do not reflect shortcomings in other tools, but rather
highlight the differences in application scenarios and design objectives. Each tool may

excel in specific tasks aligned with its intended purpose.

10.4.4 Application of ProteinFlow

A notable application showcasing ProteinFlow’s capabilities is its integration as the under-
lying data processing and feature extraction engine for PS-GO [(Mi et al. 2024)], a para-
metric protein search tool. By leveraging ProteinFlow’s high-quality, multi-dimensional
features, PS-GO outperforms methods relying on single strategies, such as BLAST
sequence similarity or UniProt annotation-based searches, in protein search and retrieval
tasks. Protein search is a critical step in bioinformatics, and with the ProteinFlow frame-
work, users can significantly improve the efficiency of their searches and the accuracy of
their results. ProteinFlow integrates multiple databases and utilizes its API to automate
data retrieval and updating. This ensures that the data is up-to-date and reliable and
drastically reduces data retrieval time through a parallel request strategy. In addition,
ProteinFlow provides advanced feature extraction capabilities to extract key features
from protein sequences and structures. With these features, users can perform protein
searches more quickly and accurately, increasing research efficiency and accelerating

scientific discovery.

10.5 Discussion and Conclusion

In this study, we introduced ProteinFlow, a novel feature engineering framework tailored
for protein data analysis. A key strength of ProteinFlow lies in its data preprocessing and
feature extraction capabilities. When compared with the widely-used BioFeatureFinder
(Ciamponi et al. 2018), ProteinFlow demonstrated superior efficiency and accuracy in
processing large-scale datasets. Specifically, ProteinFlow reduced data preprocessing
time by approximately 40%, a significant improvement that can be attributed to its
optimized parallel data retrieval and processing strategy.

The adaptability and scalability of ProteinFlow are also worth noting. With the rapid

growth of protein data, tools that can efficiently handle large volumes of data and extract
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meaningful insights are invaluable. ProteinFlow’s architecture, designed with scalability
in mind, ensures that it can accommodate datasets of increasing size and complexity,
making it a robust tool for future research.

Future enhancements to ProteinFlow could involve the integration of cutting-edge
machine learning models such as protein language model to refine its feature extraction
algorithms further. This integration has the potential to significantly enhance the pre-
dictive capabilities of ProteinFlow, enabling researchers to uncover novel insights into
protein functions and interactions. Additionally, expanding the framework to incorpo-
rate emerging types of data, such as single-cell proteins, could provide a more detailed
understanding of protein dynamics and functions at a granular level.

In summary, ProteinFlow represents a significant advancement in the field of proteins.
Its ability to efficiently process large-scale datasets and extract a comprehensive set
of biologically significant features positions it as a powerful tool for researchers. The
continued development and integration of new technologies will be crucial in ensuring

that ProteinFlow remains at the forefront of protein data analysis.
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The core of this study is to propose and systematically implement an advanced integrated
computing framework based on the concept of “translation as infrastructure”, aiming to
fundamentally solve the multi-level and cross-domain structural breaks and information
asymmetry problems in the process of biomedical knowledge translation (Hartl et al.
2021; Seyhan 2019; De Maria Marchiano et al. 2021). Through the development and inte-
gration of a series of specific computing systems, we have addressed key challenges such
as Patient System Translation, Data diagnosis Translation, Molecule Clinical Translation,
and Protein Infrastructure Translation layer by layer. Each module in the framework has
been preliminarily verified for its feasibility, demonstrating great potential and the ability
to transfer concepts across layers, which together constitute the empirical core of this
paper.

The computational continuum constructed and validated in this study covers the scope
of capturing patient narratives, modeling clinical diagnoses, achieving disease prediction,
and in-depth exploration of molecular mechanisms. This continuum is not intended to
provide a single solution that encompasses all biomedical translational issues, but rather
proposes a structured and actionable response paradigm that is committed to building
a progressive, partially closed-loop, and broadly applicable computational ecosystem
while respecting semantic complexity and practical fragmentation. The various system
modules detailed in Chapters 2 to 10 not only directly respond to specific cross-layer
challenges, but also collectively converge to form a solid empirical foundation for this
paper, seven of which have been published in peer-reviewed journals and three are under

review.

Recalling the four core challenges clearly defined in Chapter 1, this framework pro-
vides a concrete and powerful response to the computable interface from patient language

to medical systems, the transformation of multi-source clinical data to interpretable di-
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agnostic modeling, the extension of molecular-scale discoveries to clinical practice

validation, and the precise docking of computational tools with biomedical semantics.

At the Patient System Translation layer, the development of MSaaVS (Chapter 2)
marks a milestone in the automated structured modeling of patients’ subjective narrative
information. It realizes the initial automated conversion of patients’ natural language
expressions into standardized intent labels that are operable by the medical system,
greatly improving the efficiency of docking patient semantics with medical logic (Koleck
et al. 2019; Gonzalez-Hernandez et al. 2017). On this basis, PHPlace (Chapter 3) deepens
this concept into the field of POP health management. Through dynamic interactive
questionnaires and innovative 2D animation modules, it not only optimizes the structuring
of patient information, but also enhances the communication efficiency between doctors
and patients and the patients’ understanding of symptoms and treatment plans through
intuitive visualization (Alsos, Das, and Svanas 2012; Shabir and Kenzie 2025; Parmar
and I. K. Verma 2024). The contribution of this level is that it has initially solved
the problem of objectification of subjective experience, and it demonstrates the great
potential of multimodal computational semantic modeling in improving the intuitiveness

of medical communication and promoting personalized medical services.

The focus of the Data Diagnosis Translation layer is to extract interpretable diagnostic
insights from heterogeneous clinical data, especially in scenarios where data is scarce.
Strengthening Diagnostic Translation (Chapter 4) effectively improves the generalization
and robustness of the model in a small sample environment by introducing a semantic
consistency constraint mechanism while ensuring data authenticity (J. Zhou et al. 2021;
Y. Zhou et al. 2024).

At the Molecular Clinical Translation layer, we are committed to bridging the gap
between molecular data and clinical practical applications. The EPOP (Chapter 5)
uses a protein language model to fine-tune POP-related proteomics data, achieving an
interpretable mapping from protein sequences to disease-associated functional labels.
This allows molecular discoveries to no longer remain at the sequence level, but to be
transformed into information that is of practical clinical significance. As a theoretical
supplement to this layer, Protein Design Enters the Al Era (Chapter 6) critically examines
the current focus of Al protein design research, emphasizing that future research needs to

more deeply integrate biological semantics and application scenario relevance, providing
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important theoretical guidance for the transformation of molecular insights into clinical
practice.

The Protein Infrastructure Translation layer builds a basic platform to support the
transformation of protein representation into reusable, generative, and task-oriented
computing assets. PROFASA (Chapter 7) provides an intuitive interactive visualization
environment that simplifies the protein fragment analysis and property evaluation process,
improving the efficiency of researchers’ understanding of molecular mechanisms. PS-
GO (Chapter 8), as an efficient parameterized protein search engine, realizes accurate
retrieval based on user-defined biophysical properties, greatly improving the flexibility
of function-driven protein structure discovery. On this basis, Silver Surfer (Chapter 9)
realizes the automatic generation of new protein sequences through innovative genetic
algorithms, and can perform targeted optimization under multiple biophysical property
constraints. Finally, ProteinFlow (Chapter 10), as a comprehensive large-scale protein
feature engineering platform, provides standardized, highly scalable core data and feature
buses for upper-level protein computing, design, and diagnostic applications. These three
systems together build the core of the basic computing layer of this study, providing solid
support for a variety of protein-related tasks.

The power of this framework lies in its strict adherence to and deep practice of
core design principles, which are applied throughout the design and implementation of

systems at all levels:

* Semantic continuity is not a simple transfer of information, but rather ensuring
that the integrity and interpretability of medical or biological meanings are pre-
served when knowledge is transformed between different levels of abstraction.
MSaaVS (Chapter 2) not only formalizes patient narratives, but also strives to
capture their original intent, and EPOP (Chapter 5) associates abstract protein
sequences with specific disease functions to ensure that molecular-level findings
can be understood and applied by clinicians. This extreme pursuit of semantic
fidelity is the cornerstone of this framework for achieving effective knowledge

transformation.

* The modular structure is reflected in the high degree of independence and plug-
gability of each system. Each module, such as MSaaVS (Chapter 2) and PHPlace

(Chapter 3), can run independently and carry specific translation functions. This
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not only greatly improves the development efficiency and maintainability of the
system, but also provides the possibility for flexible combination, expansion, and
replacement according to new scientific research or clinical needs in the future,

ensuring the adaptability and vitality of the framework.

* Interoperability is the key to connecting modules and achieving knowledge flow.
By developing a unified data exchange protocol and a shared semantic represen-
tation paradigm, we have initially achieved smooth information transfer across
systems. As a unified feature platform for protein data, ProteinFlow (Chapter 10)
can provide standardized input for all protein-related computing modules in the
upper layer, and the conceptual alignment of MSaaVS (Chapter 2) and PHPlace
(Chapter 3) in intent classification also lays the foundation for the seamless tran-
sition of patient information to diagnostic models. Although fully automated
end-to-end interoperability is still under exploration, existing practices have proven

its feasibility.

* Interpretability and operability are the embodiment of the deep integration of
this framework with clinical practice. The 2D animation and interactive design of
PHPlace (Chapter 3) significantly improve patients’ understanding and participa-
tion in complex medical information. In protein design, PROFASA (Chapter 7),
PS-GO (Chapter 8), and Silver Surfer (Chapter 9) allow researchers to accurately
query and generate based on biophysical properties, making the abstract molecular
design process controllable and understandable, thereby ensuring the biological

rationality and engineering practicality of the final design.

From a holistic perspective, the system constructed in this paper does not solve a
problem at a certain level in isolation, but forms a ’cognition-computation-operation”
continuum. Among them, ’cognition” represents our deep understanding of the nature
and challenges of the problem; "computation” refers to how we model these problems and
design an operational system architecture; and “operation” is reflected in the deployment,
use, and potential feedback mechanisms of these systems in real data. However, in
the current implementation, this continuum has not yet been completely closed. For
example, the data flow between systems has not yet been fully automatically connected,

and the reasoning path of the semantic layer lacks unified specifications. However,
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this structured design concept has initially proved its value. It emphasizes that when
facing the problem of multi-level transformation of biomedical knowledge, we advocate
a systematic and combined solution rather than relying on a single general solution. This
way of thinking also directly responds to the philosophical discussion of “translation”
at the beginning of Chapter 1: translation is not just the replacement of symbols, but
also the reconstruction of knowledge structure. In contemporary biomedical practice, a
significant gap exists between patient expression, doctor judgment, model prediction, and
biological mechanisms. This study aims to bridge these critical gaps through a scalable

and stable approach using the powerful method of computational translation.

11.1 Limitations

Although the computational translation framework proposed in this study has made
significant progress and is comprehensive, its inherent limitations also define the scope

of the current work and provide clear guidance for future research directions.

11.1.1 Semantic alighment

Although various systems have achieved preliminary semantic structuring and mapping
within specific modalities (such as natural language, structured data, and molecular
sequences), a truly unified and deeply integrated cross-modal semantic understanding
framework remains an unsolved problem (Duan et al. 2024; H. Zhou et al. 2024; Rajen-
dran et al. 2024). Current mapping mechanisms rely heavily on manually defined rules
or statistical associations, and it is difficult to fully capture and transform the implicit,
context-related deep semantics between different modalities. For example, the psycho-
logical, cultural, and socioeconomic background information contained in the patient’s
subjective language, although crucial to clinical decision-making, is not yet fully and ac-
curately captured and conveyed by current symbolization or question-answering systems.
Future work needs to break through the limitations of this reliance on surface associations

and move towards more reasoning-capable and generalized semantic understanding.
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11.1.2 Causal inference capabilities

Although many systems in this framework excel in prediction and association discovery,
most are still based on correlation rather than causal modeling (S.-H. Lin and Ikram 2020;
Kleinberg and Hripcsak 2011). When identifying disease-related proteins, the EPOP
(Chapter 5) system uses advanced protein language models. However, its internal ’black
box” characteristics make it difficult for us to provide a clear mechanistic explanation for
“why a protein is identified as relevant.” This limitation in causal explanation capabilities
restricts the model’s upgrade from pure association prediction to a more insightful
understanding of mechanisms, thereby affecting its ability to provide deeper and more

reliable insights into clinical decision-making and basic scientific research.

11.1.3 Automated linkage between systems

Although this framework emphasizes modular design and conceptual interoperability,
fully automated data flow and task scheduling between systems have not yet been
achieved (T. Ma and A. Zhang 2016; Tiwari and Sekhar 2007; Abdi et al. 2024; Banimfreg
2023). Currently, data usually needs to be manually exported, converted, and imported
between different modules, or follow a preset, relatively fixed pipeline. This limits the
adaptability and dynamics of the framework as a general platform, making it difficult to
automatically orchestrate complex translation tasks according to real-time needs. For
example, automatically triggering subsequent molecular target analysis from diagnostic
results, or seamlessly starting the protein design process from molecular predictions,
these complex end-to-end closed loops are still mainly at the architectural design level,

rather than fully automated operation practices.

11.1.4 Domain generalization and adaptability

Although the proposed hierarchical architecture has a certain degree of universality, the
current system implementation is mainly focused on two specific areas: female pelvic
floor health management and protein engineering. Directly applying this framework
and its specific modules to other biomedical fields (such as oncology, neuroscience,
or infectious diseases) will face significant challenges and require a lot of customized

development and verification work for new data types, unique semantic systems, and task
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requirements, which shows that its current universality still needs to be further expanded
(Kouw and Loog 2018; Singhal et al. 2023).

11.1.5 Non-computational factors

This study focuses on the problem of biomedical knowledge translation solved by
computational modeling and structured methods. However, in real-world clinical settings,
the success of translation is also affected by many non-computational factors, including
but not limited to the medical system, ethical norms, patient compliance, social and
cultural background, and the trust relationship between doctors and patients (Holden
et al. 2013; De Miranda, Doggett, and J. T. Evans 2005). This framework does not
deeply explore or integrate the impact of these non-computational factors on knowledge
translation, which to some extent limits the complexity and challenges it may face in

actual application scenarios.

11.2 Future Work

Although the translation as infrastructure” framework proposed in this study has laid a
solid foundation, its future development still holds great potential, especially in address-
ing current limitations and enhancing the intelligence and universality of the framework.
The following will explore the key directions of future research in more depth from
multiple dimensions.

In terms of semantic alignment and knowledge reasoning, although we have achieved
preliminary semantic structuring in specific modalities, it remains imperative to build
a truly unified, cross-modal, and reasoning-capable biomedical semantic understand-
ing framework. Future work should focus on developing a multi-level, dynamically
evolving biomedical knowledge graph. Through large-scale corpus learning, weakly
supervised semantic extraction, and expert collaborative verification, a semantic network
that can dynamically capture the complex relationships between biomedical concepts
(including causality, hierarchy, attributes) is constructed. This requires breaking through
the boundaries of traditional symbolism and connectionism and exploring cutting-edge
technologies such as neural symbolic reasoning, so that the model can understand se-

mantic ambiguity and contextual dependence while performing precise logical reasoning
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(Nallabantu and Guruprakash 2024). For example, by introducing a large language model
enhanced by a knowledge graph, we can train the model to understand better the deep
medical intent contained in the patient’s colloquial narrative, and seamlessly connect
it with structured clinical data and molecular-level knowledge, thereby achieving more
accurate disease diagnosis assistance and personalized treatment plan recommendations.
In addition, studying how to explain complex computational results in a natural lan-
guage form that is easy for patients or clinicians to understand through reverse semantic

mapping is also a key step in improving the operability of the framework.

In response to the challenges of causal inference and explainable artificial intelligence,
future research should fundamentally enhance the framework’s ability to transition from
association prediction to mechanistic insight. This requires us to be no longer satisfied
with statistical correlation, but to introduce a systematic causal reasoning framework.
Specifically, we can explore the construction of structural causal models at different
translation levels, and identify and quantify the causal relationship between variables
from massive observational data by combining domain expert knowledge and advanced
causal discovery algorithms. For example, at the data diagnosis translation level, we can
use causal graph analysis to not only identify factors associated with disease risk, but
also reveal their causal chain, thereby guiding more effective intervention measures. At
the molecular clinical translation level, by introducing causal representation learning,
even black box models based on deep learning, such as the EPOP (Chapter 5), can learn
feature representations with causal invariance at a higher level of abstraction, thereby
explaining how specific molecular features mediate the occurrence and development of
diseases, rather than just providing prediction results (Scholkopf 2022; Pearl 2022). In
addition, the development of interactive explainable artificial intelligence tools that allow
clinicians and researchers to explore the model reasoning process from global model
interpretation to local decision attribution, and to evaluate the robustness and potential
impact of decisions by simulating counterfactual scenarios, will be an important way to
improve model trust and clinical adoption.

In terms of building automation, future work should focus on integrating the current
decentralized, modular systems into a unified, highly automated computing infrastructure
that is schedulable on demand and supports multi-task collaboration. This requires the in-
troduction of advanced cloud-native and microservice architecture concepts. Specifically,

each independent system is decoupled into independent, independently deployable and

228



11.2 Future Work

scalable microservices, and managed using containerization technology. The core lies in
the development of an intelligent workflow orchestration engine that can automatically
select the most appropriate microservice based on the complex translation tasks defined
by the user, and intelligently manage data flow, resource allocation, and task depen-
dencies. For example, an end-to-end treatment plan design request can begin with the
capture of patient symptoms, automatically flow through the diagnostic model, and then
trigger molecular target analysis, ultimately recommending and generating candidate
protein sequences with specific functions. To achieve this goal, it is also necessary to
establish a unified, high-throughput, and semantically labeled data bus to ensure that data
can be efficiently and seamlessly exchanged and understood between different microser-
vices. At the same time, the introduction of event-driven architecture enables services
to communicate and collaborate through asynchronous messaging mechanisms, thereby
improving the system’s elasticity and responsiveness, and ultimately building a platform
that can support on-demand calls in multiple scenarios, such as clinical decision-making,
drug discovery, and basic research (P. Raj, Vanga, and Chaudhary 2022; Nivedhaa 2024).

Finally, in terms of domain generalization and the expansion of clinical validation
paths, future research should make the framework more universal, allowing it to be
efficiently applied to a broader range of biomedical problems and gradually promote its
validation in real clinical environments. This means not only applying the framework to
new disease areas, but more importantly, systematically studying the capture, representa-
tion, and translation challenges of data modalities unique to these new fields (such as
medical imaging genomics, genomics, metabolomics, electronic health records, wearable
device data, etc.). For these new data types, it is necessary to develop corresponding pre-
processing, multimodal fusion, and cross-layer translation modules. At the same time, by
introducing technologies such as transfer learning, meta-learning, and federated learning,
the knowledge acquired in existing fields can be leveraged to accelerate the adaptation
and validation of the framework in new fields, thereby reducing data privacy barriers.
More importantly, it is necessary to establish close cooperation with medical institutions,
conduct multicenter, prospective clinical pilot projects, and rigorously validate the clini-
cal systems implemented within the framework. This validation should quantify their
actual value in improving diagnostic accuracy, optimizing treatment plans, enhancing

patient prognosis, and reducing medical costs. This kind of translational validation from
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the laboratory to the bedside will be a key step for "translation as infrastructure” to move
from theory to practice and from prototype to widespread application.

In summary, this study focuses on the computational translation of “molecule to clinic”
as its primary objective, builds a system that spans multiple levels, and verifies it in
practice across various challenging scenarios. This work not only provides specific and
operational technical solutions but also fundamentally demonstrates the feasibility and
significant value of “translation as infrastructure” as a new research paradigm. Although
the road to a fully automated and universally applicable translation infrastructure is
still ongoing, the structural foundation laid by this paper, along with the demonstrated
cross-layer concept transfer capabilities, has achieved initial and encouraging results,
paving a solid and promising path for future research and continued evolution in the field

of biomedical knowledge translation.
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12 Conclusion

This study focuses on "From Molecules to Medicine”. It systematically explores how to
build a structured, computable, and scalable computing infrastructure in the multi-source,
multi-layer, and multi-task medical translation process. After building and experimenting
with many underlying systems, we proposed the concept of “Translational Computing
Infrastructure” as a medium to connect cognitive structures and operating systems, in

response to the fractures and mismatches in the flow of biomedical knowledge.

The contributions of this study are mainly reflected in the following aspects. First,
at the theoretical level, this study identified four key challenges in the transformation
of biomedical knowledge, corresponding to patient-system interface, data-diagnostic
modeling, molecular-clinical mechanism, and tool-semantic docking. This four-layer
structure not only reveals the complexity of the transformation problem, but also provides
a structured guide for subsequent system design. Moreover, at the method level, we
proposed a research paradigm of structure-driven, cross-layer collaboration”. This
paradigm emphasizes that under the premise of respecting semantic complexity, the
distributed modeling of complex medical processes is achieved through data interfaces,
feature abstraction and system integration with computable modules as units. In addition,
at the system implementation level, we have built a complete platform system covering
“medical dialogue-diagnostic reasoning-disease prediction-molecular verification-protein
exploration”. These systems not only show good performance in experiments, but also
preliminarily demonstrate the ability of data migration and method migration across
task boundaries. Finally, in terms of method promotion, the PS-GO system integrates
many of the above achievements and verifies the possibility of synergy between feature
extraction, visual search and directional generation in actual protein exploration tasks. It
demonstrates that when the basic feature framework is general enough, researchers can

move from single-point modeling to a property-oriented, goal-driven protein design path.
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Although this study has made a systematic exploration on the path of “computational
translation”, we are also clearly aware that it is still in its early stages of development. In
particular, the following aspects still need to be further deepened: there is still a lack of
a unified modeling framework at the semantic level, especially from natural language
expression to structured computational graphs, a stable and highly versatile semantic
bridging mechanism needs to be built; causal reasoning and explanation transparency
are still relatively weak, and most systems are still driven by correlation, lacking clear
mechanism paths and cross-modal causal links; automated scheduling and data circulation
have not yet been achieved between modules, and further system integration work is still
needed to achieve a truly “unified platform”.

Future research can continue to advance around the above shortcomings, especially in
the areas of semantic modeling and causal structure. In addition, we also plan to expand
the framework to more application scenarios, such as chronic disease management,
precision medicine, and automated scientific discovery platforms, to promote it from
feasibility verification to general infrastructure.

In conclusion, the “translational computing infrastructure” proposed in this thesis is
both a conceptual paradigm shift and an integrated expression of a series of implemented
systems. It does not attempt to solve all problems with one model, but is commit-
ted to building a future-oriented technical foundation that enables multidimensional
knowledge to be efficiently translated, integrated, and activated. We believe that this
“structure-driven, semantically aligned, model combination™ approach will provide a
solid foundation for future biomedical artificial intelligence and breed a truly intelligent

biomedical ecosystem in the process of continuous evolution.
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A Clinical Research Ethics
Committee of the Cork Teaching
Hospitals

This appendix includes the official letter of ethical approval issued by the CREC of the
Cork Teaching Hospitals, corresponding to the PHPlace platform described in Chapter 3.
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COISTE EITICE UM THAIGHDE CLINICIUIL
Clinical Research Ethics Committee of the Cork Teaching Hospitals

University College Cork

Tel: +353-21-4901901 Lancaster Hall
Email: crec@ucc.ie 6 Little Hanover Street
Cork

Ireland

CREC Review Reference Number: ECM 4 (r) 24/10/2023
& ECM 4 (cc) 05/12/2023
Date: 29" November 2023

Professor Barry O'Reilly

Consultant Obstetrician and Gynaecologist
Cork University Matemnity Hospital

Wilton

Cork

Study Title: Revolutionizing Urogynecology Care: Implementation and Assessment of the ‘UroGynius' Mobile
Application and Website.

Dear Professor O'Reilly

The following documents have been approved:

Study Protocol Version 2

Information Leaflet Version 2

Si hots.

Data Protection Officer Approval Dated 22™ November 2023.

Full approval is now granted to carry out the above study. The date of this letter is the date of authorization of the
study.

Please keep a copy of this signed approval letter in your study master file for audit purposes. The study must be
carried out in accordance with General Data Protection Regulation and Health Research Regulation 2018/2021.

You should note that ethical approval will lapse if you do not adhere to the following conditions:

1. Submission of an Annual Progress Report/Annual Renewal Survey (due annually from the date of this
approval letter). We would encourage you to keep note of this date as the CREC will not issue a
reminder.

2. Report unexpected adverse events, serious adverse events or any event that may affect ethical
acceptability of the study

3. Submit any change to study documentation (minor or major) to CREC for review and approval.
Amendments must be submitted on an amendment application form and revised study documents must
clearly highlight the changes and contain a new version number and date. Amendments cannot be
implemented without written approval from CREC.

4. Notify CREC of discontinuation of the study

5.  Submit an End of Trial Declaration Form and Final Study Report/Study Synopsis when the study has been
completed.

Yours sincerely

/L

Professor David Kerins

Chairman

Clinical Research Ethics Committee
of the Cork Teaching Hospitals

Figure A.1: Ethical approval letter from the CREC of the Cork Teaching Hospitals for
the PHPlace platform.
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B PROFASA User Guide

This appendix provides a user manual for the PROFASA (Chapter 8) platform.

1. Registration and Login

To access the features of PROFASA, you must first create an account. Navigate to the top
right corner of the homepage and click on the SIGN UP button. You will be redirected
to a registration page. Here, you will be required to fill in your email address and a
password. After filling in these details, click on the Register button at the bottom of the
page. An email will be sent to the provided address for account confirmation. Click on
the link in the email to verify your account.

To log in, click on the SIGN IN button located at the top right corner of the homepage.

Enter the email address and password you used during registration and click Sign In.

2. Using the BLAST Feature

The BLAST feature allows you to find known proteins that are similar to your protein
sequence. From the homepage, click on the BLAST button. You will be directed to the
BLAST page where you can input your protein sequence in the provided field. After
entering your sequence, click Submit. The system will automatically perform a BLAST
analysis and display the results on a new page. The results include the names, sequences,

and similarity scores of known proteins that are similar to your sequence.

3. Using the FOLD Feature

The FOLD feature enables you to predict the three-dimensional structure of your protein

sequence. From the homepage, click on the FOLD button. You will be directed to the
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FOLD page where you can input your protein sequence in the provided field. After
entering your sequence, click Submit. The system will automatically perform a protein
folding prediction and display the results on a new page. The results include images and

parameters of the predicted protein structure.

4. Using the ANALYSIS Feature

The ANALYSIS feature allows you to analyze various properties of your protein sequence.
From the homepage, click on the ANALYSIS button. You will be directed to the
ANALYSIS page where you can upload your PDB file in the provided field. After
uploading your file, click Submit. The system will automatically perform a protein
analysis and display the results on a new page. The results include the length, molecular

weight, isoelectric point, solubility, and other properties of your protein sequence.

5. Using the SUPERIMPOSE Feature

The SUPERIMPOSE feature enables you to compare two or more protein structures.
From the homepage, click on the SUPERIMPOSE button. You will be directed to the
SUPERIMPOSE page where you can input the protein sequences you want to compare
in the provided fields. After entering your sequences, click Submit. The system will
automatically perform a protein superimposition and display the results on a new page.

The results include images and parameters of the superimposed protein structures.

6. Viewing and Managing Your Tasks

From the homepage, click on the My Results button. You will be directed to the My
Results page where you can view a list of all the tasks you have created. Each task has
a unique ID, name, type, sequence length, model generation progress, and submission
time. You can click on the name of each task to view its details.

You can also share tasks with collaborators. Simply click on the Share button next
to each task and enter the email address of your collaborator. They will then be able to

view your task.
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7. Viewing and Downloading Protein Model
Information

After a task is completed, you can view and download basic information about the protein
model on the Text Result Page. This information includes the sequence, RSCB PDB,
Ramachandran Plot, F2F Plot, and more.

Once all protein models for the task have been generated, you can switch to the 3D

Result Page through the button in the upper right corner.

8. Manipulating Protein Models on the 3D Result
Page

On the 3D Result Page, you can view the three-dimensional structure of the protein
model. The model can be manipulated by rotating and zooming in/out to view the
structure from different angles.

In addition to viewing the basic information of the protein model, you can also change
the Representation and Color of the entire model or part of the model. This is done by
clicking on the Representation and Color buttons on the page and selecting the desired
options.

The SUPERIMPOSE function is also available on this page. It can be used to rotate
and translate a structure to match or align it with another structure or structures. The

system then uses RMSD and GDT_TS to evaluate the quality of the superimposition.

Support

This concludes the detailed user guide for the PROFASA platform. If you encounter
any issues while using the platform, you can reach out to the support team at pro-

tein.blast.mi@gmail.com.
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C PS-GO User Manual

This appendix provides a user manual for the PS-GO (Chapter 9) platform.

Obijective

Search for a complex protein using natural language, read its parameters, modify some

amino acids, and observe the changes in parameters.

Steps

1. In the search bar, enter a description of the protein you are looking for. For
example: "I’m looking for a complex protein with very large size. I also want this
protein to have a low Isoelectric Point.” Click the ”Search” button. Alternatively,
you can click on the parameter buttons below the search bar to perform a more

precise search based on specific criteria. As shown in Figure C.1

I'm looking for a complex protein with very large size. | also want this protein to have a low Isoelectric Point.

Sequence RC.Score Hydrophobicity Instability Size Isoelectric Point Solvent Accesibility

Figure C.1: PS-GO User Manual Step 1
2. A list of search results will be displayed. As shown in Figure C.2
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3J03 Generate new proteinst
VLPENMERYMGRDAQRMMNILAGRIAETVRS TLGPRGMDKMLY DDLGDVVVTRDGYTILREMSVEHPAAKMLIEVAKTOEKEVGDGTTTAVYVAGELLRKAEELLDONVHPTIVVEG...
re.Score 99.1845

Hydrophabicity -0.048

Instability 30.14

Size 840.52

Isoelectric Point 493

Solvent Accesibility 022

31ZL

re.Score
Hydrephobieity
Instability

Size

Isoelectric Point

Solvent Accesibility

VLPENMKRYMGRDAQRMNILAGRIAETVRSTLGPKGMDKMLYDDLGDVVVYTRNDGVTILREMSVE

PAAKMLIEVAKTQEKE
99.0769

-0.01

20.73

837.74

493

0.24

Generate naw proteins!

EVGDGTTTAVYVAGELLRKAEELLDONVHPTIVVEG...

Figure C.2: PS-GO User Manual Step 2

note of the protein’s parameters. As shown in Figure C.3

mutations. As shown in Figure C.4

mutated. As shown in Figure C.5

parameter optimization and understand how changes in the amino acid sequence

affect the protein’s properties.
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. Click on the first search result to enter the protein details page, observe and take

. Return to the search results page and click on the ”Generate new proteins!” button.

. After a short wait, you will see the parameters of the protein with a few amino acid

. You can also choose to freeze certain amino acids, preventing them from being

. Continue exploring different proteins and their mutated versions to explore protein



Figure C.3: PS-GO User Manual Step 3

Instability: 32.868520875762655
Size: 84984.98146500139
Hydrophobicity: -0.0892311608961304
Isoelectric: 5.16064453125

Figure C.4: PS-GO User Manual Step 5
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Generate New Proteins

Heguence

WLPENMERY MGROADRMNILAGRIAE TVRSTLEPKGMOKMLYDDLGOVY Y TNDGY TILREMSVEHPAAKMLIEVAK TOEKEVGDGT TTAVVVAGELLRKAEELLDGNVHETIVWKEG Y QAAAQKAQELER

Sequence Freeze Freeze Unfreeze Reset  Freeze

VLPENMKRYMGRDAQRMMN I LAGRI lAETYVRETLGPKGMDKMLVYVDDLGDVYYTNDGVT
ILREMSYEHPAAKML I EVAKTQEKEVGDGTTTAVVYVYAGELLRKAEELLDOQNVYHPT IV
VEGYQDAAAQKAQELLKTIACEVGAQDKEILTKIAMTS I TGKGAEKAKEKLAETLI I VEA
VEAVVDDEGKYDKDL I KIEKKSGAS I DDTELIKGYLYDKERYSAOQOMPRKEKYTDAEKI AL
LNCAI EETASEMLKDMYAE I KASGANVLFCOQKGIDDLAQHYLAKEGIVAARRVKKSD
MEKLAKATGANY | TN KDLSAQDLGDAGLVEERKI SGDSMI FVEECKHPKAY T TML IR
GTTEHWY I EEVARAVDDAVGVYVVGCTIEDGRIVSGGEGESTEVELSMKLREYAEGI SGREGQ
LAVRAFADALEYIPRTLAENAGLDAIEILVEKEVRAAHASNGNKCAGLNVFTGAVEDMC
EMNMGVVEPLRVKTOAI QSAAESTEMLLRIDDVIAAEYLPENMKRYMGRDAGRMMNILAG
BRI ITAETVYVRSTLGPKGMDODKMLVYVDDLGDYVYVVYTNDGYT I LREMSVEHPAAKMLIEVAKTG
EKEVGDGTTTAVVVAGELLRKAEELLDOQNVHPTIVVEKGYQAAAQKAQELLEKTIACEVW
GAODKEI LTKIAMTS | TGKGAEKAKEEKLAEI IVEAVYSAVVDDEGKYDKDLIKIEEKEKS

Figure C.5: PS-GO User Manual Step 6
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D Other Published Works during
PhD

During the PhD period, I also participated in a range of research works beyond the core

systems discussed in Chapters 2 to 11. This appendix lists the publications:

Stefan-Bogdan Marcu, Yanlin Mi, Mark Tangney, and Sabin Tabirca. (2025). Chem-
Flow: Bridging Computational Tools and Bioinformatics Through LLM-Driven Work-
flow Automation. In Proceedings of the International Conference on Modelling and
Development of Intelligent Systems (MDIS 2024), Communications in Computer and
Information Science, vol 2486, pp. 123—-137.

DOI:10.1007/978-3-031-87386-7_9

Publisher: Springer, Cham

This paper presents ChemFlow, a proof-of-concept platform that uses large language
models and prompt engineering to automatically generate and execute bioinformat-
ics workflows from natural language descriptions. My role involved contributing to

conceptual discussions and feedback during manuscript preparation.

Reut Rotem, Daniel Galvin, Yair Daykan, Yanlin Mi, Sabin Tabirca, and Barry A.
O’Reilly. (2024). Revolutionizing urogynecology: Machine learning application
with patient-centric technology. European Journal of Obstetrics & Gynecology and
Reproductive Biology, 300: 49-53.

DOI:10.1016/j.ejogrb.2024.07.009

Publisher: Elsevier

JCR Quartile: Q3

Impact Factor: 2.1

This review introduces an Al-driven perspective on pelvic floor dysfunction and its

management, summarizing advances in diagnostic imaging, digital health platforms,
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D Other Published Works during PhD

and ML enhanced surgical decision-making. My contribution involved system-level
insight from the PHPlace project, bridging applications with real-world urogynecology

workflows.

Isabel Ronan, Yanlin Mi, Venkata Vamsi Bharadwaj Yallapragada, Carthach 0O Nuanain,
and Sabin Tabirca. (2024). A Machine Learning Approach to 3D Protein Structure
Sonification. International Journal of Music Science, Technology and Art (IJIMSTA),
6(1): 9-18.

DOI:10.48293/1JMSTA-106

Publisher: Music Academy ““Studio Musica”

This work explored how features of protein 3D structures can be translated into sound
using ML, enabling auditory analysis of structural properties. I contributed by providing
bioinformatics and protein structure expertise throughout the project, and was actively

involved in reviewing and refining the manuscript during its preparation and submission.

Stefan-Bogdan Marcu, Yanlin Mi, Venkata V.B. Yallapragada, Mark Tangney, and Sabin
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