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Thesis Abstract 

Optical sensing technology was explored as a means of intraoperative guidance for bone-

related procedures in orthopedics and neurosurgery. Specifically, the feasibility of diffuse 

reflectance spectroscopy (DRS), a non-invasive and real-time optical technique that measures 

diffusely reflected light off samples of interest, was investigated in the thesis to differentiate 

biological tissue types and inform tissue boundaries as an intraoperative safety measure for 

revision total hip arthroplasty. Feature selection (FS) frameworks based on DRS measurements 

were developed utilizing machine learning techniques to determine wavelength features of 

optimal discriminative power for bone-related surgical procedures. Four FS frameworks, 

incorporating principal component analysis (PCA), linear discriminant analysis (LDA), 

backward interval partial least squares and an ensemble approach (biPLS), were designed with 

high adaptability to facilitate modifications and applications to other clinical scenarios. A 

feature subset of 10 wavelengths was generated from each FS framework yielding promising 

balanced accuracy scores for the one-vs-rest binary classification task. For cortical bone versus 

the rest class labels, PCA, LDA, biPLS and ensemble -based FS framework computed balanced 

accuracy scores of 94.8 ± 3.47%, 98.2 ± 2.02%, 95.8 ± 3.04% and 95.8 ± 3.16, respectively. 

For bone cement versus the rest, 100% balanced accuracy scores were generated from all FS 

frameworks. Subsequently, an in-house designed optical probe integrating DRS sensing was 

engineered and examined in ex vivo experiments. The most discriminative DRS wavelengths, 

selected by the FS frameworks including 1200 and 1450 nm, were incorporated as the 

illumination light sources. Furthermore, the performance of DRS to predict drilling depths in 

cranial bones was evaluated for craniotomy. Two models including partial least squares (PLS) 

regression and feedforward neural networks (FNN) were examined for prediction of skull 

thickness ranging from 1 to 5 mm away from the brain, yielding a root mean squared error 

regression loss of 0.08 and 0.06 mm from PLS, and 0.2 and 0.1 mm from FNN by using all 
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versus selected features as model inputs, respectively. The predicted depths served as a safety 

protocol to indicate lookahead distances. On the other hand, the potential of ultrafast lasers in 

bone-related surgical applications was reviewed and explored from multiple perspectives. The 

advantages offered by ultrafast lasers over conventional laser systems (continuous wave or 

long-pulse lasers) included superior precision and minimized collateral thermal damage to 

surrounding tissues. However, clinical translation of ultrafast lasers to surgical applications had 

been constrained by limitations in pulse average power and material removal rate. In contrast, 

the use in implant surface texturing had advanced substantially, effectively enhancing 

bioactivation and osteointegration within bone matrices. At the end, ambient mass 

spectrometry, which employed a picosecond laser system for plume generation, was 

additionally assessed for tissue differentiation in a preliminary study. The classification model 

employed PCA for dimensionality reduction and LDA for multi-class classification. By using 

the reduced mass spectra dataset, bone cement was distinguished from biological tissue types 

with 100% in different classification metrics (precision, recall, F1 score). The highest 

misclassification rate occurred between trabecular and cortical bone with 18 instances where 

trabecular bone was classified as cortical bone. Overall, the research presented in the thesis has 

demonstrated promising results to advance basic science and consequently set the foundation 

for translational study of integrating optical sensing into surgical tools in bone-related 

procedures with valuable insights. This work was supported by Science Foundation Ireland 

(SFI), Grant No. SFI/15/RP/2828 and Grant No. SFI/22/RP-2TF/10293.
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Chapter 1  
Introduction 

1.1 Chapter Overview 

This chapter provides a brief literature review focusing primarily on the recent research 

advances to inform the context of the thesis research. It begins with describing the background 

information on bone-related surgery in orthopedics and neurosurgery with relevant clinical 

challenges. Clinical needs to which optical sensing can offer advantages are highlighted. 

Following this, a concise introduction of the optical techniques discussed in the subsequent 

chapters is provided, which include diffuse optical tomography and ultrafast lasers. Potential 

applications of these two optical methods in bone-related surgery are reviewed. The thesis 

design and scope are described thereafter, explaining the research motivation, hypothesis, 

objectives and significance. Thesis outline is presented at the end, illustrating the key points 

covered in each chapter. 
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1.2 Bone-related Surgery 

Bone-related surgery including orthopedic and neurosurgical specialties constitutes one of the 

most frequently performed surgical procedures in developed countries predominantly due to 

the aging population1. In orthopedics, several common procedures to treat conditions of 

degenerative nature are total joint arthroplasty (TJA), spinal fusion, total or partial shoulder 

arthroplasty, lumbar decompression and kyphoplasty or vertebroplasty, where TJA and spinal 

fusion are the top costly surgeries in the United States (US)2. Specifically, TJA includes mainly 

total arthroplasty of the knee (TKA) and the hip (THA), of which both have been regarded as 

highly successful procedures used to restore join function, relieve joint pain and thus improve 

quality of life for patients in the late stage of degenerative osteoarthritis3,4 (Fig. 1.2.1a,b). The 

most common surgical approaches for primary TKA and THA are the standard medial 

parapatellar arthrotomy and posterior dissection, respectively. TJA complications involve 

periprosthetic fracture, aseptic loosening and infection, leading to inferior surgical outcomes 

and patient dissatisfaction. Spinal fusion, a surgery that fuses one or more vertebrae in the spine, 

is performed the most commonly for lumbar degenerative disc disease and cervical disc 

replacement in the US, consisting of 13.8% and 12.2% in 20085 (Fig. 1.2.1c). Surgical approach 

direction can be posterior, anterior or lateral of the spine. Innovative trends in surgical methods, 

implants and grafting materials have been developed to widen the range of indications for 

spinal fusion. Furthermore, neurosurgery is the surgical specialty concerned with disorders of 

the nervous system, which encompasses the brain, sometimes the spinal cord depending on the 

individual definition, and the peripheral nervous system. One of the neurosurgical procedures 

involving bone-related operation is brain surgery, where craniotomy is routinely required to 

temporarily remove part of the cranium and expose the brain for intracranial access6. Some 

typical indications and diagnoses that can be treated via craniotomy include brain tumors, 

vascular malformations, subdural and intracranial hematomas. During the procedure, burr 

holes are created by a surgical cranial drill to remove bone flaps off the skull. Some subtypes 

of craniotomy include trephine, flap, keyhole and stereotactic craniotomy; some typical flaps 

include bicoronal, frontal, temporal and pterional flaps7,8. Complications directly related to 

craniotomy involve cranial perforator plunging into the brain causing cerebral contusion, 

lacerations and injuries of the dura mater, dural venous sinus and cortical draining veins9. 
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Figure 1.2.1 Radiographs showing post-operative (a) total hip arthroplasty, (b) total knee arthroplasty 

where the white line indicates the joint line orientation angle and (c) spinal fusion. Images are adapted 

from references10–12 under open access with the CC BY license. 

To improve post-operative outcomes, minimally invasive and percutaneous surgical techniques 

have been developed for most orthopedic procedures such as in the spine and the hip to improve 

patient recovery as well as to accelerate hospital discharge13,14. For instance, the direct anterior 

approach was implemented as a minimally invasive method in THA, leading to higher quality 

of life in the post-operative setting with reduced pain and improved hip function for 

patients15,16. In addition, outpatient shoulder arthroplasty strategy has demonstrated faster 

hospital release and safety with a cost reduction of 40% and higher patient satisfaction17. Along 

with these lines, adjunctive imaging techniques are usually essential in minimally invasive 

orthopedic surgeries to assist with pre-operative planning and intraoperative guidance. Such 

imaging modalities including intraoperative computed tomography (CT)18, endoscopy19, 

fluoroscopy20, ultrasound21, navigation22 and robotics23 are employed with the aim to provide 

spatial information of the surgical tool in a 2D or 3D space so that accidental breaching or 

plunging into critical tissues can be largely prevented. To illustrate, intraoperative ultrasound 

has been utilized via keyhole laparoscopy in lumbar decompression to repair pathologies 

around disc and bone that are causing neurological compression24. Augmented reality 

technology combined with real-time navigation guidance using intraoperative CT has also 

demonstrated utility in pedicle screw placement with improved accuracy rates as compared to 



4 

 

the freehand method, especially in the evaluation of critical spatial orientations25. Total 

navigation using portable intraoperative CT with integrated 3D navigation technology has 

shown promising results in spine surgery for safer, more accurate and more efficient workflows 

with negligible to minimal radiation exposure26. For primary uncemented THA, computer-

assisted navigation with pelvic registration has yielded more accurate component alignments, 

thus reducing operating time by approximately 23%27. 

There are various unmet clinical needs relating to surgical guidance in the field of orthopedics 

and neurosurgeries, which can be broadly summarized as needing more accurate volumetric 

localization information of surgical tools with real-time feedback of boundary conditions in the 

intraoperative setting to prevent accidental damage of critical tissues in proximity. Optical 

techniques, especially spectroscopy and imaging, can possibly offer benefits based on the light-

tissue interaction to reveal decisive information, therefore refining the workflow of bone-

related surgeries. Although there has been considerable research effort devoted to the 

advancement of the field, the potential of optical sensing remains to be fully investigated. For 

example, some surgical use-cases can be identified in THA, where an optical sensor could be 

embedded in the tip of the surgical drill bit to inform tissue boundaries; clavicle fracture 

fixation, where optical detection could serve as a safety measure to terminate drilling prior to 

breaching; lumbar decompression, where optical sensing can provide discriminative 

information of encountered tissues including bone, dura and cerebrospinal fluid to prevent 

dural lacerations. Optical techniques that could offer potential for integration with existing 

surgical tools include diffuse reflectance spectroscopy, optical coherence tomography (OCT), 

fluorescence or autofluorescence spectroscopy and Raman spectroscopy, since these 

techniques are sensitive to changes in tissue compositions. Ultrafast lasers could also provide 

benefits in both sensing and surgical ablation simultaneously. Multi-modal platforms 

combining optical methods with artificial intelligence enhanced navigation, robotics and 

intraoperative imaging techniques has the opportunity to transform the current surgical 

paradigms and approaches enabling safer and more efficient procedures for both surgeons and 

patients. Engineering challenges exist in miniaturizing the optical sensing unit so that it can 

function properly in a noisy environment filled with blood, fluids and bone dust created by the 

high-speed drill. 

The subsequent section of the introduction chapter focuses on the description of two optical 

techniques, namely diffuse reflectance spectroscopy and ultrafast laser. Diffuse reflectance 
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spectroscopy was the main technique investigated in this thesis, while ultrafast laser was 

reviewed in the field of orthopedics and explored in preliminary studies. 

This section is partially based on the perspective paper28: 

Fisher C, Harty J, Yee A, Li CL, Komolibus K, Grygoryev K, Lu H, Burke R, Wilson BC, et 

al. Perspective on the integration of optical sensing into orthopedic surgical devices. J Biomed 

Opt. 2022;27(01):010601. DOI: https://doi.org/10.1117/1.JBO.27.1.010601. 

 

1.3 Optical Techniques – Diffuse Reflectance Spectroscopy 

In this section, the fundamentals of diffuse reflectance spectroscopy (DRS) are briefly outlined, 

accompanied by descriptions of recent studies, as this optical technique has been extensively 

researched and reviewed in literature. DRS is an optical analytical technique that quantitatively 

measures diffusely backscattered light of the incident light by the sample of interest over a 

range of wavelengths after multiple scattering and absorption events29,30. This technique has 

been well researched in many studies of the medical fields ranging from cancer diagnostics to 

quantification of molecular constituents, because DRS can provide a non-invasive, convenient 

and cost-effective way to characterize various types of bulk samples based on the optical 

properties including absorption and (reduced) scattering coefficients. In the medical field, the 

resulted DRS spectral measurements consist of signal intensities of diffusely reflected light as 

a function of wavelengths, which contains information on tissue morphology and physiology. 

More detailed descriptions of tissue optics explaining light-tissue interactions can be found in 

the references31,32. 

DRS measurements can be acquired by steady-state, time-domain and frequency-domain 

setups. Fig. 1.3.1 shows a simple schematic diagram illustrating a DRS instrument used to 

collect steady-state DRS spectra of fat tissues33, where one broadband light source was 

employed as the illumination for direct measurements of light reflectance as a function of 

wavelengths. In the time-domain (time-of-flight) method, the flight time needed for the photons 

from a short light pulse to propagate to the detector is firstly estimated using modelling such 

as Monte Carlo simulation or time-dependent diffusion theory and then fitted to experimental 

measurements34, which also encodes depth information from the time-resolved nature. In the 

spatial frequency domain, tissue optical properties could be extracted from the amplitude 

https://doi.org/10.1117/1.JBO.27.1.010601
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changes and phase shifts of the photon density wave created by sinusoidally modulated light at 

different frequencies35,36.  

 

Figure 1.3.1 Schematics showing a simple steady-state DRS setup with one broadband light source and 

one spectrometer to measure fat tissues. Adapted from this reference33 under open access with the CC 

BY license. 

In the pre-clinical and clinical settings, DRS measurements can reflect structural changes at the 

cellular and molecular levels in diseased tissues and thus offer valuable information for 

diagnostics purposes. For instance, DRS has been widely investigated in cancer detection. In 

recent studies, S. Nazarian et al. examined the use of a hand-held DRS probe to differentiate 

ex vivo healthy and tumorous tissue specimens for colorectal cancer with the aid of a 

convolutional neural network, and were able to achieve high diagnostic accuracy with real-

time tracking and visual feedback display37. A similar ex vivo study was conducted by F. Geldof 

et al. to evaluate the performance of DRS in soft tissue sarcoma with the aim of margin 

detection, which demonstrated a classification accuracy of 93%, sensitivity of 94% and 

specificity of 93% enabling real-time guidance in the clinic38. DRS was also combined with 

OCT and high-frequency ultrasound as a multi-modal platform by Y. Surkov et al. to 

successfully classify different clinical subtypes of basal cell carcinoma and benign neoplasms39. 

Furthermore, DRS has been used for assessment of tissue oxygenation in diabetic foot ulcers 

to determine the perfusion level and evaluate the healing process40,41. In liver diseases apart 

from cancer, the use of DRS to stage liver fibrosis and cirrhosis has been evaluated, 

demonstrating promising results in evaluating fat accumulation in the liver as a precursor42. 
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Measurements of transcutaneous bilirubin concentrations could also be achieved with DRS, 

providing insights to detecting and managing liver conditions43,44. 

1.4 Optical Techniques – Ultrafast Lasers 

1.4.1 Subsection Overview 

This subsection is adapted from our previously published review paper, which reviews the 

current clinical usage as well as the technical advancements of ultrafast lasers in bone-related 

biomedical applications. As the use of ultrafast lasers has considerable potential in bone-related 

applications, the primary objective of the subsection is to offer comprehensive background 

information of the technology and thus establish the foundational context for the rest of the 

thesis. 

The potential of ultrafast lasers (pico- to femtosecond) in orthopedics-related procedures has 

been studied extensively for clinical adoption. As compared to conventional laser systems with 

continuous wave or longer wave pulse, ultrafast lasers provide advantages such as higher 

precision and minimal collateral thermal damages. Translation to surgical applications in the 

clinic has been restrained by limitations of material removal rate and pulse average power, 

whereas the use in surface texturing of implants has become further developed to effectively 

improve bioactivation and osteointegration within bone matrices. With recent advances, we 

review the advantages and limitations of ultrafast lasers, specifically in orthopedic bone 

ablation as well as bone implant laser texturing, and consider the difficulties encountered 

within the scope of orthopedic surgical applications to which ultrafast lasers could provide a 

benefit. We conclude by proposing our perspectives on applications where ultrafast lasers could 

be advantageous, specifically due to the non-thermal nature of ablation and control of cutting. 

This subsection is based on the review paper45: 

Li CL, Fisher CJ, Burke R, Andersson-Engels S. Orthopedics-Related Applications of Ultrafast 

Laser and Its Recent Advances. Applied Sciences. 2022;12(8):3957. DOI: 

https://doi.org/10.3390/app12083957. 

1.4.2 Context and Problem Statement 

Lasers have been applied in many fields of medicine to treat diseases since invented. Today, there 

is a rapidly growing interest in the use of lasers in orthopedic procedures such as osteotomy46–48, 

https://doi.org/10.3390/app12083957
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oral49–51 and spine52,53 surgeries, as well as in cellular biology54 and material micromachining55. 

Ultrafast laser, namely pulse widths of nominally a few picoseconds (ps) or shorter, has notably 

attracted considerable attention due to its unique property of optical nonlinearities. A wide range 

of applications has since been adapted in biophotonics such as multiphoton microscopy, cataract 

surgery and cell molecular manipulations56. In dentistry, the use of ultrafast lasers has proven 

promising for developing surgical procedures with higher precision and improved outcomes57–

60. Even though a tremendous amount of research has gone into the field, a search of “ultrafast 

laser”, “orthopedics” and “bone” yielded no review articles at the time of writing, specifically 

examining orthopedic applications using ultrafast lasers. We therefore surveyed the literature and 

considered the following questions: (1) With recent advances, is ultrafast laser technology 

matured enough for clinical dissemination for use in orthopedic surgeries and what are some still 

existing barriers? (2) What is the current status in orthopedic bone repair and implants? (3) What 

are some potential future studies and perspectives for ultrafast lasers in the field of orthopedics? 

The aim of this review is to provide an overview of recent advances in orthopedics-related 

applications using ultrafast lasers with the primary focus on bone ablation and implant 

processing, in an effort to critically evaluate new progress and provide some insights in the field. 

This paper begins with a brief background description of ultrafast lasers followed by recent 

studies in orthopedic surgery and bone implant processing, and lastly, perspectives on future 

directions. 

1.4.3 Background 

Laser ablation of bone tissue has gradually been introduced and accepted clinically as 

complementary techniques due to its higher precision and non-contact nature, though 

mechanical methods such as the use of drills, burrs, saws and milling cutters remain the gold 

standard for bone cutting procedures61,62. In particular, compared to laser ablation, mechanical 

instruments during bone cutting generate substantial thermal damage, bone fragmentation, 

amorphous formation and a mineral-rich carbon layer as well as biomechanical stress to 

adjacent structures; yet surgical protocols are well-established for these tools with acceptable 

clinical outcomes46. Among the many types of clinical laser systems, several common ones 

found within the field of orthopedics are Er:YAG, Nd:YAG, Argon and CO2 lasers, which 

machine bone structures by the means of vaporization and melt expulsion46,63,64 (Table 1.4.1). 

These conventional clinical laser systems, which have been developed often as continuous-

wave or with longer wave pulse (in the μs and sub-μs range), depend primarily on the linear 

absorption of light by the target chromophore(s); thus, the penetration depth is significantly 
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affected by the absorption coefficient of water in an inverse relationship46. Due to the strong 

wavelength-dependent nature, non-deterministic ablation can be generated in highly 

heterogenous tissue structures leading to unnecessary injuries. Collateral damage surrounding 

the laser focal volume can also be induced by excessive heat release, thus greatly hampering 

bone healing and regeneration46,61,62,65. 

Table 1.4.1 The conventional lasers commonly used in bone-related procedures, with operation 

wavelengths and absorption chromophores46,63,64. 

Laser Wavelength (nm) Absorption Chromophore Typical Laser Power (W) 

Er:YAG 2940 Water 100–225066 

Nd:YAG 1064 Pigment, proteins 43–8667 

Argon 514 Pigment, hemoglobin 1.5–368 

CO2 10,600 Water 5–4069 

The potential and efficiency of ultrafast pulsed laser (pulse ranging approximately from 100 fs 

to 10 ps) for ablating biological hard tissues have been extensively studied to overcome the 

thermal and thermo-mechanical drawbacks of the conventional laser systems. In particular, an 

ultrafast laser source is capable of producing extremely high peak radiation intensities (>1011 

W/cm2), leading to the initial generation of free electrons through a multiphoton absorption 

mechanism and band-gap (Zener) tunnelling. A high density of excited electrons is therefore 

created locally in a small focal volume due to nonlinear absorption, triggering avalanche 

ionization that supports plasma formation. Ablation of tissue is then generated by the rapidly 

expanding high-density plasma, forming smoother cavity walls with negligible thermal 

damage. This process is known as plasma-mediated ablation or laser-induced breakdown. A 

free electron formed during the multiphoton absorption and avalanche ionization processes can 

be promoted from the ground state to the valence band by the energy of two, three, four, five 

and six photons for wavelengths longer than 191, 383, 574, 766 and 958 nm, respectively. 

Wavelength dependence of the process thus indicates decreased tissue damage threshold along 

with decreasing wavelength70. Thermal damage can remain highly confined in the focal volume 

during optical breakdown not only because the location of plasma formation can be controlled 

by precise energy deposition using focused laser radiation but also because ultrafast laser pulses 

are a few orders of magnitude shorter than thermal diffusion time (heat transfer ranging in the 

order of picoseconds to nanoseconds from absorbing proteins to tissue water)71–73. A standard 
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state-of-the-art ultrafast laser system normally uses a Ti:sapphire oscillator in the near-infrared 

region or infrared region (NIR/IR) for tissue ablation, where the pulse width and repetition rate 

can vary depending on the application. Interested readers can find more details on ultrafast 

laser interactions and mechanisms with biological hard tissues from literature reviews65,74–79. 

Advantages of using ultrafast laser over longer wave pulse laser have also been recognized, 

specifically including absence of melting, carbonization or microcracks; negligible collateral 

damage; selective ablation with increased precision; and the potential for delivering minimal 

invasive procedures80. The inherent limitations of ultrafast laser tissue ablation lie in the 

penetration depth and precision, primarily because of nonlinear self-focusing, plasma 

defocusing and normal group velocity dispersion phenomena, which can be mitigated by 

maximizing focusing numerical aperture (NA), employing pulse durations shorter than 10 ps 

and using repetition rates higher than the kHz regime65,78. 

1.4.4 Orthopedic Surgery – Ablation Parameters 

Early research of ultrafast laser ablation of bone tissues was predominantly focused on 

modification and microsurgery of teeth, ear81 and spine, with very few publications in 

orthopedic surgery of the peripheral extremities (long bones of arm and leg). Despite all the 

advantages, the main issue that limits its clinical translation and acceptance, namely the low 

ablation removal rate, has remained the same even to date80,82–84. For instance, two studies 

published in 2007 discussed the use of ultrafast laser for bone ablation. Wieger et al. conducted 

a comparison study of laser osteotomy on bovine bone tissues using a femtosecond (fs) 

Yb:glass laser (pulse duration = 330 fs; λ = 1040 nm; pulse repetition rate (PRR) = 1 kHz; max. 

average pulse energy = 130 μJ) and a conventional Er, Cr:YSGG laser system (pulse duration 

= 53 µs; λ = 2780 nm; PRR = 20 Hz; max. average pulse energy = 300 mJ)80. The ablation rate 

of the femtosecond laser (~4 × 10−4 mm3/s) was found to be approximately 400-fold slower 

than the Erbium laser (~0.15 mm3/s) given a power density of ~1000 W/cm2, but could be 

further optimized by increasing the PRR while maintaining the favorable cut surface 

morphology. The ablation thresholds were calculated to be 0.82, 0.78 and 0.54 J/cm2 for 

spongiosa bone, compacta bone and cartilage, respectively, with an average of 72.4 laser pulses 

overlapped. Moreover, an ultrafast laser system consisting of a diode-pumped Yb:glass laser 

seed source and a Yb:KYW thin disk laser head (pulse duration = 900 fs; λ = 1030 nm; PRR = 

45 KHz; max. average pulse energy = 100 μJ) was used by Liu et al. to achieve a maximum 

ablation rate of 0.15 mm3/s in porcine femora at the given power output, which was acceptable 
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clinically for knee arthroplasty83. Additionally, in precision surgery such as stapedotomy, 

ultrafast laser has also been proven ideal by offering minimal thermal and acoustic damage81,85. 

Encouragingly, in the past decade, several studies have discovered more novel practices using 

ultrafast lasers and attempted to tackle the obstacles in the clinic. Notably, Subramanian et al. 

have developed a lightweight, miniaturized surgical ultrafast laser probe that offers clinically 

acceptable ablation speed in orthopedic surgery, enabling the potential of robotic integration86. 

Another group also established an optical real-time monitoring of ultrafast laser bone drilling 

utilizing plasma emission spectroscopy, which allowed for differentiation between bone and 

bone marrow87. The feasibility of drilling large-sized, deep holes on cortical bones has also 

been demonstrated87,88. Furthermore, the fastest ablation rate on cortical bone tissues to date is 

0.99 mm3/s in the literature, which was performed on fresh ex vivo sheepshank bone under a 

cooling condition by Zhang et al. in 202087, followed by 0.66 mm3/s on dried ex vivo defrost 

and dried porcine femurs under a non-cooling condition reported by Gemini et al. in 2021, 

using industrially available femtosecond laser sources89, in comparison to mechanical tools that 

enable drilling and cutting speeds of up to 5 mm/s28. The upscaling of ablation rate is 

fundamentally constrained by the average powers combined with considerations of repetition 

rate optimization as well as thermal effect on the tissue84,90. The phenomenon arises from the 

fact that, at the given laser average power and wavelength, an increase in single pulse energy 

resulting from a decrease in PRR improves the ablation rate until the saturation point where 

laser energy begins to spread outside the penetration volume91. Gemini et al. also compared 

bone ablation efficiency in different wavelength regimes (IR—1030 nm, visible—515 nm, 

UV—343 nm), average powers (IR—6.27 W, visible—6.27 W, UV—3.9 W), PRRs (250, 500, 

1000 kHz) and scanning speeds (1000, 2500, 400 mm/s) with the conclusion that visible 

regime, the lowest PRR and the highest scanning speed provided the best ablation rate without 

thermal tissue disturbance because bone chromophores responded differently to the three 

wavelength regimes89. Moreover, the ablation rate is sometimes affected by bone debris 

accumulation depending on the amount generated, and thus can be further upscaled by 

immediate debris removal after each pulse using a cooling system87,92. It was demonstrated that 

compressed air flow and water flow could reduce bone debris by 64% and 76%, respectively; 

however, significant laser energy loss was observed under water cooling conditions leading to 

the slowest ablation rate87. It has also been noted that sample conditions, specifically ex vivo 

vs. in vivo, dried vs. fresh and storage conditions, as well as bone surface processing such as 

sanding, polishing or unaltered can have a significant influence on the ablation performance93–
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95; thus, it is crucial to simulate a real clinical situation for accurate and consistent assessments. 

Table 1.4.2 summarizes the ablation rates from ultrafast laser bone ablation studies of different 

bone samples using different laser parameters. 

Characterization of the ablation threshold and the incubation effect likewise plays a major part 

in optimizing ablation performance on a particular bone type. Ablation threshold, which 

represents the minimal laser fluence needed to initiate material removal from a surface84,94, can 

be measured by exposing the surface to ultrafast laser pulses of decreasing energy or beam 

radius until no material removal occurs84,96 or using the D2-technique calculation based on the 

correlation between the diameters of ablated craters and different pulse energy levels93,94,96–100. 

Bone ablation is usually optimized when the pulse energy is sufficiently higher than the 

threshold to ensure pulse-to-pulse consistency, but not exceeding a limit that could induce 

collateral thermal damage101. The balance between ablation rate and fluence therefore needs to 

be well characterized for the bone tissue, otherwise negating the most unique advantage of 

minimizing thermal effects102–104. On the other hand, incubation effect refers to the 

phenomenon where a reducing ablation fluence threshold is accompanied by an increasing 

number of incident laser pulses in a power law relationship105, and is typically caused by 

sufficient energy deposit from the few initial pulses for subsequent pulses permitting lower 

than single-pulse ablation threshold86,94,100,106,107. An incubation coefficient value of 1 indicates 

no incubation effect. Incubation effect is the most profound at lower pulse numbers where 

ablation threshold is rapidly reduced as the pulse numbers increase until a saturation point94,108, 

and has been shown to modify tissue structures significantly enough, especially at higher PRR, 

to create beam distortion, shadowing and substantial light scattering due to debris shielding, 

thus leading to considerable thermal disturbance and decrease in ablation rate89,103. With that 

being said, a recent study by Ashforth et al. concluded that there was none to very little 

incubation effect found for two types of cortical bones (bovine and ovine) by showing the same 

incubation coefficient (1.02 ± 0.05)93. The possible reason, as the authors explained, could be 

due to the already high level of microscopic inhomogeneity of native bone tissues; the newly 

introduced structure defects from laser ablation were consequently negligible. For clinical 

translation, such behaviors are indeed beneficial in the way that the efficiency of ultrafast laser 

ablation can remain consistent while drilling into different bone structures. Table 1.4.3 outlines 

the ablation threshold for different tissue types using different laser parameters. 
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Table 1.4.2 Summary of recent studies on the use of ultrafast lasers for orthopedic applications. 

Author/Year Bone Type 
Ablation Rate 

(mm3/s) 
Laser System Parameters Potential Application 

Subramanian et al., 

202186 
Bovine rib (fresh) >1.7 × 10−2 

A CaF2 objective; 

Er-doped fiber; 1552 nm, 600 fs, 303 kHz 

A miniaturized surgical probe for 

robotic microsurgery such as spine 

Gemini et al., 

202189 

Porcine femurs (defrost 

and dried) 
0.66 

A Tangerine industrial femtosecond laser, Amplitude 

Laser; 517nm, 350 fs, 250 kHz 

Clinical automated high-resolution 

orthopedic surgery 

Ashforth et al., 

202093 

Bovine and ovine 

cortical bone (fresh) 
0.90 µm/pulse * 

A Ti:Sapphire femtosecond pulsed laser; 800 nm, 140 fs, 1 

kHz 

Handheld or robotic high-precision 

orthopedic surgery procedures 

Zhang et al., 

202087 
Sheepshank bone (fresh) 0.99 A Yb:KGW femtosecond laser; 1030 nm, 230 fs, 200 kHz 

Large-size hole drilling with real-

time monitoring 

Aljekhedab et al., 

201992 

Bovine cortical bone 

(fresh) 
0.60 × 10−3 

A Ti:Sapphire femtosecond laser; 

800 nm, 210 fs, 1kHz 
High-precision bone cutting surgery 

Tulea et al., 

201596 

Cow femur cortical bone 

(fresh, dried or fixed) 
0.19 A Nd:YVO4 picosecond laser; 532 nm, 25 ps, 20 kHz Bone surgery 

Plötz et al., 

201490 
Porcine rib (fresh) 8.7 × 10−2 A Nd:YVO4 laser; 1064 nm, 8 ps, 500 kHz Dental surgery 

Su et al., 

2014109 

Bovine femoral condyle 

(fresh) 
0.80 × 10−4 

A Ti:Sapphire femtosecond laser combined with an optical 

parametric amplifier; 1700 nm, pulse duration N.R., 5 kHz 

Microfracture surgery for articular 

cartilage injury in the knee 

* Reported as depth removal per pulse. 

 



14 

 Table 1.4.3 Summary of ablation thresholds determined for different bone types. N = Number of pulses. 

Author/Year Bone Type Ablation Threshold (J/cm2) Pulse Duration (fs) Wavelength (nm) 

Subramanian et al., 202186 
Bovine cortical bone 

(fresh; unaltered) 

1.38 ± 0.18 

(N = 25.83 *; multi-pulse threshold) 
600 1552 

Ashforth et al., 202093 
Bovine and ovine cortical bone 

(fresh; unaltered) 

0.92 (bovine) 

0.97 (ovine) 

(N = 1000) 

140 800 

Plötz et al., 201490 
Porcine cortical bone 

(fresh; unaltered) 

1.5 

(N = Not Reported) 
8 × 103 1064 

Cangueiro et al., 2012100 
Bovine cortical bone 

(fresh; polished) 

0.32 ± 0.04 

(N = 100) 
500 1030 

Nicolodelli et al., 2012103 
Bovine cortical bone 

(fresh; polished) 

0.23 

(N = 1000) 
70 801 

Emigh et al., 201294 
Porcine cortical bone 

(fresh; unaltered) 

1.75 ± 0.55 

(N = 1000) 
170 800 

Lim et al., 2009106 
Bovine cortical bone 

(fresh; polished) 

1.22 ± 0.29 (strong) 

0.79 ± 0.18 (gentle) 

(N = 1000) 

150 775 

Girard et al., 200784 
Porcine cortical bone 

(fresh; polished) 

0.69 ± 0.08 

(N = 1000) 
200 775 

* Estimated averaged N value predicted by simulation.
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1.4.5 Orthopedic Surgery – Thermal Effect 

As discussed before, ultrafast laser ablation is overall characterized by minimal thermal 

damage and limited heat diffusion outside of the focal volume, because the dominant 

mechanism, namely multiphoton absorption of light and avalanche ionization or hydrodynamic 

plasma expansion110, is not thermally mediated with only little heat deposition, making it an 

auspicious technique in the clinic65,111–113. Still early studies demonstrated some carbonization, 

cracking and melting100,103,109, which could be mitigated by employing cooling systems87,114. 

Nevertheless, recent studies have shown more optimized performance79,115,116. In particular, 

Ashforth et al. reported no observations of a heat-affected zone at the maximum laser fluence 

and pulse numbers by assessing any forms of carbonization, discoloration and microcracking 

around the craters using light microscopy93. Canteli et al. evaluated thermal effects on fresh 

bovine femur using a nanosecond laser source (20 ns, 355 nm, 2–100 kHz) as compared to a 

picosecond laser source (12 ps, 1064 nm, 100–600 kHz), and found that the picosecond laser, 

although not as ideal as femtosecond lasers, resulted in significantly reduced heating compared 

to the nanosecond laser115. The study by Gemini et al. provided optimization strategies and 

described the observation of increasing thermal accumulation while decreasing scanning speed 

and increasing PRR individually in the IR and visible wavelength regimes89. When both the 

scanning speed and PRR were increased, not only thermal loads increased but expanding 

plasma plume was also produced, leading to reduced ablation efficiency and precision. 

However, the observation did not apply to the UV regime, where collagen and hemoglobin are 

the main absorbers. No specific behavior was detected with changing parameters; the thermal 

load was comparatively high enough at the lowest PRR to generate laser-induced bone 

calcination. In Fig. 1.4.1, laser-irradiated damages such as the typical thermal-induced particle-

like roughness and micro-cracks can be seen under SEM images at a higher PRR (Fig. 1.4.1a), 

whereas native bone structures containing blood vessels and osteocytes were preserved at a 

lower PRR (Fig. 1.4.1b,c)89. The interrelationship between scanning speed, PRR and 

wavelength choice therefore requires thorough investigation for an optimized laser ablation 

performance without collateral thermal damage on bone tissues. Similarly, Gill et al. studied 

temperature distributions of dried bovine bone irradiated also by a Tangerine laser (Amplitude, 

320 fs, 1030 nm) using different PRRs116. It was found that carbonization occurred at high 

enough PRRs where thermal dissipation was exceeded by accumulation causing irreversible 

tissue damage, and therefore the importance of rigorous laser parameter selection was again 

emphasized in order to minimize thermal effects while maximizing ablation rates. Furthermore, 
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the pattern of scanning path can also influence heat accumulation and thus reduce the ablation 

rate. Circular scanning motion was found to generate significant thermal damage (charring) as 

compared to scanning in line paths because of poor heat dissipation87. Additionally, with large-

size and deep holes, ultrafast laser can still produce slight charring around the edge. 

 

Figure 1.4.1 Bone tissues after ultrafast laser ablation under SEM imaging in the visible regime 

showing (a) laser-induced thermal damages (spherical structures indicated by the white circle) at a 

higher PRR (515 nm, 1000 kHz, 4000 mm/s, 6.27 W), while (b) shows native bone structures such as 

Volkmann channels and lacunae at a lower PRR (515 nm, 250 kHz, 4000 mm/s, 6.27 W), as well as the 

Harversian channels shown in (c) after ablation in the IR regime (1030 nm, 250 kHz, 1000 mm/s, 6.27 

W). Adapted from89. 

1.4.6 Orthopedic Surgery – Surface Morphology 

Surface morphology is usually assessed using scanning electron microscopy (SEM), confocal 

microscopy, X-ray computed microtomography (µCT) and histology to evaluate thermal 

effects on the tissue87–89. By visually examining the condition of craters or holes on bone tissue 

after laser ablation on the microscopic level, physical features such as charring, roughness and 

micro-cracks can be identified to determine and compare the degree of laser-induced damage. 

As previously mentioned, a picosecond or femtosecond pulsed laser system generates little to 

no thermal effect during bone ablation as compared to longer pulse or mechanical tools102. 

Several authors have described, under SEM or histological observations, that the bottom and 

side walls of the laser-ablated cavity are smooth and homogeneous with a well-defined 

geometry85,92,93,115. No significant signs of charring, melting or major debris accumulation were 

found100,102,106. Fig. 1.4.2, adapted from87, shows an image comparison of ultrafast laser 

ablation under different cooling conditions, namely no cooling (a, a1, a2), gas (b, b1, b2) or water 

(c, c1, c2) cooling, using white light imaging, SEM and histology, respectively, which 
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demonstrated great uniformity and precise cutting with, overall, no observation of cracks, 

especially for cooling-assisted drillings. Some microcracks were, however, observed in the 

inner wall without cooling, which could potentially delay bone healing87. 

 

Figure 1.4.2 Morphology of laser-drilled bone tissues under different environmental cooling 

conditions. Vertical panels (a–c) correspond to without cooling, gas cooling and water cooling; 

horizontal panels (subscript: none, 1, 2) correspond to white light, SEM and histology images. Adapted 

from87. 

1.4.7 Surface Modifications of Bone Implants 

Another vastly studied area is surface modification of bone implants by ultrafast laser for 

improved osteogenesis and osteointegration. The major clinical issue present today, despite 
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well-established implant techniques, is implant loosening owing to inadequate integration, 

fibrogenesis and infection117. Surface modification thus plays an important role in enhancing 

cell–material interactions, and various properties can be manipulated via ultrafast laser 

irradiation such as surface topography, roughness and wettability75,118. Different nanostructures 

of identical materials can initiate different cellular responses and behaviors including cellular 

adhesion, motility, orientation and signaling pathways119. These factors, in short, greatly affect 

the success of bone implant performance, which is essentially dependent on the outcome from 

the complex interaction between surface characteristics and biological response. The detailed 

description of bone–implant interface can be found in review articles120,121. In general, the goal 

of surface modification is to enhance the beneficial effects exerted on osteogenic differentiation 

and osteointegration of the implant117,122. Specifically, increasing hydrophilicity and roughness 

supports improved cell adhesion on an enlarged surface area as well as strong biomechanical 

anchorage of the implant123,124. Some commonly used techniques for surface roughening 

include grinding, polishing, sputtering and laser texturing117. Similar to orthopedic bone 

ablation, the use of ultrafast pulsed lasers (pico- or femtosecond) for surface modifications of 

bone implants has become attractive because of the relatively faster processing time, simpler 

technical requirements and minimal damage to adjacent surfaces118,125,126. In terms of the 

materials for biomedical implants, a particular attention has been paid to titanium and its alloys 

owing to their great biocompatibility, high resistance to temperature and corrosion as well as 

exceptional strength-to-weight ratio127,128; however, due to bio-inertness of titanium alloys, 

bioactivation of the material can sometimes be difficult to achieve129. Therefore, in this section, 

we briefly review recent studies on ultrafast laser surface texturing of titanium-based implants 

for orthopedic applications. 

In recent years, femtosecond lasers have been explored extensively for surface modifications 

of bone implants. For example, Luo et al., investigated the ability of femtosecond lasers 

texturing to improve bioactivity of three types of titanium surfaces by assessing apatite 

deposition, a key indicator of enhanced biocompatibility and osteointegration, and found that 

femtosecond laser texturing could promote apatite precipitation and therefore better clinical 

outcomes129. Muck et al. examined, opposite to increasing cell adhesion, micro- and 

nanostructures fabricated by femtosecond laser processing to reduce cell adhesion130. The 

authors demonstrated that post-processing by electrochemical anodization following 

femtosecond laser treatment was able to significantly reduce cell adhesion to titanium-based 

flat plates and screws while promoting extracellular matrix production for osteoblasts. Fig. 



19 

 

1.4.3 shows the SEM images of differences in osteoblast attachment to the screw and the 

growth on the surface between femtosecond laser processing with and without anodization. 

The finding suggested that the technique with its reversal could be applied to bone fixture 

implants that needed to be removed from the body after a period of time, i.e., less integration 

with the bone matrix preferred, as well as the ones that remained in the body permanently, i.e., 

promoted matrix growth130. Similar studies assessing cell adhesion and migration also 

concluded that femtosecond laser processing was able to improve proliferation of human 

mesenchymal stem cells, thus promoting osteogenesis and osteointegration131,132. Moreover, 

Liu et al. successfully prepared titanium alloy surfaces that enhanced early stage 

osteointegration with anti-inflammatory properties using femtosecond laser processing and 

sandblasting133, again demonstrating the beneficial effects that ultrafast laser treatment could 

deliver. On the other hand, ultrafast laser surface processing of other biomaterials such as 

polyether-ether-ketone134,135 and ceramics136–138 has also been studied to show a comparable 

synergistic effect that can encourage osteointegration and osteogenesis. 

 

Figure 1.4.3 SEM image comparison of a pre-anodized titanium-based bone screw without 

femtosecond laser treatment (left) showing osteoblast growth and adhesion, and the same screw with 

femtosecond laser treatment (middle) showing cell-free areas, and details at higher magnification 

(right). Adapted from130. 

1.4.8 Discussion and Future Direction 

As mentioned, the intrinsic properties of ultrafast lasers provide several benefits in applications 

involving bone or bony structures. In comparison to conventional CW and longer wave pulse 

lasers that primarily depend on linear absorption of light, the nonlinear nature of ultrafast laser 

interaction with biological hard tissues enables unique and promising applications in the field 

of orthopedic surgery. As such, because of the difference present in interaction mechanisms, 
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photodamage induced by ultrafast lasers is essentially wavelength-independent (i.e., optical 

properties of tissues play a minor role) with negligible thermal effects and finely controlled 

precision. In examining the benefits and potential use of ultrafast lasers during surgery, which 

can be categorized as pre-operative, intraoperative and post-operative advantages, there will be 

a focus on pre-operative and intraoperative strategies since post-operative utilizations, namely 

wound healing and tissue bonding, have been extensively reviewed elsewhere65,139,140. In 

addition to this, we will speak to the technical challenges encountered so far, which preclude 

ultrafast lasers from widespread clinical adoption. Finally, future research directions that are 

of potential interest clinically will be discussed. 

In terms of pre-surgical applications of ultrafast lasers in orthopedic surgery, the main benefit 

would be the preparation of implants or materials for integration within bone. For instance, Liu 

et al.133 and Muck et al.130 have demonstrated how ultrafast laser machining increases 

osteointegration and biocompatibility. Taking these into consideration, it could be envisioned 

that implants in total hip arthroplasty and total knee arthroplasty would be patterned to increase 

osteointegration of the implants without necessitating the use of bone cement or other anchors, 

such as intramedullary nailing or percutaneous screws. Although an uncommon complication, 

early failure of implants occurs in both knee and hip arthroplasty, either due to failure of bone 

cement to anchor the implant causing loosening and loss of stability, or contact with 

surrounding bone when using a cementless implant, leading to a similar outcome141,142. 

Revision surgeries in these cases provide worse outcomes compared to the primary surgery, 

with higher rates of infection, worse overall prognosis and delayed healing, especially in 

patients with preexisting comorbidities and poor overall health143. Thus, ultrafast laser 

machining of the implant surface could mitigate failure rates and improve overall outcomes. 

However, it should be noted that during many of these surgeries, it is not known a priori what 

implant or which size the surgeon will choose as it is dependent on the size of bored hole in 

the femur/tibia or the size of the acetabulum. 

In these cases of furthering the osteointegrative potential of hip and knee arthroplasty implants, 

there are two approaches in which femtosecond laser surface modification could be used. In 

the first use case, all implants have surface preparation performed with ultrafast lasers at the 

time of manufacturing prior to shipment to various orthopedic centers. If the cost or time of 

surface preparation is not a feasible option, a second approach would be for the surgeon to 

identify high-risk patients where implant failure may occur and prepare these devices 
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accordingly. Furthermore, many medical device manufacturers have explored the use of 3D 

printing of custom implants based on preoperative imaging where ultrafast laser surface 

modification in combination with custom 3D-printed joint implants could provide an overall 

increase in mobility and function following surgery for these high-risk patients. Thus, ultrafast 

laser surface preparation in conjunction with custom implant manufacturing, where an increase 

in osteointegration contributes to the overall well-being of the patient, provides a greater 

impetus for both custom implant manufacturing as well as increases in overall outcome. Future 

work would examine the use of ultrafast laser patterning on materials outside of the traditional 

knee arthroplasty and hip arthroplasty components, as 3D-printed joint replacement can use 

highly porous materials that are prone to heat damage and warping144. Additionally, recent 

studies have demonstrated higher migration rates (implant slides ‘upwards’ from where it was 

set) for cementless 3D-printed joint ‘stems’ in knee and hip arthroplasty145. This migration of 

the implant away from where it is set is an indicator of impending aseptic loosening, which 

normally necessitates a revision procedure, whereby surface preparation and increased implant 

anchoring provides a tangible benefit to both patients and operators, since, as discussed, 

revision surgery is a costly and detrimental procedure. 

Secondly, to preparation of implants or materials, a large area of research for the use of ultrafast 

lasers is cutting of hard surfaces, specifically dentine, enamel and bone. Specifically, it was 

noted in early studies on dentine ablation that ultrafast laser cutting provided limited thermal 

deposition with increased cellular survival surrounding the ablation area. This contrasts with 

the use of electrocautery (EC) or burrs/saws/trephines, where frictional forces during cutting 

cause a large amount of heat deposition to the surrounding tissues outside of bone, leading to 

potential cell damage with complications such as nerve damage, bleeding from injured vessels 

and delayed healing of the cutting surface. In these cases, the non-thermal nature of ultrafast 

lasers provides an opportunity for use in procedures that are performed adjacent to sensitive 

tissues. These procedures need a safety margin to protect sensitive tissues; for example, 

transsphenoidal resection or laminectomy, involving cutting and removal of bone close to the 

central nervous system, specifically the pituitary gland, cerebrospinal fluid (CSF) and dura in 

transsphenoidal resection and the CSF/dura and the spine in laminectomy, or close to vessels, 

such as in brain surgery in the posterior cranial fossa, where venous sinuses and arteries are 

located. Utilizing ultrafast laser cutting in lieu of mechanical drills in transsphenoidal resection 

or laminectomy, therefore, would be of benefit in reducing or eliminating thermal deposition 

in surrounding tissues compared to a high-speed mechanical burr or trephine alone, providing 
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a greater safety margin in the procedures where critical tissues are nearby. Furthermore, this 

could be generalized to many approaches in the skull, whereby CNS/dura is invariably 

adjacent; for example, thermal injury has been demonstrated in retrosigmoid intradural 

suprameatal approach, with cutting through bone leading to injury of the petrosal sinuses and 

nerve with possible cerebellar swelling and infarction146. Thus, with limited heat generation, 

ultrafast laser ablation could be adopted for procedures whereby limiting adjacent thermal 

damage should reduce any unintended consequences from already complex surgeries to begin 

with. 

Despite the readily apparent advantages with ultrafast lasers, there has been limited adoption 

to date, even in applications where the benefits are obvious. The most pressing challenge 

surrounding the use of ultrafast laser is the ablation rate compared to conventional laser 

ablation systems (and their associated drawbacks including carbonization) and mechanical 

drilling. It has been described in multiple studies that a femtosecond laser system provides an 

ablation rate of approximately 1 µm/pulse in hard tissue such as bone at a repetition rate of 10 

Hz81,147. This is compared to up to 30 µm/pulse for Er:YAG laser systems at a pulse rate of 4 

Hz. At this repetition rate, the ablation rate would be 10 µm/sec, compared to 120 µm/sec for 

conventional laser systems. This can be further compared to mechanical drilling rates of 4–5 

mm/s with larger burrs/drill bits that can achieve the ablation volume in a much shorter time. 

Research is ongoing into higher repetition rate femtosecond laser systems (upwards of 40 KHz) 

that would mitigate some of the differences through matching the ablation rate; however, the 

volume ablated per time is still inherently mismatched due to the size of mechanical drilling 

devices compared to the spot size of ultrafast laser devices89. Due to the time constraints of 

many public operating rooms and the number of patients requiring procedures such as hip and 

knee arthroplasty, the ablation rate would be required to come close to matching the 

shaving/feed rate of high-speed mechanical drills for clinical translation. 

A second technical challenge for ultrafast laser systems is the adoption of these systems into 

endoscopic devices for minimally invasive surgery. These approaches are becoming more 

prevalent in all surgeries including orthopedic due to the potential for reduced tissue trauma 

and quicker recovery. In these approaches, such as transsphenoidal access or laminectomy, the 

limitation of ultrafast laser fibers in terms of attenuation and dispersion characteristics have 

precluded the adoption into endoscopes that are currently in use. Although fibers have been 

developed for implementation into an endoscope, the cutting power, modal quality, dispersion 
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and attenuation are dependent on the bending radius, compromising cutting efficiency or 

ablation rates in these applications altogether. Ongoing research of fibers for integration into 

endoscopes, which are flexible enough to generate continuous power input, provides the basis 

to suggest that this problem will be overcome, and adoption would be able to proceed148–150. 

In the scenarios envisioned where ultrafast lasers would potentially be of benefit, there are a 

number of future directions that should be addressed and examined. Firstly, a method to stop 

laser ablation as soon as the bone is cut through to prevent a similar laser-induced ‘plunge’ into 

tissue such as dura or nervous tissue would need to be developed, similar to the mechanical 

chuck that has been integrated into cranial perforators151. Plunging into inferior tissues such as 

the dura and/or brain would be of greater detriment compared to any gains made from reduced 

thermal deposition and reduced thermal damage from either direct brain damage or CSF 

leakage. A high degree of pre-planning using CT or MRI to determine bone thickness as well 

as depth control during the procedure would need to be achieved to prevent overcutting at any 

given volume currently being ablated. This degree of intraoperative control of cutting/ablation 

would, at a minimum, require a guidance platform demonstrated in procedures such as pedicle 

screw placement whereby interventional radiology (IR) based navigation is used to track the 

screw in real time with combined CT guidance152, and the laser tip/front could be tracked in 

real time. A second approach would be to combine the ultrafast laser cutting tool with an optical 

approach such as diffuse reflectance spectroscopy (DRS) where optical properties of incoming 

tissue can be measured in real time. In combining DRS with ultrafast laser cutting/ablation, the 

relatively slower speed of laser-based ablation would allow for DRS measurements in 

combination with real-time optical property measurements, enabling in-line tissue 

differentiation. Nonetheless, a system of external tracking, such as IR navigation, or with fiber 

measurements of optical properties, such as DRS, would need to be implemented to prevent 

overcutting of tissue, leading to dural laceration or nerve/vessel injury that would provide no 

appreciable benefit to conventional surgical techniques. 

Secondly, we propose that in the transition of the use of ultrafast lasers into bone surgery, 

integration either within a robotic or navigation platform will be necessary to allow for higher 

success chance in the proposed applications153. As mentioned previously, cutting depth is an 

important parameter in the procedures such as laminectomy or transsphenoidal placement. 

Surgeons currently use a combination of auditory cues and haptic feedback when assessing 

depth while drilling, and would not be able to use a laser-based cutting/ablation approach. We 
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propose that a robotic platform could be developed, including either a navigation device or 

optical ‘guidance’ system such as DRS. The addition of these platforms can overcome the loss 

of haptic feedback and auditory cues normally used by surgeons while maintaining the safety 

of the procedure. This can be expanded to include semi-autonomous or AI-driven robotic 

platforms where surgeons design cutting paths in conjunction with a robotic laser-based system 

that could perform cutting procedures, such as removal of the sphenoid bone or lamina with 

minimal surgeon oversight. This type of platform is appealing as it would lead to a reduction 

in exposure to X-rays to both patients and operators, commonly encountered in many 

orthopedic procedures and secondly, increase overall outcomes due to increased 

osteointegration and reduced thermal deposition. 

Finally, laser systems and fibers need to be developed that can provide both high ablation rates 

and flexibility that would allow for integration into currently existing minimally invasive 

surgical devices. In terms of ablation rates, the rate would need to at least approximate the 

ablation rate of mechanical drills (4–5 mm/sec) as well as approximating the ablation volume. 

For example, in orthopedic surgery the drill bit size would be 6-8 mm with the aforementioned 

ablation rate in procedures such as hip and knee arthroplasty. It could be argued that with the 

added benefits of limited thermal deposition and improved wound healing, some leeway could 

be given to the ablation rate of bone; however, it needs to be fast enough to not unduly delay 

these procedures. With this in mind, ultrafast laser systems would be more beneficial in 

endoscopic-based ablation procedures where the ablation rate is not the limiting factor with the 

burrs commonly used being much smaller (0.5–1.0 mm), and thus the gap between ablation 

volume not as large. In these procedures, the benefits of ultrafast laser ablation combined with 

the more closely matched laser spot size and burr size would allow for an easier transition 

without unduly delaying any procedures. In this case, fiber development would need to allow 

for shaper bending radii without an impact on laser performance. 

1.4.9 Subsection Summary 

In examining the osteointegrative potential and hard tissue ablation, the use of ultrafast lasers 

in a number of surgical procedures such as total/hip knee arthroplasty, laminectomy and 

transsphenoidal resection could lead to meaningful benefits to both patients and operators; 

specifically, surface treatment of custom 3D-printed implants for patients, where ultrafast laser 

modification could address one of the limitations of increased implant loosening without the 

use of cement and lead to further adoption. In addition, reduced thermal damage to surrounding 
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tissues with laser cutting/ablation in areas adjacent to critical structures, such as in 

transsphenoidal resection, highlights one of the benefits ultrafast lasers can provide. Overall, 

with further research, specifically in flexible fiber technology without loss of ablation potential, 

ultrafast lasers can provide a notable change in outcomes and workflows in the surgical 

procedures emphasized in the subsection. 

 

1.5 Thesis Design and Scope 

1.5.1 Motivation 

The motivation for this thesis stems from the clinical need of improved intraoperative guidance 

for bone-related surgeries in orthopedics and neurosurgery. The current surgical techniques and 

tools involved to gain access in hard tissues for screw placements, burr hole creations and 

implant fixation pose greater risks of accidental injuries to the patients, leading to prolonged 

recovery time and potentially deteriorated quality-of-life. Although innovative technologies 

such as real-time 3D navigation and robotics have been developed to optimize intraoperative 

localization and alignment, optical sensing can provide additional benefits, possibly as a multi-

modal platform, by supplying precise guidance for point-of-care. On the other hand, there 

remains a lack of optically enhanced surgical tools for bone-related procedures. This thesis is 

motivated by both the clinical and technical challenges to address the potential of optical 

sensing in the field of orthopedics and neurosurgery and contributes to the development of 

integrated surgical devices that can be translated into the clinics in the future. 

1.5.2 Hypothesis 

The hypothesis for this thesis is that optically enhanced surgical guidance can improve 

intraoperative precision and accuracy by acting as a safety measure and providing real-time 

feedback information to differentiate tissue types. Furthermore, adequate reduction in 

instrumentation complexity as well as computational burden can expedite the development of 

optical integration with the existing surgical tools. The hypothesis is established based on 

previously published research in the literature, suggesting improvements in surgical guidance 

with optical sensing. Moreover, optical solutions are minimally invasive, cost-efficient and 

user-friendly with the capability of being readily miniaturized. 
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1.5.3 Aims and Objectives 

The overall aim of this thesis is to evaluate the performance of optical sensing techniques to 

differentiate common tissue types encountered during orthopedic and neurosurgical 

procedures, and subsequently determine a strategy to reduce instrumentation complexity and 

computational burden. 

Specifically, the thesis objectives are listed as the following: 

1. To systematically evaluate the use of DRS to assist intraoperative guidance in bone-

related procedures. 

a. To evaluate the performance of DRS in classifying different tissue types 

(Chapter 2, Chapter 3 and Chapter 5). 

b. To evaluate the performance of DRS in predicting depth in hard tissues (Chapter 

2 and Chapter 4). 

2. To identify an approach to reduce instrumentation complexity and computational 

burden based on DRS technology. 

a. To develop feature selection frameworks that determine wavelength features of 

optimal discriminative power (Chapter 3). 

b. To assess the performance of the selected wavelength features as DRS 

illumination light source (Chapter 3 and Chapter 4). 

3. To investigate the potential of ultrafast lasers as a surgical tool in bone-related 

procedures. 

a. To systematically evaluate the clinical relevance of ultrafast lasers in orthopedic 

surgery (Chapter 1). 

b. To utilize ultrafast lasers to generate plumes for assessment by ambient mass 

spectrometry and determine the classification accuracy among different tissue 

types (Chapter 5). 

1.5.4 Significance 

The thesis contributes to the advancement of integrating optical sensing into surgical tools for 

orthopedics and neurosurgery. By examining the role of DRS in differentiating tissue types and 
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developing frameworks to select important wavelength features, the research sets the 

foundation for future translational studies by understanding the knowledge space of DRS in 

bone-related procedures and providing a platform that can be adapted to other spectral datasets. 

Furthermore, by conducting preliminary studies using ultrafast lasers, valuable insights are 

gained for developing multi-modal platforms with the emphasis on the benefits from each 

modality. This thesis not only addresses the development of basic science but also extends to 

clinical scenarios. The importance and implications of this research can inform innovative 

avenues to further scientific understanding and drive scientific progress. 

 

1.6 Thesis Outline 

The thesis is structured as follows: 

Chapter 1 introduces background knowledge and summarizes the scope of the thesis, where 

the literature review of ultrafast lasers is based on the published review article: 

• Li CL, Fisher CJ, Burke R, Andersson-Engels S. Orthopedics-Related Applications of 

Ultrafast Laser and Its Recent Advances. Applied Sciences. 2022;12(8):3957. doi: 

https://doi.org/10.3390/app12083957. 

Chapter 2 elucidates the creation of the relevant DRS datasets for use with machine learning 

and deep learning techniques. This chapter is based on the published data descriptor article: 

• Li CL, Fisher CJ, Komolibus K, et al. Extended-wavelength diffuse reflectance 

spectroscopy dataset of animal tissues for bone-related biomedical applications. Sci 

Data. 2024;11(1):136. doi: https://doi.org/10.1038/s41597-024-02972-3. 

Chapter 3 describes the development of four feature selection frameworks for DRS datasets. 

This chapter is based on the published original research article: 

• Li CL, Fisher CJ, Komolibus K, et al. Frameworks of wavelength selection in diffuse 

reflectance spectroscopy for tissue differentiation in orthopedic surgery. J Biomed Opt. 

2023;28(12). doi: https://doi.org/10.1117/1.JBO.28.12.121207. 

https://doi.org/10.3390/app12083957
https://doi.org/10.1038/s41597-024-02972-3
https://doi.org/10.1117/1.JBO.28.12.121207
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Chapter 4 discusses depth predictions in cranial bones using DRS combined with machine 

learning and deep learning techniques. This chapter is based on the ongoing original research 

manuscript: 

• (In progress) Li CL, Fisher CJ, Komolibus K, et al. Depth prediction in cranial bones 

using diffuse reflectance spectroscopy for craniotomy. Biomed Opt Express. 2024.  

Chapter 5 presents two preliminary studies on the probe design and the use of ambient mass 

spectroscopy for tissue differentiation, and subsequently concludes the thesis. The study on the 

probe design is based on the conference proceedings: 

• (Oral Presentation) Li CL, Fisher CJ, Komolibus K, et al. Design and concept of a 

miniaturized optical probe for guidance of bone cement removal in orthopedic surgery. 

European Conferences on Biomedical Optics. 29 June 2023. 
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Chapter 2  
Extended-wavelength diffuse reflectance spectroscopy dataset 

for bone-related biomedical applications 

2.1 Chapter Overview 

This chapter describes data collection and preparation in detail to set the basis for subsequent 

data analysis utilizing machine learning and deep learning techniques. The primary objective 

of this chapter is to provide a comprehensive explanation of the methodology employed by 

outlining the specific materials, equipment and procedures used during the experiments. 

Moreover, the dataset has been made publicly available for reuse as well as to ensure the 

reproducibility of the research presented in this thesis.  

Diffuse reflectance spectroscopy (DRS) has been extensively studied in both preclinical and 

clinical settings for multiple applications, notably as a minimally invasive diagnostic tool for 

tissue identification and disease delineation. In this chapter, extended-wavelength DRS 

(EWDRS) measurements of ex vivo tissues ranging from ultraviolet through visible to the short-

wave infrared region (355 – 1919 nm) are presented in two datasets. The first dataset contains 

labelled EWDRS measurements collected from bone cement samples and ovine specimens 

including 10 tissue types commonly encountered in orthopedic surgeries for data curation 

purposes. The other dataset includes labelled EWDRS measurements of primarily bone 

structures at different depths during stepwise drilling into intact porcine skulls until plunging 

into the cranial cavity. The raw data with code for pre-processing and calibration is publicly 

available for reuse on figshare and Zenodo. The datasets can be utilized not only for exploratory 

purposes in machine learning model construction, but also for knowledge discovery in the 

orthopedic domain to identify important features for surgical guidance, extract physiological 

parameters and provide diagnostic insights. 
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This chapter is based on the published data descriptor154: 

Li CL, Fisher CJ, Komolibus K, et al. Extended-wavelength diffuse reflectance spectroscopy 

dataset of animal tissues for bone-related biomedical applications. Sci Data. 2024;11(1):136. 

doi:10.1038/s41597-024-02972-3 
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2.2 Background and Summary 

Orthopedic and neurosurgical specialties encompass the majority of bone-related surgical 

interventions to treat musculoskeletal or neurological conditions, which routinely require the 

surgeon to operate on both hard and soft tissues while avoiding damage to the surrounding vital 

organs including brain, spinal cord and major peripheral nerves. General orthopedic surgeries, 

such as total knee arthroplasty, and spine surgery, such as laminectomy, represented two of the 

three most frequently performed procedures in the United States in 20121, mainly owing to 

population ageing. By 2018, spine fusion, knee and hip arthroplasty became the top three most 

costly principal operating room (OR) procedures, constituting approximately 24% of the top 

20 OR procedures2. The incidence rate projection has also demonstrated a significant uptrend 

in the number of surgical cases to 2060, indicating an increase by 560% for primary total joint 

arthroplasty155,156 and 270% for posterior spinal fusion in patients aged >75 years157. In 

response to the growing demand, the number of orthopedic and neurological surgeons 

increased by 11% and 9%, respectively, from 2012 to 2017158. 

Despite the increase in demand of orthopedic and neuro- surgery, reluctance of drilling is 

frequently witnessed with early-career practitioners due to insufficient experience and fear of 

excessive perforation causing severe damage159. Studies have found that surgical learning 

curves to these high-volume procedures can be significantly steep, requiring a substantial 

amount of time, effort and practice before mastery is attained160–162. The need for extensive 

training or new guidance devices thus becomes imperative to improve operative efficiency, 

patient outcome and safety. The risk of plunging and breaching into critical structures can be 

greatly reduced by implementing safety measures into the surgical tools so that either the 

mechanical processes can be automatically terminated in a timely manner, or the exact drilling 

speed and depth can be monitored in real time. Several approaches have been investigated 

including optical methods163,164, surgical techniques165–167 and mechanical tools168,169. It has, 

however, remained technically challenging for surgeons to navigate through bone-related 

surgical procedures because of limited visibility and a restricted field of view, though various 

intraoperative imaging techniques can be utilized for enhanced visualization and accuracy 

combined with computer-assisted technologies170–172. 

Diffuse reflectance spectroscopy (DRS) is an established technique routinely used for 

measuring electromagnetic radiation reflected off sample surfaces as a function of wavelength 

or frequency173. The utilization of DRS in preclinical and clinical settings has been extensively 
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studied for the purpose of diagnostic guidance in a wide range of applications, notably as a 

promising aid to cancer delineation in breast174, liver175 and gastrointestinal tract176. With 

relatively low-cost instrumentation and easy maneuverability, this spectroscopy method can 

offer non-contact to minimally invasive, usually point-based interrogation of tissues of interest 

based on their wavelength dependent absorption and scattering properties. Furthermore, 

machine learning (ML) algorithms are often seen deployed on DRS datasets for tissue 

classification and parameter extraction due to the information-rich nature177–179. ML can 

facilitate selection of the most important spectral features and help evaluate the diagnostic 

power of the technique.  

Recently our and other groups introduced and discussed perspectives on optical integration to 

guide bone-related surgeries, of which the proposed techniques could potentially provide more 

effective surgical approaches with less side effects180–182. Along these lines we have 

demonstrated the potential of DRS for tissue differentiation in orthopedic procedures183–185, 

and subsequently described four distinct feature selection frameworks formulated based on 

DRS measurements186. The aim of this specific publication was to discover a reduced number 

of wavelength features with sufficient discriminative power for tissue differentiation, thus 

decreasing instrumentation complexity of optical systems for clinical translation. 

The publications in this field are, however, so far scarce and there is a need for more open-

source data. This study was thereby designed to facilitate data re-utilization and the 

development of ML models for data mining tasks in bone-related biomedical applications. Two 

datasets are included with a technical analysis as validity check. Both datasets fulfill the pre-

requisites for ML and deep learning (DL) techniques by collecting sufficiently large data 

libraries with labels from multiple ex vivo tissue specimens.  

In this chapter, we explain in detail the experimental collection of two extended-wavelength 

DRS (EWDRS) datasets. EWDRS measurements ranging from 355 to 1919 nm were acquired 

from ex vivo specimens sourced from a local butcher shop in Cork, Ireland. All measurements 

were conducted employing a broadband light source for illumination with two commercialized 

spectrometers for simultaneous signal detection. As shown in Fig. 2.2.1a, measurements were 

acquired in a grid pattern of ~5 mm apart, while Fig. 2.2.1b summarizes the workflow of 

EWDRS data pre-processing. 
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Figure 2.2.1 EWDRS dataset collection and pre-processing workflow. (a) Modified from the 

publication186. Experimental setup included two commercialized spectrometers and a tungsten-halogen 

broadband light source. The source-detector separations were 0.63 mm from center to center. The 

locations of measurements followed a grid layout of approximately 5 mm apart for all specimens. (b) 

Data pre-processing consisted of background correction, reference calibration, spectral splicing using 

spline interpolation and median smoothing. 

The first dataset (Dataset 1) was created for general orthopedic applications and skull-based 

procedures, which included tissue types commonly encountered during the relevant surgical 

operations. As shown in Fig. 2.2.2a, Dataset 1 comprised data from 10 biological tissue types 

of ovine specimens, which were bone marrow, cartilage, cortical bone, endosteum, fat, muscle, 

trabecular bone, dura, grey and white matter. One non-biological specimen, namely bone 

cement, was also included in this dataset (Fig. 2.2.2c) since the targeted clinical application 

was optical guidance of bone cement removal in total hip arthroplasty. Part I of Dataset 1, 

including class labels for bone marrow, cartilage, cortical bone, muscle, trabecular bone and 

bone cement, can be found on Zenodo187, while Part II, including class labels for endosteum, 

fat, dura, grey and white matter, can be found on figshare188. The second dataset (Dataset 2) 

was created for neurosurgical applications involving craniotomy, which included depth 

measurements of porcine skulls. This dataset consisted of EWDRS measurements of primarily 
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cortical bone at different depths during stepwise drilling of porcine skulls until plunging into 

the cranial cavity (Fig. 2.2.2b).  

 

Figure 2.2.2 Example ex vivo specimens used for EWDRS dataset creation. (a) Ovine specimens 

included bone marrow, cartilage, cortical bone, trabecular bone (femur), dura, fat, muscle, grey and 

white matter (brain). Whole brain tissues were extracted from ovine cranial cavities and sectioned along 

the coronal plane to expose grey and white matter. (b) Stepwise drilling was performed manually on 

porcine heads into the cranial cavity from the surface. The step size was pre-defined to be 1 mm but 

was uncontrolled during drilling due to manual handling. EWDRS measurements were taken at each 

stop. (c) Adapted from the publication186. Bone cement samples were cured and hand-molded into 

blocks. The black scale bars represent 1 cm. 

The collection of the published data library was motivated by the need to identify important 

spectral features for surgical guidance and better comprehend the knowledge space of DRS 

relating to orthopedics and neurosurgeries. The exploration could set the groundwork to select 

adequate wavelengths for tissue differentiation, predict layer thickness of cranial bones and 

benchmark classification metrics as a reference. For reuse, we believe that the data is useful 

for translational optics research and can enable the possibility to develop suitable ML or DL 

models utilizing DRS measurements. It can also boost the deployment of medical DL 

approaches based on EWDRS through transfer learning, which has gained considerable 

attention recently in spectroscopy189,190. While there has been spectroscopy data published in 

the literature191, our data library not only encompasses a significantly broader spectral range 
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covering the ultraviolet A, visible, near infrared and short-wave infrared 

(UVA/VIS/NIR/SWIR) windows, but also provides measurements of more biological tissue 

types in greater amounts. 

 

2.3 Methods 

The following subsections describe the full experimental protocols of data collection and pre-

processing expanded upon the previous work186. All ex vivo measurements were approved by 

and in compliance with the regulations at Tyndall National Institute, Cork, Ireland. 

2.3.1 Specimen Preparation and Setup 

All ex vivo specimens, from animals slaughtered two days prior to experiments, were 

immediately refrigerated until two hours before measurements on the same delivery day. The 

tissue specimens were unprocessed in the natural condition and kept moist at room temperature 

using saline spray during all experiments.  

For Dataset 1 (Fig. 2.2.2a), femoral specimens containing bone marrow, cartilage, cortical bone 

and trabecular bone were approximately 23-cm long and 3-cm in diameter on average. Muscle 

specimens containing muscle and fat were approximately 22×23×8 cm on average. The cross 

sectional opening of ovine skulls representing dura was approximately 9×5 cm on average. 

Brain containing grey and white matter was approximately 11×8×3 cm on average in the 

relaxed form, which was sectioned coronally into approximately 1-cm thick slabs. Bone cement 

(PALACOS® R+G pro, Heraeus Medical GmbH, Wehrheim, Germany) samples were cured 

and hand-molded into approximately 6×5×4-cm blocks (Fig. 2.2.2c) one day beforehand. 

Dataset 2 included EWDRS measurements acquired from 5 porcine heads, of which the 

superficial layer of skin and connective tissue were shaved off to expose the skull (Fig. 2.2.2b). 

A commercial surgical drill (CD4, Stryker, USA) as previously reported185 with no optical 

enhancement was employed, which was manually handled for drilling to closely approximate 

a stepwise thickness of 1 mm. No a priori knowledge of skull thickness was obtained. The 

thickness of the cranial bone was variable depending on the initial drilling location. As a result, 

the exact drilling depth per stop was uncontrolled, leading to a different number of 

measurements recorded at each pre-defined depth level. For instance, no measurement was 

collected at 23-mm thickness of the skull. 
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2.3.2 Extended-wavelength Diffuse Reflectance Spectroscopy 

The experimental system is illustrated in Fig. 2.2.1a, with the data pre-processing shown in 

Fig. 2.2.1b. The DRS system consisted of dual spectrometers, measuring the 355 to 1137 -nm 

range (QEPro-FL, QE Pro spectrometer, Ocean Insight B.V., Duiven, The Netherlands) with 

approximately 6.9 nm optical resolution and a spectral bin width of approximately 0.76 nm, 

and the 1095 to 1919 -nm range (NIRQUEST512-1.9, NIR Quest spectrometer, Ocean Insight 

B.V., Duiven, The Netherlands) with approximately 12.3 nm optical resolution and a spectral 

bin width of approximately 1.6 nm per channel, respectively. The specimens were illuminated 

by a tungsten-halogen light source (8.8 mW, 350 – 2400 nm, HL-2000-HP, Ocean Insight B.V., 

Duiven, The Netherlands) and probed for 2 s by a commercialized fiberoptic bundle 

(BF46LS01, 600-μm core, Low OH, Thorlabs, Munich, Germany) as shown in Fig. 2.2.1a. The 

fiber optic probe was a 1-to-4 fan-out bundle, of which only three fiber channels were used. 

The source-detector separations were 0.63 mm from center to center between channels on the 

probe. Both background (without illumination light) and reference (with illumination light) 

measurements against a reflectance standard (FWS-99-01c, Avian Technologies LLC, New 

London, USA) were collected pre and post each experimental session with the same acquisition 

setting. For data acquisition, 5 repeats were included for each spectrometer. During each repeat, 

250 spectra and 1 spectrum were recorded by the QE Pro spectrometer and the NIR Quest 

spectrometer with an individual exposure time of 8 ms and 2 s, respectively, to achieve a good 

signal-to-noise ratio. All specimens in Part II of Dataset 1 except dura were prepared with at 

least a 1-cm thickness. Dura was prepared as a single layer membrane. The overlapped region 

was utilized for merging and splicing spectra from the two spectrometers together as a 

continuum. It is recommended to trim off the spectral range beyond 1850 nm for further 

interpretive analysis due to increased noise level. One measurement is equivalent to one 

EWDRS spectrum. Specific details for the two datasets are summarized in Table 2.3.1. 
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Table 2.3.1 Summary of the EWDRS measurements included in Dataset 1 (left) and Dataset 2 (right). 

 Dataset 1  Dataset 2 

 Spec. Type No. of Spec. No. of Meas. No. of Heads 5 

Part 

I 

Bone Marrow 43 1000 No. of Drilled Holes 11 

Cartilage 55 1000 No. of Meas. 102 

Cortical Bone 48 1000 Min. Thickness (mm) 0 (brain) 

Muscle 31 1000 Max. Thickness (mm) 25 (surface) 

Trabecular 

Bone 
47 1000 

Spec. = Specimen 

Meas. = Measurements 

No. = Number 

Max. = Maximum 

Min. = Minimum 

Thickness = Distance away from the 

brain 

Bone Cement 3 215 

Part 

II 

Endosteum 38 245 

Fat 28 1000 

Dura 9 215 

Grey Matter 78 413 

White Matter 92 436 

 Total 472 7524 

 

2.3.3 Data Pre-processing 

Data pre-processing was implemented in both the Python Programming Language Version 3.9 

(Python Software Foundation, https://www.python.org/) and MATLAB (R2020b, The 

MathWorks Inc., Natick, Massachusetts, USA, https://www.mathworks.com). All code scripts 

for data pre-processing described here can be found in Code Availability. Due to the dual 

spectrometer configuration, two spectra were generated. Splicing via spline interpolation was 

performed over a selected range between 1095 and 1120 nm of the overlapped region using 1D 

interpolation (MATLAB default function). Background correction and reference calibration 

were calculated by Eqn. 2.3.1: 

𝑪𝒂𝒍𝒊𝒃𝒓𝒂𝒕𝒆𝒅 𝑬𝑾𝑫𝑹𝑺 𝒔𝒑𝒆𝒄𝒕𝒓𝒖𝒎 =  
𝑺𝒓𝒂𝒘−𝑺𝒃𝒌𝒈𝒅

𝑺𝒓𝒆𝒇−𝑺𝒃𝒌𝒈𝒅
, (Equation 2.3.1) 

https://www.python.org/
https://www.mathworks.com/
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where 𝑆𝑟𝑎𝑤 represents the averaged raw DRS spectrum over the five repeats, 𝑆𝑏𝑘𝑔𝑑 represents 

the averaged DRS spectrum of the background pre and post the experiment, and 𝑆𝑟𝑒𝑓 represents 

the averaged DRS spectrum of the reflectance standard pre and post the experiment. The 

spectral bin width over the spliced region was 0.23 nm. Class labels were recorded in the last 

column for both datasets. A systematic artifact from the spectrometer between 1250 and 1300 

nm was corrected by a smoothing method using moving median with a window size of 2.2 

(nm). Standard normal variate (SNV) transformation, a spectral scaling technique calculated 

by Eqn. 2.3.2, was used as scattering correction to remove unrelated offsets: 

𝑺𝑵𝑽 𝑬𝑾𝑫𝑹𝑺 𝒔𝒑𝒆𝒄𝒕𝒓𝒖𝒎 =
(𝑺𝒄𝒂𝒍−𝑺𝒄𝒂𝒍

̅̅ ̅̅ ̅̅ )

𝑺𝑫(𝑺𝒄𝒂𝒍)
, (Equation 2.3.2) 

where 𝑆𝑐𝑎𝑙 represents the calibrated spectrum from Eqn. 2.3.1, 𝑆𝑐𝑎𝑙
̅̅ ̅̅ ̅ represents the mean of 𝑆𝑐𝑎𝑙 

and 𝑆𝐷(𝑆𝑐𝑎𝑙) represents the standard deviation (SD) of 𝑆𝑐𝑎𝑙. Fig. 2.3.1 illustrates the averaged 

spectra for all labels in the two datasets, excluding the spectral range from 1850 to 1919 nm. 

 

Figure 2.3.1 The averaged EWDRS spectra for all labels in (a) Dataset 1 and (b) Dataset 2 showing the 

original spectra (left) and the SNV transformed spectra (right). SDs are shown by shaded error bands. 

Spectral range beyond 1850 nm was trimmed off. 
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2.4 Data Records 

Part I of Dataset 1 are publicly available in a Zenodo repository187, while Part II of Dataset 1 

and the full Dataset 2 can be found in a figshare repository188. The pre-processed data is stored 

in CSV files with headers (wavelengths) in the first row and class labels (tissue types or 

thicknesses) in the last column. Both the original and the SNV transformed data are provided 

in separate CSV files. There are 7524 and 102 EWDRS measurements in the full Dataset 1 and 

Dataset 2, respectively, and 1531 wavelength channels in total (trimmed beyond 1850 nm). 

The full Dataset 1 in one CSV file for easy access and formatting is available upon request. 

The class label column of Dataset 2 is formatted in both strings and numerical values in separate 

files for easier utilization with classification and regression tasks, respectively. Raw data with 

background and reference measurements is provided in both CSV files and MAT files. 

Metadata and licensing information are stored in the corresponding dataset folders. 

The Dataset 1 folder “EWDRS_dataset_ortho” contains: 

EWDRS_dataset_ortho/ 

• raw_data_archive/ (Wavelength Range: 355 – 1919 nm) 

• 15 subfolders (e.g. Expt_Dat_01/) representing individual experimental 

sessions containing: 

▪ cal_proc_csv/ including calibrated and processed data in CSV. 

▪ cal_proc_mat/ including the same as above in MAT. 

▪ cal_proc_plot_norm/ including normalized spectral plots. 

▪ raw_csv/ including raw, background, reference data in CSV. 

▪ raw_mat/ including raw, background, reference data in MAT. 

• all_EWDRS_meas_cal_proc_new.csv: the processed original dataset (Part II), 355 – 

1850 nm. 

• all_EWDRS_meas_cal_proc_new_SNV.csv: the SNV transformed dataset of above. 

• number_of_samples_ortho.xlsx: detailed information on specimens for each 

experiment. 

• LICENSE.txt: licensing information. 

• README.txt: basic information of the dataset. 

The Dataset 2 folder “EWDRS_dataset_drilling_depth” contains: 

EWDRS_dataset_drilling_depth/ 
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• cal_proc_csv/ including 26 CSV files of calibrated and processed data for individual 

class labels, 355 – 1919 nm. 

• cal_proc_mat/ including the same as above in MAT. 

• drilling_cal_proc_all.csv: the fully processed original dataset with class labels in 

strings, 355 – 1850 nm. 

• drilling_cal_proc_all_snv.csv: the SNV transformed dataset of above. 

• drilling_cal_proc_all_regr.csv: the fully processed original dataset with class labels in 

numerical values, 355 – 1850 nm. 

• drilling_cal_proc_all_snv_regr.csv: the SNV transformed dataset of above. 

• LICENSE.txt: licensing information. 

• README.txt: basic information of the dataset. 

 

2.5 Technical Validation 

Technical validation and integrity were ensured by following rigorous experimental protocols 

and data pre-processing steps. Data was acquired under controlled environmental factors from 

ex vivo specimens that were prepared and handled consistently throughout all sessions. Tissue 

identification was confirmed by a medical resident. Background and reference measurements 

against the same reference standard were always collected pre and post each experimental 

session to account for both inter- and intra- day variations and offsets using the standard 

correction method (Eqn. 2.3.1). The selected wavelength range spanning the 

UVA/VIS/NIR/SWIR windows was appropriate with the use of the illumination light source 

to provide more spectral information. No tissue damage was identified from the use of the light 

source. 

Upon initial examination of the original spectral curves in Fig. 2.3.1, spectral features of typical 

biomarkers demonstrating absorption were detected, including oxy-hemoglobin near 414, 543 

and 577 nm, deoxy-hemoglobin near 433 and 556 nm, as well as collagen, lipids and water 

near 1200, 1430 and 1750 nm192, respectively, which were comparable to the literature193. The 

magnitude of SDs was variable depending on the class label while the error bands followed the 

same trend as the averaged spectra. For Dataset 1, brain tissue demonstrated the most 

variations, where the maximum was found in grey matter showing a ± 0.11 SD at 695 nm with 

an original data value of 0.25. For Dataset 2, the maximum was also found in brain showing a 

± 0.13 SD at 875 nm with an original data value of 0.28. The behavior broadly suggested that 

no presence of outlier was detected, and the degree of variability was primarily caused by 
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intrinsic specimen heterogeneity. This was further verified by the observation that SDs 

diminished significantly after applying SNV transformation, especially for Dataset 1. Larger 

variations were indeed found near the spectral absorption features. The degree of SDs on the 

SNV-transformed Dataset 2 was marginally variable, as expected, because the data was mostly 

acquired from the same biological tissue type. Due to low noise level in the entire spectra, data 

smoothing was only applied to correct one systematic artifact instead of the whole range. 

The two datasets encompass a sufficiently large amount of EWDRS measurements for use in 

ML and DL modeling. More data can be reproduced efficiently and reliably following the steps 

outlined here. Class imbalance can else be corrected by over-sampling techniques such as 

Synthetic Minority Over-sampling Technique (SMOTE) or under-sampling methods using K-

means or nearest neighbors algorithms. Technical limitations not only existed in the instrument 

setup since measurements were collected from two adjacent acquisition volumes, but also in 

the experimental environment because the reported data was not collected from an in vivo 

setting and thus became less adequate for simulating ongoing clinical scenarios. Since diffuse 

reflectance measurements are predominantly dependent and governed by the optical properties 

of samples of interest, the physiological elements present in in vivo settings such as heart rate, 

respiratory rate and hemodynamics exert a significant impact on the optical property 

measurements. The resulting DRS measurements could exhibit dynamic behaviors due to the 

changing oxygenation levels. In addition, sample limitations were found in the ex vivo non-

human specimens employed in the study. The findings might not be completely generalizable 

to clinical scenarios due to altered amounts of blood, lipid, collagen and water contents as well 

as the oxygenation states of hemoglobin and overall different tissue microenvironments as 

compared to human specimens, which would lead to changed optical properties and DRS 

measurements as compared to clinical trials194. For instance, DRS measurements of muscle 

tissue, one of the relevant tissue types in bone-related surgical procedures, is mainly influenced 

by the optical behavior (absorption) of hemoglobin and water contents. The interspecies 

differences in optical properties of muscle can be substantial among human, porcine, ovine, rat 

and rabbit specimens195. For bone tissues, distinct interspecies differences between animal 

models and humans have been demonstrated in bone composition, bone density and bone 

quality, with the most pronounced difference determined in lumbar spine196. Such limitations 

specifically existing in animal-to-human as well as ex-vivo-to-in-vivo translations could all be 

treated as contributing factors to translational failure. Nevertheless, porcine models 

demonstrate gross similarities in optical properties and tissue heterogeneity with human 
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subjects such as in brain and bone, and have been seen increasingly used in orthopedic 

research194,197–199. It is therefore believed that the present dataset can serve for reuse to facilitate 

development of clinical optical diagnostic and monitoring tools with artificial intelligence 

implementation.  

 

2.6 Code Availability 

Example codes are publicly available in a Github repository at:  

https://github.com/Biophotonics-Tyndall/PUB-DataDescriptorCode.git. 

The repository contains one MATLAB script (DRS_cal_proc_example.m) demonstrating DRS 

data processing and systematic artifact correction, one Python function (calibDRS.py) for SNV 

transformation, and three MATLAB functions to namely calculate area-under-curve 

(AUC_DRS_fnc.m), splice two spectra via spline interpolation (DRS_splice_fnc.m) and 

calculate SNV transformation (snv_DRS_fnc.m) for DRS data. 

 

With the fundamental aspects of data collection and experimental preparation established in 

the current chapter, the focus in the next chapter will shift to an important phase of the thesis 

research – Feature Selection in DRS. Robust and adaptable feature selection frameworks are 

crucial for surgical device development in DRS research as it assists with reducing 

instrumentation complexities. In this context, the methodology formulated for DRS feature 

selection becomes pivotal in enhancing machine learning model accuracy as well as improving 

the physical understanding of the knowledge space. 

  

https://github.com/Biophotonics-Tyndall/PUB-DataDescriptorCode.git
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Chapter 3  
Frameworks of wavelength Selection in diffuse reflectance 
spectroscopy for tissue differentiation in orthopedic surgery 

3.1 Chapter Overview 

This chapter describes the formulation of feature selection frameworks based on machine 

learning techniques, which was specifically developed for spectral data acquired from the 

previous chapter. The primary objective of this chapter is to demonstrate the utility of feature 

selection and provide a thorough explanation of the frameworks with a high degree of 

adaptability. Based on the results, important wavelengths can be selected and thus reduce 

instrumentation complexity. 

Significance: Wavelength selection from a large diffuse reflectance spectroscopy (DRS) 

dataset enables removal of spectral multicollinearity and thus leads to improved understanding 

of the feature domain. Feature selection frameworks are essential to discover the optimal 

wavelengths for tissue differentiation in DRS-based measurements, which can facilitate the 

development of compact multispectral optical systems with suitable illumination wavelengths 

for clinical translation. Aim: The aim was to develop a feature selection methodology to 

determine wavelengths with optimal discriminative power for orthopedic applications, while 

providing the frameworks for adaptation to other clinical scenarios. Approach: An ensemble 

framework for feature selection was developed, validated and compared with frameworks 

incorporating conventional algorithms including principal component analysis (PCA), linear 

discriminant analysis (LDA), and backward interval partial least squares (biPLS). Results: Via 

the one-vs-rest binary classification approach, a feature subset of 10 wavelengths was selected 

from each framework yielding comparable balanced accuracy scores (PCA: 94.8 ± 3.47%; 

LDA: 98.2 ± 2.02%; biPLS: 95.8 ± 3.04%; Ensemble: 95.8 ± 3.16%) to those of using all 

features (100%) for cortical bone versus the rest class labels. 100% balanced accuracy scores 
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were generated for bone cement versus the rest. Different feature subsets achieving similar 

outcomes could be identified due to spectral multicollinearity. Conclusions: Wavelength 

selection frameworks provide a means to explore domain knowledge and discover important 

contributors to classification in spectroscopy. The ensemble framework generated a model with 

improved interpretability and preserved physical interpretation, which serves as the basis to 

determine illumination wavelengths in optical instrumentation design. 

This chapter is based on the original research200: 

Li CL, Fisher CJ, Komolibus K, et al. Frameworks of wavelength selection in diffuse 

reflectance spectroscopy for tissue differentiation in orthopedic surgery. J Biomed Opt. 

2023;28(12). doi:10.1117/1.JBO.28.12.121207 
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3.2 Introduction 

Surgical procedures involving osteotomies pose challenges and risks to breaching and plunging 

into critical neurovascular and musculoskeletal structures, often leading to operative morbidity 

or potentially mortality. One of the related clinical situations involves total hip and knee 

arthroplasty (THA/TKA) where periprosthetic fracture is considered as a major complication 

that requires revision. One study has found that 40% and 54% of primary THA and TKA 

patients, respectively, encountered at least one major complication such as fracture or one 

minor complication such as neurovasculature damage, or both201,202. Furthermore, with 

population ageing leading to rapidly growing incidence of primary arthroplasty, the number of 

revision surgeries will continue to increase substantially due to limited implant survivorship. 

The advanced surgical complexity and higher rates of associated complications with revision 

cases have become a prevalent concern that remains to be improved. Within orthopedics, 

incidence projections of revision total hip and total knee arthroplasty (rTHA/rTKA) to 2030 in 

the United States alone have indicated an increase of 43% - 70% and 78% - 182%, respectively, 

relative to the 50K rTHA and 72K rTKA cases recorded in 2014. In particular, the age group 

younger than 55 years is anticipated to undergo the highest increase of such procedures, 

suggesting that multiple revision surgeries would become necessary in the coming decades 

with implant failures in younger patients. Some common causes for rTHA include instability 

(28%), aseptic loosening (24%), periprosthetic fracture (18%) and prosthetic joint infection 

(18%)203. 

Our group previously proposed perspectives to integrating optical sensing into orthopedic 

surgical tools in the effort to stimulate innovations in translational biophotonics180, and 

demonstrated preliminary results for tissue differentiation based on diffuse reflectance 

spectroscopy (DRS) measurements of tissue types encountered in general orthopedic 

surgery183,204,205. Despite many other clinical use-cases, we have explicitly examined the 

possibility of optical integration to guide cement removal – one of the most technically 

challenging and time-consuming steps for surgeons during rTHA/rTKA surgery, especially 

removal of the distal cement plug. Choices of intraoperative image guidance modalities such 

as endoscopy, fluoroscopy or ultrasound206–208 are usually surgeon dependent, which can 

nonetheless be cumbersome and impractical to integrate in the operating room. Navigation 

through the procedure is therefore frequently dependent on the surgeon’s experience as well as 

the safety measures implemented in the surgical tool. On the other hand, extraction of well-

bound bone cement can be undesirably invasive under certain circumstances when, for 
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instance, creation of cortical windows is needed in the femur via trochanteric osteotomy to 

visualize the distal plug upon a failed initial attempt209,210. Severe complications including 

cortex perforation (5%) and intraoperative fracture (12%), as well as overall incomplete 

implant or cement extraction, can be associated with insufficient familiarity and expertise in 

the surgical procedure leading to prolonged postoperative recovery and higher infection rates, 

while several techniques and instruments such as cement-in-cement revision and ultrasonic 

cement removal have been employed to ameliorate the risk211–213. 

With this succinct background, we here consider the potential role of DRS measurements, as a 

means of integrated optical guidance in complement to standard imaging modalities, to assist 

the orthopedic surgeon with 1) differentiating bone cement214 from  biological tissues, 2) 

informing cement-to-bone interface as a safety measure to signal pre-breaching and 3) 

informing bone-to-tissue interface as an indicator to signal post-breaching during rTHA 

involving cemented implants. One of the advantages of DRS lies in the possibility of instrument 

miniaturization and hence easier integration to surgical workflows; the choice of discrete 

narrowband light sources can nonetheless be variable in different applications and sometimes 

inadequate without a selection methodology. In general, the utilization of DRS in preclinical 

and clinical settings has been extensively studied for the purpose of diagnostic guidance in a 

wide range of applications, notably as a promising aid to cancer delineation in breast174, liver175 

and gastrointestinal tract176. With relatively low-cost instrumentation and maneuverability, 

DRS technique not only offers non-contact to minimally invasive, usually point-based 

interrogation of tissues of interest based on their wavelength dependent absorption and 

scattering properties, but also permits a greater flexibility of signal processing due to the 

abundant information embedded in the spectral data. As a result, there has been a growing 

interest in exploiting machine learning (ML) algorithms for tissue classification or 

physiological parameter extraction using DRS data179,215–217, while another conventional 

approach predominantly relies on comparing extrapolated optical properties, commonly 

absorption and reduced scattering coefficients, for tissue differentiation using spectroscopic 

measurements combined with layered Monte Carlo simulation163,218,219. However, many 

challenges can be seen with deploying ML techniques in spectral data, because modern 

spectroscopy measures a multitude of wavelength features with widely known properties of 

multicollinearity, redundancy and noise that not only affect the accuracy performance due to 

overfitting of the training data, but also deteriorate interpretability and explainability of the ML 

model220. Feature selection (FS), namely to select a subset of wavelengths that best approaches 
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the classification or regression problem, becomes crucial for understanding the knowledge 

space, reducing data dimensionality and thereby instrument complexity, as well as finding 

accurate ML models in the context. There has been considerable research into wavelength 

selection in spectroscopy189,221–223 as well as generic FS algorithms224–227, for which novel 

approaches have been proposed to process spectral data. For example, a previous study by R. 

Gunaratne et al.193 used multiclass Fisher’s linear discriminant analysis to both select features 

and classify tissue types in ovine joint tissue samples for orthopedic applications, and achieved 

100% accuracy with full DRS data of 2048 wavelengths from 190 – 1081 nm, 90% with the 

selected 10 wavelengths, and 70% with the selected single wavelength. F. Fanjul-Vélez et al.216 

examined the use of spectral characteristics extraction and PCA as a dimensionality reduction 

technique on DRS measurements collected from ex vivo porcine specimens, which 

demonstrated promising specificity and sensitivity values of greater than 98%. Another 

application of FS included the study by M. Mamouei et al.228, where the group compared 

different variations of PLS techniques with a genetic algorithm for optimization to identify 

important spectral regions that could represent lactate concentrations in blood using optical 

sensing, and achieved higher accuracy scores with a reduced number of wavelengths. 

In this work, we present four distinct FS frameworks that can be utilized to methodologically 

select a subset of wavelengths from original DRS measurements, where comparable 

classification accuracy scores can be computed from the selected subset or the full set of 

features to differentiate tissue types encountered in bone-related surgeries. The FS frameworks 

have been developed by investigating DRS measurements via the process of Knowledge 

Discovery in Databases (KDD), which consists of understanding the knowledge domain, 

defining research goals, creating dataset, and multiple iterations of data preparation, data 

mining and pattern interpretation229–231. The focus is on discovering this feature subset from 

the original DRS data domain via tailored FS frameworks, and the selected features will be 

implemented as the wavelength(s) of light source in the optical device to guide bone cement 

removal as a means of reducing instrument complexity in the next stage. As such, the primary 

aims are thereby defined as the following: 1) Exploring domain knowledge using the KDD 

process in the space of DRS relating to the field of orthopedics; 2) Subsequently determining 

an optimal subset of DRS wavelengths that can provide sufficient discriminative power 

between tissue types by comparing different FS algorithms; and 3) Developing a suitable 

wavelength selection methodology that allows for straightforward adaptation to a wider range 

of clinical scenarios. 
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3.3 Materials and Methods 

All ex vivo measurements were approved by and in compliance with the regulations at Tyndall 

National Institute, Cork, Ireland. The term “wavelength”, namely the spectral increment 

defined by the spectrometer, is referred to as “feature” (name of the wavelength feature) in this 

section to suit the context. The term “sample” in the context of FS refers to each DRS spectral 

data entry. All data preprocessing and analysis were implemented in the Python Programming 

Language Version 3.9 (Python Software Foundation, https://www.python.org/) built from 

open-source libraries, packages and dependencies including scikit-learn232, SciPy233 and 

SHAP234,235.  

3.3.1 Specimen Preparation and DRS Data Acquisition 

The ex vivo ovine tissue specimens included bone marrow, cartilage, cortical bone, muscle, and 

trabecular bone sourced from a local butcher shop, which were sacrificed two days prior to 

delivery and immediately refrigerated in plastic bags until two hours prior to measurements. 

All measurements were acquired at room temperature, where tissue specimens were kept moist 

using saline spray.  As described before, muscle specimens were approximately 22×23×8 cm 

in Fig. 3.3.1a; femoral specimens were approximately 23-cm long and 3-cm in diameter with 

cortical bone layer of approximately 5 mm in Fig. 3.3.1b; and bone cement (PALACOS® R+G 

pro, Heraeus Medical GmbH, Wehrheim, Germany) specimens were cured and hand-molded 

into approximately 6×5×4-cm blocks in Fig. 3.3.1c one day prior to experiments. All tissue 

specimens were unprocessed to imitate natural conditions and measured freshly upon delivery. 

DRS measurements of multiple unique locations were collected from one specimen with at 

least 5 mm apart in all four directions. The class label of cortical bone consisted of DRS 

measurements collected from both the outside and the inside of the femoral column, where the 

outside measurements were made with bone marrow in the femur and the inside measurements 

were made with muscle specimens layered underneath and bone marrow removed. The total 

number of tissue specimens and DRS measurements are summarized in Table 3.3.1. 

 

 

 

 

https://www.python.org/
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Table 3.3.1 The total number of tissue specimens and DRS measurements used in the analysis. 

 
Bone 

Marrow 
Cartilage 

Cortical 

Bone 
Muscle 

Trabecular 

Bone 

Bone 

Cement 

Number of Specimens 43 55 48 31 47 3 

Number of Data Entries 1000 1000 1000 1000 1000 215 

 

 

Figure 3.3.1 Ex vivo ovine tissue samples including (a) muscle mass; (b) femur containing bone 

marrow, cartilage, cortical bone and trabecular bone; and (c) bone cement sample. The EWDRS system 

in (d) shows the experimental setup, where the fiber optic probe, connected to a broadband light source 

and two spectrometers, was in contact with one tissue specimen. White circle: fiber channel to light 

source; green circles: fiber channels to spectrometers; black circle: not in use. 

Briefly, the DRS system employed a dual spectrometer detection configuration across the 

ultraviolet A, visible, near-infrared and short-wave infrared (UVA/VIS/NIR/SWIR) spectral 

range, known as extended-wavelength DRS (EWDRS). The 355 to 1100 -nm and 1100 to 1850 

-nm ranges were measured by QE Pro spectrometer (Ocean Insight B.V., Duiven, The 

Netherlands) and NIR Quest spectrometer (Ocean Insight B.V., Duiven, The Netherlands), 

respectively, with a tungsten-halogen broadband light source (HL-2000-HP, Ocean Insight 
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B.V., Duiven, The Netherlands) of emission from 350 – 2400 nm. The two spectrometers were 

set to acquire five repeats consecutively during one acquisition of 2 s for a single measurement 

location. The fiber optic probe was a 1-to-4 fan-out bundle with equidistant source-detector 

separations of 0.63 mm (BF46LS01, 600-µm core, Low OH, Thorlabs, Munich, Germany), of 

which only three fiber channels were used. A schematic depiction of the EWDRS system setup 

is shown in Fig. 3.3.1d.  

3.3.2 Data Preprocessing 

Each EWDRS data entry was obtained by firstly averaging over the five repeats followed by 

calibration, and secondly splicing the two spectra together using spline interpolation. 

Wavelength increments of the spectrometers were approximately 0.76 nm in the 355 to 1100 -

nm range and approximately 1.6 nm in the 1100 to 1850 -nm range. All EWDRS measurements 

were calibrated against a reflectance standard (FWS-99-01c, Avian Technologies LLC, New 

London, USA) and corrected for dark counts pre and post each experiment using the standard 

method  
𝑆𝑟𝑎𝑤−𝑆𝑏𝑘𝑔𝑑

𝑆𝑟𝑒𝑓−𝑆𝑏𝑘𝑔𝑑
. Savitzky-Golay (SG) filter, based on local least-squares polynomial 

approximation, was applied with a frame size of 5 and polynomial order of 2 to denoise the 

spectral data236,237. The EWDRS dataset, containing numerical features and categorical labels, 

was structured into an m × n matrix, where m represents the number of DRS data entries and n 

represents the number of features. There were 5215 DRS data entries and 1531 features in total 

subjected to further analysis, where the DRS data entries were treated as non-correlated and 

mutually independent entities.  

3.3.3 Classification Models 

Classification models were trained via the One-vs-Rest (OvR) binary approaches. The positive 

class (one) was defined as bone cement, and the negative class (rest) was collectively defined 

for bone marrow, cartilage, cortical bone and trabecular bone in the first scenario 

(boneCement vs. rest). In the second scenario, the positive class was cortical bone, and the rest 

included bone marrow, cartilage, muscle and trabecular bone (cortBone vs. rest). Six models 

were included to compute balanced accuracy using all features: 

• logistic regression (LogReg) representing a baseline linear regression model used for 

classification,  

• linear discriminant analysis (LDA) representing a baseline linear classification model,  
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• random forest (RF) representing an ensemble bagging classifier,  

• k-nearest neighbors (KNN) representing an instance-based classifier,  

• Gaussian Naïve Bayes (GNB) representing a probabilistic classifier, and  

• support vector machine (SVM) representing a maximum margin classifier.  

The balanced accuracy is equivalent to the arithmetic mean of sensitivity and specificity in 

binary classification (Eqn. 3.3.1), 

𝒃𝒂𝒍𝒂𝒏𝒄𝒆𝒅 𝒂𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝟏

𝟐
(

𝑻𝑷

𝑻𝑷+𝑭𝑵
+

𝑻𝑵

𝑻𝑵+𝑭𝑷
),  (Equation 3.3.1) 

where TP is the true positive, TN is the true negative, FP is the false positive and FN is the 

false negative. For example, in the first scenario TP and TN represent the instances where bone 

cement and the rest are correctly identified, respectively. Default parameters implemented in 

scikit-learn library were used. The learning model that generated the highest balanced accuracy 

was subsequently chosen as the classifier to evaluate the quality of FS. Balanced accuracy was 

treated as a metric for quality check, where features of lower scores were discarded. Globally, 

the percentage of holdout dataset (test dataset) was stratified 20%, which was split out of the 

entire dataset prior to analysis. Global cross-validation (CV) setting was chosen to be stratified 

10-fold for 10 repeats. Stratified sampling was used to preserve the same class distribution of 

features in the training, validation and holdout datasets as the complete dataset. The six learning 

models were trained, validated and then tested using the entire original EWDRS data.  

3.3.4 Decision Tree Classifier – One Feature Classification 

Single decision tree classifiers were trained with CV to compute balanced accuracy iteratively 

using only one feature at a time. Balanced accuracy of independent single features was obtained 

across the full spectral range for the entire dataset to indicate potential spectral ranges of high 

discriminative strength. The maximum depth of the tree was set to 2, and other parameters were 

set to default.  

3.3.5 Feature Selection 

Feature selection (FS) techniques were implemented via the OVR binary approach for the goal 

of achieving the highest discriminative power. An overview of FS process is shown in Fig. 

3.3.2, which typically includes candidate feature subset generation from the original dataset 
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through user-defined search strategies, candidate subset evaluation through user-defined 

inclusion criteria, and model fitting of the training and testing datasets to assess performance. 

The final selection subset was pre-defined to contain 10 features. The following subsections 

first described the implementation of principal component analysis (PCA), LDA, and backward 

interval partial least squares (biPLS) into independent FS frameworks. The three algorithms 

have been chosen because they are frequently used in spectroscopic data analysis. 

Mathematical descriptions of these techniques are therefore not included here in depth; and 

sophisticated programming algorithms can be found in scikit-learn library232. More detailed 

explanations can also be found in review articles238–241. Subsequently, an ensemble framework 

of FS242 was formulated to compare with FS frameworks using PCA, LDA and biPLS in a 

discovery-oriented data selection workflow. 

 

Figure 3.3.2 Overview of a typical feature selection (FS) workflow. 

3.3.5.1 Feature selection framework – principal component analysis 

Principal component analysis (PCA) is an unsupervised dimensionality reduction technique, or 

feature extraction process, that projects the original data based on maximized variance onto a 

lower dimension via an orthogonal linear transformation. The resulted principal components 

(PCs) from PCA transformation, ranked by the calculated variance in descending order, might 

not bear discriminative power in the same descending order for the classification problem243. 

A stochastic optimization algorithm, specifically simulated annealing (SA)244, was therefore 

implemented to search for a set of PCs that approximated the global optimum of a user-defined 
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cost function. LDA was selected as the cost function due to its simplicity to calculate 

classification accuracy for optimization. Regularization parameters in SA were tuned by trial 

and error to suit the data domain. To minimize computational cost, the first 30 out of 1530 PCs 

were initially selected from the PCA transformation followed by SA optimization with 600 

iterations to select 10 of the 30 PCs that jointly produced the highest LDA classification 

accuracy. SA optimization would be inactivated if the 10 randomly selected PCs generated a 

100% accuracy score during the first iteration. The selected 10 PCs represented greater than 

98% of total explained variance. The next step involved selecting peaks from the 10 PCA 

eigenvectors plotted against features (wavelengths) based on user-defined inclusion criteria, 

which comprised of removal of duplicates, features within 20 nm horizontally, features below 

scaled 20% vertically. Lastly, the final 10 features were determined by ranking and removing 

collinearity, that was, identifying the most relevant feature to the class label by ranked ANOVA 

F-values, and sequentially discarding the feature that was the most correlated with the most 

relevant feature based on Pearson correlation coefficients. The flowchart of PCA FS framework 

can be found in Fig. 3.3.3. 



54 

 

 

Figure 3.3.3 FS framework implementing PCA/Sparse PCA to process the EWDRS dataset. Acronyms: 

FS for feature selection; PCA for principal component analysis; PC for principal component; EWDRS 

for extended-wavelength diffuse reflectance spectroscopy. 
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Figure 3.3.4 FS framework implementing LDA to process the EWDRS dataset. Acronyms: FS for 

feature selection; LDA for linear discriminant analysis; EWDRS for extended-wavelength diffuse 

reflectance spectroscopy. 
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3.3.5.2 Feature selection framework – linear discriminant analysis 

Linear discriminant analysis (LDA) is a supervised technique that searches for a linear 

combination of features based on maximized class separation. It can be used as a linear 

predictive model for binary or multiclass classification as well as a dimensionality reduction 

technique. To implement LDA in a FS workflow, a moving-window approach was utilized by 

setting a series of feature intervals. Seven intervals of custom lengths were used, which were 

25, 50, 75, 100, 150, 200, 300 nm. The initial feature subspace was constructed by selecting 

the top feature within the one interval based on the ranked LDA coefficients of this interval, 

for which the computation process was iterated over all interval sizes and across the full feature 

domain. Duplicates and features within 30 nm of each other were discarded. Then 75% of the 

initial feature subspace was chosen similarly by sequential removal of ranked feature 

collinearity, where the most relevant feature to the class label was instead determined by 

ranking LDA coefficients of the initial feature subspace using the original dataset. The final 

feature subset was calculated by performing SA optimization to search for the 10 features 

whose joint produced the highest LDA classification accuracy. SA optimization was always 

activated, and the number of iterations was set to 2000 to reach convergence. The flowchart of 

LDA FS framework can be found in Fig. 3.3.4. 

3.3.5.3 Feature selection framework – backward interval partial least 
squares 

Backward variable elimination partial least squares (PLS) is one of the many PLS method 

variations in FS to which backward interval PLS (biPLS) belongs. The basis is to compare the 

PLS root mean square error of cross-validation (RMSECV) of the N-1 intervals with the 

baseline RMSECV, and eliminate the feature interval whose removal yields the lowest 

RMSECV in a recursive way245. The baseline RMSECV was calculated using all features. 

Optimization of PLS components was performed for each PLS regression with 30 total 

components allowed to minimize computation. RMSECV calculation was iterated over the 

number of intervals, the size of intervals and the different shuffles of the training dataset for 

CV across the full feature domain. The custom sizes of feature intervals included 20, 40, 60, 

70, 80 and 95 nm. Five different shuffles of the training dataset for CV were generated 

randomly and kept consistent for all biPLS FS analyses. The retained feature intervals from 

each iteration received a +1 vote. The features with the highest votes were deemed important. 

The final feature set was determined by searching the top 10 least collinear features, and the 
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most relevant feature to the class label was calculated by ranked PLS-Variable Importance in 

Prediction (PLS-VIP) scores246. The flowchart of biPLS FS framework can be found in Fig. 

3.3.5. 

 

Figure 3.3.5 biPLS FS framework showing the workflow to process EWDRS dataset. Acronyms: biPLS 

for backward interval partial least squares; FS for feature selection; EWDRS for extended-wavelength 

diffuse reflectance spectroscopy; PLS for partial least squares; PLS-VIP for PLS-Variable Importance 

in Prediction; RMSECV for root mean square error of cross-validation; clf for classification.  
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3.3.5.4 Feature selection framework – ensemble 

Ensemble feature selection (EFS) is a learning framework that principally combines different 

individual feature selection algorithms, namely filter, wrapper or embedded methods, to 

achieve improved outcomes by avoiding bias, merging advantages and compensating 

disadvantages of individual FS methods. The EFS framework in this study incorporated three 

univariate filtering methods, which were Maximum Relevance – Minimum Redundancy 

(mRMR)247 that measures the most correlation with a class, Mutual Information (MI)248 that 

measures the amount of information gain of one variable (feature) given the other known 

variable (class label), and ReliefF249,250 that measures conditional dependencies between the k-

nearest neighbors of one feature in an instance-based manner. Selected features from the union 

of outputs by mRMR, MI and ReliefF were input into Boruta-RF251,252, which is a wrapper 

method around RF that utilizes shadow features to compute feature importance. The final 

feature subset could be determined by 1) selecting the top 10 features from Boruta-RF rank 

based on the ranked ANOVA F-values, resulting in a narrow spectral band (Ensemble SB), or 

2) selecting the top 10 least collinear features out of the Boruta-RF rank, which was computed 

via the same collinearity removal process in the PCA FS framework (Ensemble LC). SHAP 

(SHapley Additive exPlanations)253–258, one of the state-of-the-art tools in ML explainability, 

was performed to explain and quantify contributions of individual selected features to model 

prediction base on cooperative game theory. The SHAP value was proposed by Lundberg and 

Lee as a unified measure to represent additive feature importance, which was the average 

outcomes of marginal contributions from individual features over all possible feature 

permutations259. The SHAP algorithm used in the EFS framework was based on ensembles of 

trees. There were two optional optimization steps in the EFS framework including partition of 

the training dataset and aggregation of the final selection. In particular, partition involved 

segmenting the training dataset into multiple packets vertically by features or horizontally by 

samples, or both260, and aggregation involved searching features from all vertical partitions to 

form a final subset that produced an optimal outcome based on user-defined criteria. Decisions 

were usually made by prior domain knowledge combined with the study objective. In the EFS 

framework, only vertical partition by features was adopted to divide the training dataset into 

three spectral ranges, which were approximately the VIS range of 355 – 700 nm, the NIR range 

of 700 – 1000 nm and the SWIR range of 1000 – 1850 nm. Horizontal partition was indirectly 

performed by iterating over different compositions of CV. Aggregation was achieved by 

incrementally adjoining the VIS, NIR and SWIR ranges, resulting in the VIS range of 355 – 
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700 nm, the VIS/NIR range of 355 – 1000 and the VIS/NIR/SWIR range of 355 – 1850 nm. 

The flowchart of EFS framework is shown in Fig. 3.3.6. 

 

Figure 3.3.6 Ensemble feature selection (EFS) framework. Optional steps are labelled with asterisks, 

including training dataset partition, sequential removal of collinear features by ranking and aggregation 

of results from all partitions. Acronyms: mRMR for Maximum Relevance – Minimum Redundancy; 

MI for Mutual Information; Boruta – RF for Boruta – Random Forest; SHAP for SHapley Additive 

exPlanations; clf for classification. 

 

3.4 Results 

The classification models were benchmarked on the complete dataset as a reference of the 

achievable maximal accuracy, followed by performance comparison of the top 1 and 10 

wavelength features selected by the four FS frameworks. Further investigations examined FS 

in different spectral ranges and the tradeoff between the number of selected features versus 

model accuracy. Model explainability was explored to understand individual feature 

contributions to classification prediction. 
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3.4.1 Classification Models 

The six classification models were trained with CV on the train/validation and tested on the 

holdout datasets containing all features (Table 3.4.1). Two decimal places were retained for 

balanced accuracy. LDA was subsequently used to assess the quality of FS due to 

outperformance.  

Table 3.4.1 Summary of the balanced accuracy scores on the holdout dataset generated by logistic 

regression (LogReg), linear discriminant analysis (LDA), random forest (RF), k-nearest neighbors 

(KNN), Gaussian Naïve Bayes (GNB) and support vector machine (SVM), and the average computation 

time to train one model. 

Classifier 

Balanced Accuracy (%) 

Computation Time (s) 

boneCement vs. rest cortBone vs. rest 

LogReg 100 95.68 ± 1.38 0.25 

LDA 100 99.79 ± 0.33 1.4 

RF 99.98 ± 0.05 97.70 ± 1.14 2.0 

KNN 100 96.37 ± 1.32 0.21 

GNB 99.98 ± 0.05 87.49 ± 1.75 0.12 

SVM 100 95.48 ± 1.34 0.64 

3.4.2 One Feature Classification Using Decision Tree 

The balanced accuracy scores computed by one feature classification using decision tree 

classifiers plotted against wavelength features are shown in Fig. 3.4.1. Independent features 

that bore discriminative power between the binary classes were illustrated; for instance, results 

for bone cement as the positive class demonstrated high balanced accuracy scores in the 500 to 

600 -nm range and beyond 700 nm, while improved balanced accuracy for cortical bone as the 

positive class were found around 1210 nm and in the 1450 to 1600 -nm range. One single 

decision tree classifier required approximately 8.5×10-3 s training time on average.  
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Figure 3.4.1 Balanced accuracy using one feature (wavelength) computed by decision tree classifiers 

plotted against wavelength features, for (a) bone cement vs. bone marrow, cartilage, cortical bone, 

trabecular bone, or the rest, respectively; (b) cortical bone vs. bone marrow, cartilage, muscle, trabecular 

bone, or the rest from top to bottom, respectively. Standard deviations are shown in shaded error bands. 

Acronyms: boneMarrow for bone marrow; cortBone for cortical bone; traBone for trabecular bone. 

3.4.3 PCA, LDA, and biPLS Feature Selection Frameworks 

The final 10 selected wavelength features from FS frameworks of PCA, LDA and biPLS 

overlaid on the SG smoothed original EWDRS spectra for boneCement vs. rest and cortBone 

vs. rest are shown in Fig. 3.4.2. As shown in Table 3.4.2 (Top), the final feature subset selected 

by the PCA FS framework jointly yielded balanced accuracy scores of 100% (train/validation) 

and 100% (holdout), 96.21 ± 1.39% (train/validation) and 94.78 ± 3.47% (holdout) for 

boneCement vs. rest, and cortBone vs. rest, respectively. The time required for one iteration of 

the PCA FS framework to complete was 0.64 and 21 min for bone cement and cortical bone as 

the positive class, respectively. SA optimization was only activated for cortBone vs. rest, which 

required longer time for the framework to complete. For LDA FS framework, the balanced 

classification accuracy scores were 100% (train/validation) and 100% (holdout), 98.41 ± 0.82% 

(train/validation) and 98.16 ± 2.02% (holdout) requiring approximately 0.16 and 1.1 min to 

complete for boneCement vs. rest, and cortBone vs. rest, respectively. For biPLS FS 

framework, the balanced accuracy scores were 100% (train/validation) and 100% (holdout), 

96.12 ± 1.39% (train/validation) and 95.80 ± 3.04% (holdout) requiring approximately 6.3 and 
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7.4 days to complete for boneCement vs. rest, and cortBone vs. rest, respectively. The most 

relevant features to the classification problem in the data domain are summarized in Table 3.4.2 

(Top) for the PCA, LDA and biPLS FS frameworks. 

 

Fig. 3.4.2 The final 10 selected features from FS frameworks of PCA (top), LDA (middle) and biPLS 

(bottom) on the EWDRS spectra for boneCement vs. rest (left) and cortBone vs. rest (right). Standard 

deviations are shown in shaded error bands. The arrows highlight spectra of different class labels in 

subfigures for each scenario. Acronyms: boneCement for bone cement; boneMarrow for bone marrow; 

cortBone for cortical bone; traBone for trabecular bone; PCA for principal component analysis; LDA 

for linear discriminant analysis; biPLS for backward interval partial least squares. 
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Table 3.4.2 Summary of the balanced accuracy scores using the top 1 and 10 wavelength features 

generated from PCA, LDA, biPLS and EFS frameworks for boneCement vs. rest and cortBone vs. rest, 

the averaged computation time for one entire framework (top), and the scores generated by EFS 

framework on the holdout dataset in the VIS and VIS/NIR ranges (bottom). Accuracy using the top 1 

wavelength was not applicable for Ensemble SB. Acronyms: PCA for principal component analysis; 

LDA for linear discriminant analysis; biPLS for backward interval partial least squares; SB for Spectral 

Band; LC for Least Collinear. 

(Top) boneCement vs. rest cortBone vs. rest 

FS Framework 

Balanced Accuracy (%) 
PCA LDA biPLS 

Ensemble 

VIS/NIR/SWIR PCA LDA biPLS 

Ensemble 

VIS/NIR/SWIR  

SB LC SB LC 

Top 1 

Wavelength 

Train/ 

Validation 
100 100 

99.98 

± 0.05 
100 100 

88.06 

± 2.15 

84.98 

± 2.23 

88.09 

± 2.15 
N/A 

88.13 

± 2.16 

Holdout 100 100 100 100 100 
87.31 

± 3.91 

83.69 

± 4.81 

87.36 

± 3.90 
N/A 

87.36 

± 3.89 

 
Top 

Feature 
1463 1424 1801 1457 1458 1211 1188 1207 1208 1209 

Top 10 

Wavelengths 

Train/ 

Validation 
100 100 100 100 100 

96.21 

± 1.39 

98.41 

± 0.82 

96.12 

± 1.39 

95.24 ± 

1.48 

96.56 

± 1.27 

Holdout 100 100 100 100 100 
94.78 

± 3.47 

98.16 

± 2.02 

95.80 

± 3.04 

93.74 ± 

3.24 

95.77 

± 3.16 

Computation Time (min) 0.64 0.16 9072 4.6 4.6 21 1.1 10656 4.6 4.6 

 

(Bottom) boneCement vs. rest cortBone vs. rest 

FS Framework 

Balanced Accuracy (%) 

Ensemble 

VIS/NIR 

Ensemble 

VIS 

Ensemble 

VIS/NIR 

Ensemble 

VIS 

SB LC SB LC SB LC SB LC 

Holdout 
99.94 ± 

0.19 
100 

98.99 ± 

0.77 
100 

92.07 ± 

3.44 

93.38 ± 

3.36% 

86.84 ± 

3.90 

91.95 ± 

4.09  

Top Feature 990 956 555 576 925 927 695 699 

3.4.4 Ensemble Framework of Feature Selection 

The final selection of 10 wavelength features overlaid on the SG smoothed original EWDRS 

in the VIS, VIS/NIR and VIS/NIR/SWIR ranges are shown in Fig. 3.4.3. For boneCement vs. 

rest and cortBone vs. rest, the selected spectral bands were centered around 555 and 695 nm in 
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the VIS range achieving 98.99 ± 0.77% and 86.84 ± 3.90%, 990 and 925 nm in the VIS/NIR 

range achieving 99.94 ± 0.19% and 92.07 ± 3.44%, and 1460 and 1200 nm in the 

VIS/NIR/SWIR range achieving 100% and 93.74 ± 3.24% balanced accuracy scores; the least 

collinear features collectively reached 100% and 91.95 ± 4.09 % in the VIS range, 100% and 

93.38 ± 3.36% in the VIS/NIR range, and 100% and 95.77 ± 3.16 % in the VIS/NIR/SWIR 

range, respectively, on the holdout dataset as shown in Table 3.4.2 (Top and Bottom). Optimal 

performance was discovered from using Ensemble LC and biPLS FS frameworks based on the 

high averaged accuracy over the two holdout sets for the top 1 and 10 features. The latter 

framework, however, required excessive computational effort. The final subset generated by 

Ensemble SB collectively yielded a narrow spectral band, making its deployment comparable 

to using the top feature. 

Fig. 3.4.4 (a-c) demonstrated the top 10 least collinear features on the x-axis ranked by 

contribution to class prediction for boneCement vs. rest (top) and cortBone vs. rest (bottom), 

as well as the balanced accuracy calculated using sequential inclusion of the ranked wavelength 

features. The accuracy scores reached the first plateau after including approximately 3-4 

wavelength features. Distribution of individual feature contributions on the prediction 

calculated by SHAP values is shown in Fig. 3.4.4 (d-e), where the vertical axis illustrated the 

10 features ranked in descending order of contribution and the SHAP value on the horizontal 

axis explained the association between the individual feature values and the level of their 

impact on the target prediction. The SHAP beeswarm summary plot visualized contributions 

from all instances determined by SHAP values on each feature row, which included 4215 and 

5000 single dots for boneCement vs. rest and cortBone vs. rest, respectively. The red and blue 

indicated high and low feature values, which corresponded to high and low measurements of 

the original DRS signal intensity, respectively. Positive and negative SHAP values represented 

positive and negative contribution by the exact amount in log odds as additive feature 

importance to the binary model output [0, 1], respectively. For example, an instance of 0.2, as 

quantified in SHAP value, indicated 0.2 additive feature importance. The 1458 and 1209 -nm 

features had the strongest effect on whether the prediction was bone cement and cortical bone 

in the two scenarios, respectively. For boneCement vs. rest, the model prediction was overall 

more likely to be bone cement when the DRS signal intensity increased for all of the 10 

wavelength features. This was reflected by the spectra in Fig. 3.4.3b, where the signal intensity 

of DRS measurements for bone cement was higher than those of biological tissues at the 

selected wavelengths. For cortBone vs. rest, although the distribution of SHAP values on each 
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feature row was more continuous, similar observations could be made and reflected by Fig. 

3.4.3(d). Specifically, a positive correlation was illustrated at wavelength features including 

1209 and 900 nm whereas wavelengths such as 1629 and 1850 nm displayed an inverse 

correlation with DRS signal intensity. In addition, one iteration of the EFS framework required 

approximately 4.6 min until completion on average. 

 

Figure 3.4.3 Savitzky-Golay (SG) smoothed original extended-wavelength DRS (EWDRS) spectra 

overlaid with the final 10 selected wavelength features as (a, c) spectral band and (b, d) the top least 

collinear features for boneCement vs. rest and cortBone vs. rest in the VIS (top), VIS/NIR (middle), 

and VIS/NIR/SWIR (bottom) spectral ranges, respectively. Standard deviations are shown in shaded 

error bands. Acronyms: boneCement for bone cement; boneMarrow for bone marrow; cortBone for 

cortical bone; traBone for trabecular bone. 
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Figure 3.4.4 Balanced accuracy computed by LDA with CV plotted against sequential inclusion of the 

ranked least collinear wavelength features for boneCement vs. rest (top x-axis) and cortBone vs. rest 

(bottom x-axis) in the (a) VIS, (b) VIS/NIR and (c) VIS/NIR/SWIR ranges. The underscored features 

indicated the two wavelengths approaching the first plateau. Distribution of individual feature 

contributions on the prediction by SHAP analysis is shown for (d) boneCement vs. rest and (e) cortBone 

vs. rest. The 10 features were ranked on the vertical axis in descending order of their contributions to 

prediction. The horizontal axis illustrates the impact level of individual features of high or low value 

related to positive or negative prediction. Acronyms: LDA for linear discriminant analysis; CV for 

cross-validation; SHAP for SHapley Additive exPlanations. 

 

3.5 Discussion 

The EWDRS dataset, created by collecting DRS measurements from ovine specimens of tissue 

types commonly encountered in orthopedics-related surgery, was explored via the KDD 

process to determine an optimal subset of wavelength features that provided sufficiently high 
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discriminative power, with the emphasis on identifying the positive class. To achieve this goal, 

in this work we implemented three conventionally used algorithms in spectroscopy, namely 

PCA, LDA and PLS, into discovery-orientated FS frameworks, and additionally constructed 

an EFS framework for comparison to understand domain knowledge and determine an optimal 

subset of wavelengths with high discriminative power for the positive class. 

Each of the four frameworks was designed to not only suit the study goal but also as a complete 

methodology that could be adapted to changes of class labels and used universally in different 

clinical scenarios. Disadvantages of individual algorithms were mitigated by implementing 

optimization techniques. In particular, the analysis aimed to select DRS wavelength features 

from the original data space that could classify bone cement or cortical bone, because the 

selected features would be utilized as the potential wavelengths of light source(s) in the 

subsequent optical instrumentation design to inform cement-to-bone and bone-to-tissue 

interfaces. This task could be accomplished by deploying an FS framework via solving 

classification problems. Data transformation would be undesirable and comparison of 

classification metrics on a transformed data space would generate falsities in our initial 

assumptions for the investigation. As a result, during data preprocessing, commonly used 

feature scaling techniques such as standardization and normalization, and spectral scaling 

techniques such as standard normal variate and multiplicative scatter correction were omitted 

to maintain the original EWDRS measurements. Algorithms involving data transformation 

such as PCA, LDA and PLS must be incorporated in a way that could permit FS for 

classification using the original features. As such, PCA, being unsupervised, was paired with 

a stochastic optimization technique in a wrapper-based manner to find PCs that jointly bore 

high discriminative power, on the assumption that 10 PCs could reveal important features in 

the original data space. The feature exclusion criterion of 20-nm separation was not only to 

match with the average full width at half maximum (FWHM) of a light-emitting diode (LED), 

but also to force separation between the selected features and therefore reduce 

multicollinearity. This was further refined by sequentially ranking and removing features of 

high correlation to the most relevant one. Another method to lessen computational cost and 

improve model interpretability for FS is to implement sparse PCA, which is a variant of the 

original PCA technique that introduces sparsity on the PCA regression coefficients (loadings) 

and thus retains only the most important features from the transformation261. For LDA and 

PLS, though being supervised, a moving-window approach starting at a narrow interval was 

employed to firstly ensure all relevant features were captured on the original data dimension; 
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secondly it helped alleviate the effect of multicollinearity by enforcing wavelength separation 

via the moving windows and manual deletions of adjacent features. This was an important step 

because the selected wavelengths needed to be sufficiently distinguishable and represented by 

light source(s) of sufficiently narrow bandwidths. Multiple iterations over different interval 

lengths and compositions of CV were also carried out to validate wavelength feature inclusion. 

In the case of LDA, the algorithm itself looks for maximized class separation, leading to 

clustered wavelength features in the EWDRS dataset, and therefore manually separating 

wavelength features yet also satisfying classification requirements were essential in the LDA 

FS framework to discover other contributors to class prediction in the rest of the spectral 

regions. For biPLS, although the classification results were comparable with other frameworks, 

a rigorous protocol using multiple algorithm conditions led to a prolonged evaluation time and 

was thus suboptimal practically in this case. 

Multicollinearity is a well-known property of DRS data for which it offers the advantage of 

selecting multiple different feature subsets that can achieve similar outcomes for classification 

problems in spectroscopy, enabling flexibility in hardware design. This behavior was 

demonstrated by the clusters of the selected features from all four FS frameworks over the same 

spectral regions, especially the top ranked features. However, the disadvantage is also self-

evident such that it deteriorates model interpretability, especially in models that involve data 

transformation, since the transformed features have lost physical representations thus resulting 

in less inferential model coefficients. Wavelength features selected by FS frameworks utilizing 

these coefficients became less representative as the potential wavelengths of light source(s) in 

hardware. Furthermore, we created the EFS framework comprising of three univariate filters 

and one tree model in a wrapper-based workflow without involving data transformation. The 

EFS framework produced another final subset of 10 wavelength features that offered 

comparable balanced accuracy scores as to using all features, which could be further reduced 

to only include 3-4 wavelength features since the rest contributed little additional benefits. The 

EFS was constructed with acceptable computational complexity where the algorithm itself was 

simple and the computational time was sufficiently fast. 

An optimized FS framework for deployment in subsequent development should also be 

implemented with feature engineering techniques so that collinear features offering similar 

information will be merged into one new feature, and therefore decrease computational burden 

and redundant outcomes. The tradeoff between the number of wavelength features and 
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classification accuracy should also be considered to optimize instrument complexity and cost. 

In addition to using original DRS data, other conventional methods such as calculations of first 

and second derivatives could also provide decisive information to aid with FS in spectroscopy. 

On the other hand, one feature classification using decision tree classifier can provide insights 

to understanding the full data domain. This method offered the opportunity to directly illustrate 

how independent wavelength features contributed to classification. In the case of this EWDRS 

dataset, the balanced accuracy curves along the full spectral range partially reconstructed the 

absorption spectra of tissue chromophores, suggesting that the difference of optical absorption 

between two classes could be a major contributor to the classification prediction and bear 

sufficient discriminative power. Prominent absorption peaks were identified for tissue 

biomarkers such as collagen, lipid and water in the SWIR range as well as different forms of 

hemoglobin (Hb) in the VIS/NIR range. For classification between cortical bone of dense 

composites versus other softer biological tissues in Fig. 3.4.1b, absorption signatures of lipids 

at 1210 nm, collagen at 1200, 1500 and 1725 nm, and water at 1440 nm were outlined by higher 

balanced accuracy with some contribution from Hb at 576 nm192. Similarly for classification 

between bone cement (non-biological) vs. biological specimens, not only the difference 

between collagen, lipid and water contents played a significant role in the SWIR range but also 

the region between 500 – 600 representing Hb absorption was recognized. It was essentially 

the lack of these tissue chromospheres in the non-biological specimens that contributed to the 

selection of the wavelength features over the region where the biological specimens exhibited 

stronger absorption and hence lower reflectance, amplifying the difference in signal intensity 

between the two classes. However, one feature classification evaluates each feature 

independently, in which assumptions of the method does not rigorously permit the conclusion 

that joining multiple independent wavelength features can also result in equivalent 

classification scores. The method itself was intuitive and simple to perform but, with the 

amount of CV embedded, it required more time than the EFS framework for execution. 

To enhance understanding of the wavelength selection presented in Fig. 3.4.2, it is necessary 

to examine the role of the prominent biological chromophores in affecting diffuse reflectance. 

For instance, in the VIS-NIR range normally defined as 400 to 1000 nm, the oxygenation states 

of Hb is an important indicator that reveals tissue function, composition or structure, which 

optically exhibit a primary absorption peak at around 414 nm with secondary peaks at around 

543 and 577 nm for oxygenated Hb, and for deoxygenated Hb, a primary peak at around 433 
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nm and a secondary peak at around 556 nm. In the SWIR region, collagen, lipid and water 

contents are significant absorbers. Specifically, collagen displays absorption peaks at around 

1200, 1500, 1725 nm, and a shoulder at around 1690 nm; lipids at around 920, 1040, 1210, 

1430, 1730 and 1760 nm; and water at around 970, 1180, 1430, 1930 and 1975 nm192. The 

study has also indicated that DRS measurements in the SWIR region could potentially offer 

increased sensitivity to detecting water and lipid contents for various clinical applications 

including cancer diagnoses, burn, and atherosclerotic plaque due to the corresponding 

differences in their distinct absorption coefficients at each peak.  

For this study, the four FS frameworks, which highlighted the observation that absorption of 

tissue chromophores contributed to class prediction, considered the correlations in between the 

final 10 selected wavelengths, where they jointly formed the most suitable subset for the 

classification problem. Although PCA, LDA and biPLS are different algorithms in principle, 

FS frameworks implementing them systematically selected similar wavelengths as the most 

relevant features in cortBone vs. rest including 1211, 1188 and 1207 nm of less than 25 nm 

apart, corresponding to one signature absorption peak of lipid, where the difference in balance 

accuracy was statistically insignificant as shown by the standard deviations in Table 3.4.2 

(Top). The fine resolution calculated by FS frameworks might not be precisely distinguished 

by hardware in practice given that the FWHM of an average LED is around 20 – 30 nm. The 

minimal difference between the three selected wavelengths could also be caused by the limited 

resolution of the DRS system. In some cases, LEDs of larger FWHM widths could be preferred 

over laser diodes of narrower bandwidths, since by encompassing more wavelengths such as 

the spectral band resulted from EFS framework covering 1200 – 1216 nm Fig. 3.4.4c the 

balanced accuracy was improved from 88% to 94%. For boneCement vs. rest, PCA and LDA 

FS frameworks both selected wavelengths at around 1460 nm corresponding to one prominent 

absorption peak of water, of which the behavior was also reflected by the spectral band 

generated from the EFS framework. The biPLS FS framework however chose the top 

wavelength in the farther SWIR region at 1800 nm, and the final subset of 10 features did not 

include features around 1460 nm. Balanced accuracy was nevertheless comparable. Such 

observations not only demonstrated multicollinearity in the EWDRS dataset but also implied 

drawbacks of implementing algorithms that involved data transformation. Specifically, the FS 

frameworks firstly identified all-relevant features via the core algorithms, namely based on 

PCA to search for maximized class variance, LDA to search for maximized class separability 

and PLS to search for a linear regression between features and class labels on a projected lower 
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dimension. The initial pool of all-relevant features was created through the computation 

process that satisfied the principles and conditions of the core algorithms, which might not 

necessarily translate to high classification scores in the original data space even with 

implementation of optimization techniques. 

Secondly, the frameworks were designed to remove collinear features from the pool of all-

relevant features, which discarded wavelength features that were not only adjacent on the 

spectrum but also bore similar discriminative strength, leading to a final subset of 10 selected 

features that potentially contained features of minimal predictive power but were still relevant. 

Wavelength selection from the three FS frameworks in Fig. 3.4.2 included features that did not 

correspond to specific signatures of prominent absorbers present or lacking in biological 

tissues. They were considered relevant in the original data space presumably due to the 

difference in signal intensity, namely the amount of tissue chromophores contained in the 

specimens leading to different levels of diffuse reflectance. For example, the features selected 

by the LDA FS framework included wavelengths in the 800 – 1000 nm range, over which 

prominent tissue chromophores such as collagen, Hb, lipid and water demonstrate broader 

absorption spectra. In general, the final subset of wavelength features tended to largely fall 

towards the SWIR region of 1100 – 1800 nm, especially for boneCement vs. rest, with some 

selection from the VIS region of 400 – 600 nm Fig. 3.4.2 and Fig. 3.4.3. The observation 

suggested that the higher level of diffuse reflectance signal in addition to the absorption 

signatures in the SWIR region contributed greater predictive power than absorption alone in 

the original DRS data space. During orthopedic surgery involving a low level of active 

bleeding, this behavior in fact demonstrated utility of the SWIR region as the illumination 

wavelengths over which Hb exhibited minimal absorption, and offered advantages as to 

reducing the effect of blood contamination on DRS measurements. Moreover, LDA was used 

both as a classifier and as part of the FS framework, which could contribute to the highest 

balanced accuracy on the final feature subset because the selection was tailored to this specific 

classifier resulting in an improved model performance. 

A similar trend was also observed in the EFS framework. The EWDRS dataset might not 

contain as many important features that were both relevant to classification and unique to each 

other. The final subset of the least collinear features therefore included relevant features with 

minimal predictive power, rendering the order of features within the rank crucial. The first 

feature in the rank offered the greatest weight to classification whereas the lower ranked 
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features provided minimal contribution. This could be seen in Fig. 3.4.4 (a-c), where the 

balanced accuracy curves reached the first plateau with inclusion of the first 3 – 4 features 

though the increase in balance accuracy was statistically insignificant due to overlapping error 

bars in Fig. 3.4.4c. For cortBone vs. rest, the final subset of 10 least collinear features reached 

the highest balanced accuracy in the VIS/NIR/SWIR range when the input data to the EFS 

framework included all features. Increase of the classification score was observed as more 

features in the NIR and SWIR ranges were gradually added for evaluation using the EFS 

framework. A comparable pattern was shown for boneCement vs. rest, though a 100 % 

balanced accuracy was individually achieved in the three spectral ranges with inclusion of all 

10 least collinear features. The least collinear features however formed clusters at certain 

wavelengths in the VIS and VIS/NIR ranges for both scenarios in Fig. 3.4.3 (b, d), suggesting 

that there were not as many important and distinct features of high discriminate power in the 

spectral range, over which it might be less suitable to select representative wavelength features 

from for this classification problem. Furthermore, the final subset of the least collinear features 

included wavelengths that did not correspond to distinct absorption signatures, indicating that 

they were rather selected as a result of maximized difference in signal intensity. For example, 

the EFS framework selected spectral bands at which the difference in signal intensity was 

maximized inside the VIS (top) and VIS/NIR (middle) ranges for both scenarios in Fig. 3.4.3 

(a, c). Contribution of Hb absorption was only deemed important to classification when 

multicollinearity removal was required. This was seen in the VIS (top) and VIS/NIR (middle) 

ranges in Fig. 3.4.3 (b, d), where wavelengths at around 550 nm were included in the final 

selection as compared to Fig. 3.4.3 (a, c). Lastly, both the final subsets of a spectral band and 

the least collinear features tended to include wavelengths in the SWIR region of 1100 – 1800 

nm, further illustrating that not only the higher level of diffuse reflectance signals but also the 

increase in absorption sensitivity of water and lipid contents played an important role to 

classification in both scenarios. Contribution of Hb in the DRS measurements could be one of 

the top factors that interfered with classification accuracy and thus its absorption signatures 

were not selected as features of sufficient discriminative power. In the literature, R. Gunaratne 

et al.193 concluded that wavelength features with the most discriminative power largely existed 

in the spectral range of 370 – 470 nm and 800 – 1010 nm where Hb, water and lipid could be 

major contributors to classification, corresponding to the findings in our study. 

Limitations of this work stemmed from dataset creation, which was specifically designed for 

data mining and was measured in a static laboratory environment. The exact results might not 
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be generalizable to other situations such as an ongoing surgery involving active bleeding or a 

different experimental setup generating new DRS datasets. Under such circumstances, rigorous 

data preprocessing will be required to standardize and normalize across different datasets, and 

new features or class labels will need to be engineered to address external environmental 

factors. It is nevertheless believed that the FS frameworks described here can be adapted to 

new scenarios of changed class labels with little modification, given that the usage is justified 

and assumptions of the algorithms are met. For future directions, the selected wavelengths from 

the FS framework including 1210 nm to inform the bone-to-tissue interface and 1460 nm to 

inform the cement-to-bone interface will be validated in a laboratory setting mimicking an 

orthopedic operation, and subsequently implemented in the optical probe as the light sources 

for further translational experiments in in vivo subjects. It is envisioned that an ML system will 

be established based on one-class classification to specifically identify bone cement during 

cement removal procedures. The initial train/validation dataset of bone cement in various 

conditions will be collected including ageing, blood contamination and PBS hydration at body 

temperature. The ML system shall be able to re-train itself iteratively given new data and polish 

its classification prediction.   

                      

3.6 Conclusions 

The present work described four different FS frameworks designed for tissue differentiation in 

the field of orthopedics to select important wavelength features in the EWDRS dataset. Three 

FS frameworks were constructed by implementing conventionally used algorithms including 

PCA, LDA and PLS to identify important features for classification, while the other was 

formulated via an ensemble approach to achieve the same goal without involving data 

transformation. All frameworks generated comparable results and model performance; in 

particular, the EFS framework was able to generate more interpretable models as well as being 

more efficient on algorithm and time complexity. The final subset of 10 selected features 

contained not only wavelengths corresponding to prominent absorption peaks of major tissue 

chromophores such as Hb, water, lipid and collagen at around 600, 1200, 1400 and 1500 nm, 

but also wavelengths at maximized difference of signal intensity to further improve 

classification accuracy. In the future, the EFS framework will be adapted to an application-

specific scenario where it will be used as a rigorous basis for determining light source(s) and 
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fast-track optical design in the subsequent stage of instrumentation for bone cement removal 

guidance in rTHA surgery. 

 

3.7 Code, Data, and Materials Availability 

The EWDRS dataset used for the analysis is available in a public Github repository or Zenodo 

repository (DOI: 10.5281/zenodo.7554759) all licensed under CC-BY-NC-SA-4.0: 

https://github.com/Biophotonics-Tyndall/PUB-FeatureSelectionDataset.git.  

The code in .ipynb format used to generate the results and figures is available in a public Github 

repository or Zenodo repository (DOI: 10.5281/zenodo.7554778) all licensed under CC-BY-

NC-SA-4.0: 

https://github.com/Biophotonics-Tyndall/PUB-FeatureSelectionCode.git. 

Supplementary material can be found in a public Github licensed under CC-BY-NC-SA-4.0: 

https://github.com/Biophotonics-Tyndall/PUB-FeatureSelectionSuppl.git. 

The authors intend to submit a complementary Data Descriptor article to Scientific Data 

subsequently upon acceptance of this article. 

 

Following the successful development of DRS feature selection frameworks and the 

identification of discriminative DRS wavelengths, the focus of the next chapter shifts to the 

predictive capability of DRS measurements. For bone drilling especially in cranial bones, 

important DRS wavelength features for depth prediction in hard tissues are explored. The next 

chapter demonstrates the potential of DRS to effectively predict lookahead distances in cranial 

bones, providing insights into the clinical translation of DRS technology in bone-related 

surgical applications.  

 

  

https://github.com/Biophotonics-Tyndall/PUB-FeatureSelectionDataset.git
https://github.com/Biophotonics-Tyndall/PUB-FeatureSelectionCode.git
https://github.com/Biophotonics-Tyndall/PUB-FeatureSelectionSuppl.git
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Chapter 4  
Depth prediction in cranial bones using diffuse 

reflectance spectroscopy for craniotomy 

4.1 Chapter Overview 

This chapter introduces the concept of depth prediction using spectral data collected in Chapter 

2. The primary objective of this chapter is to demonstrate the feasibility of predicting lookahead 

distance in hard tissues using diffuse reflectance spectroscopy data.  

Removal of cranial bone flaps, which is often required in neurological surgery via craniotomy, 

is frequently performed using surgical drill perforators to create burr holes in the skull. 

Associated risks with drill plunging can be life-threatening to the patients. In this ex vivo study, 

we investigated the feasibility of diffuse reflectance spectroscopy (DRS) to predict lookahead 

distance in cranial bones as a potential safety measure during craniotomy. The dataset was 

established by collecting DRS measurements from stepwise drilling of fresh porcine skulls, 

and subsequently corrected by oversampling techniques. Wavelength features including 450, 

700 and 1200 nm each with a ± 25-nm range were selected to reduce computational burden. 

Linear discriminant analysis (LDA), random forest (RF) and K-nearest neighbors (KNN) were 

deployed to compare classification accuracy scores between all versus selected features (LDA: 

88% and 88%; RF: 91% and 90%; 82% and 82%, respectively). Monte Carlo simulation was 

employed for diffuse reflectance simulation at selected wavelengths to determine the thickness 

of the skull at which DRS signals started to change. Partial least squares (PLS) regression and 

feedforward neural networks (FNN) were used to construct prediction models for skull 

thickness ranging from 1 to 5 mm away from the brain, yielding a root mean squared error 

regression loss of 0.08 and 0.06 mm from PLS, and 0.2 and 0.1 mm from FNN for all versus 

selected features, respectively. The potential of DRS to predict lookahead distance in cranial 
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bones was demonstrated in this study. Future studies will focus on comparison of different 

DRS probes and integration into surgical devices. 

This chapter is based on the original research (in progress as of the time of writing): 

(In progress) Li CL, Fisher CJ, Komolibus K, et al. Depth prediction in cranial bones using 

diffuse reflectance spectroscopy for craniotomy. Biomed Opt Express. 2024.  
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4.2 Introduction 

In neurological surgery, adequate access to the inside of the cranium is routinely required by 

the surgeon to resect malignancies or repair abnormalities. The removal of cranial bone flaps 

is often performed through traditional craniotomy or craniectomy using surgical drill 

perforators, thus creating burr holes in the skull to expose the brain262. Although such 

procedures are necessary and beneficial for a wide range of conditions from cancer to traumatic 

injuries, the inherent risks associated with removing part of the skull can lead to life-threatening 

complications in the post-operative setting, including but not limited to external cerebral 

herniation, intracranial hemorrhage and epilepsy263,264. Moreover, intraoperative risks related 

to the mechanical operation of the cranial drill can pose uncertainties to the surgical outcome. 

Plunging, namely a sudden increase of drilling speed and depth in an uncontrolled manner 

towards the brain, is one of the top concerns that can cause severe penetrating injuries such as 

dura mater laceration and cerebral contusions265. Several studies have also indicated that the 

event of plunging is underreported, and records showed sufficient prevalence with an 

occurrence rate of as high as 66% for a singular experience and 22% for more than one 

encounter266,267. 

In the past few decades, technical advancements have moderately optimized operational 

performance of surgical drills for craniotomy by introducing safety measures such as a 

mechanical clutch design. For instance, a commercial electric dual-motor drill with real-time 

monitoring of drilling depth and torque was assessed by Welcome et al., which demonstrated 

improved accuracy and precision of burr holes as compared to a manual hand drill151. Our 

group developed an optically enhanced cranial perforator by implementing diffuse reflectance 

spectroscopy (DRS) detection sensors as a real-time feedback system to inform the bone-to-

brain boundary while simultaneously terminating the drill, yielding a success rate of 88%268. 

The use of DRS, which is a point-based optical technique that measures reflected light off 

samples of interest using a broadband illumination light source, has been widely investigated 

in various pre-clinical and clinical studies for tumor detection or boundary detection due to 

relatively lower cost and easy integration with surgical instrumentation269,270. 

Despite the research effort to address the risk of plunging during cranial drilling, the number 

of studies published in recent years is still very limited in the field. One challenge remains in 

predicting the lookahead distance of the drilling trajectory, which is especially important for 

the path transitioning from hard to soft tissues. With advances in machine learning (ML) and 
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deep learning (DL) model constructions, optical methods such DRS can offer an optimal 

opportunity to achieve sufficiently accurate depth prediction, since DRS measurements are 

generated based upon wavelength-dependent optical properties, which could be utilized to 

approximate the distance between the brain and the perforator. In the literature, prior research 

focused on Monte Carlo simulations using two- or multi- layered tissue models to extract tissue 

optical properties and parameters271,272. One recent study employed DRS to predict the 

thickness of top layer in a two-layer model using tissue-mimicking phantoms and ex vivo soft 

tissues, of which the results were compared with ultrasound imaging273. The depth prediction 

model based on DRS achieved a maximum accuracy of 0.35 mm with classification accuracy 

scores of 95% and 99% for the top and bottom layers, respectively. 

In this present study, we aim to investigate the maximal lookahead distance that DRS alone 

can accurately predict in the cranial bone using Monte Carlo (MC) simulations, as well as ML 

and DL models. To achieve the primary goal, three objectives are defined, which are 1) To 

select the most discriminative DRS wavelength features for depth prediction using feature 

selection frameworks previously developed by our group200; 2) To determine the theoretical 

lookahead distance that DRS could potentially inform by using MC simulations; 3) Based on 

the previous study on successful detection of immediate bone-to-brain boundaries268, to 

examine and compare the classification and regression metrics for depth prediction using 

selected features versus all features. 

4.3 Materials and Methods 

All experimental procedures were conducted in accordance with regulatory requirements at 

Tyndall National Institute, Cork, Ireland. Data analysis was performed using the Python 

Programming Language Version 3.11.5 (Python Software Foundation, 

https://www.python.org/) and MATLAB (R2023b, The MathWorks Inc., Natick, 

Massachusetts, USA, https://www.mathworks.com). Experimental workflow was summarized 

in Fig. 4.3.1(a). 

4.3.1 Experimental Setup 

Specimen preparation, data acquisition and data pre-processing were described in detail in our 

previous publication154. In short, fresh ex vivo porcine heads (n = 5) were acquired from a local 

butcher store in Cork, Ireland, and measured immediately post-delivery. Two commercialized 

spectrometers were utilized with broadband illumination for DRS measurements between 355 

https://www.python.org/
https://www.mathworks.com/
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to 1850 nm, containing 1531 wavelength channels. Stepwise drilling of porcine skulls was 

performed manually using a commercialized surgical drill. DRS was measured at each stepwise 

stop until plunging into the cranium. Depths were measured by a digital caliper to indicate the 

thickness of the skull, which ranged from 0 (brain) to 25 (surface) mm at a step size of 1 mm. 

There were in total 23 and 79 measurements of the brain tissues (grey matter) and different 

thicknesses of the skulls, respectively, with corresponding labels. Standard normal variate 

(SNV) transformation was applied to the dataset to normalize signal intensities and correct 

multiplicative scattering effects prior to data analysis. 

4.3.2 DRS Feature Selection 

To enhance computational robustness, DRS feature selection was performed via two selection 

strategies, targeting at wavelengths that bear the highest discriminative power for binary 

classification between brain tissues and cranial bones. The first method was based on the three 

feature selection frameworks incorporating principal component analysis, linear discriminant 

analysis (LDA) and ensemble approach developed previously by our group200. Common 

features generated from the three frameworks were selected. The second method was based on 

the spectral difference between DRS measurements of brain tissues and cranial bones at 

different depths, calculated by Equation (1): 

𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 𝑺𝑑𝑒𝑝𝑡ℎ − 𝒔𝑏𝑟𝑎𝑖𝑛    (1) 

where 𝑺𝑑𝑒𝑝𝑡ℎ denotes an 𝑚 × 𝑛 matrix containing 𝑚 number of averaged DRS measurements 

per depth level of the skull and 𝑛 number of wavelength features, and 𝒔𝑏𝑟𝑎𝑖𝑛 denotes a 1 × 𝑛 

row vector containing averaged DRS measurements of brain tissues. With DRS signals of brain 

as the reference spectrum, the selection criteria were pre-defined as spectral regions of the 

maximum, all positive and all negative differences. Selected features with a ± 25-nm range 

were included in the downstream analysis. Overlapping features were treated as belonging to 

the same selected spectral region. 

4.3.3 Monte Carlo simulation 

To model light transport in turbid media, Monte Carlo eXtreme (MCX) was implemented to 

generate simulated diffuse reflectance signals at the selected wavelengths in a 3D 4-layered 

head model comprising skull of 20 mm, cerebrospinal fluid (CSF) of 5 mm, grey matter (GM) 

of 10 mm and white matter (WM) of 25 mm274. The theoretical lookahead distance was 
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determined by identifying the critical depth where the simulated diffuse reflectance began to 

change significantly with respect to the thickness of the skull as drilling approached the brain 

layer. The injected photon package number was 5 × 107 . There was one source and one 

detector included with a separation distance of 1 mm to simulate the optical probe used in the 

experiments. The optical parameters for MC simulations at the selected wavelengths were 

found from the literature194,275,276 (Table 4.3.1), including absorption coefficient (𝜇𝑎), reduced 

scattering coefficient ( 𝜇𝑠
′ ), refractive index (n), and anisotropic factor (g). The optical 

parameters of CSF were represented as generic values averaged from published studies276–279. 

The refractive index and anisotropic factor of the environment outside of the skull were set to 

1.46 and 1, respectively. Table 4.3.1 summarizes the optical parameters used in the 4-layered 

head model for MCX simulations at approximately the selected wavelengths, excluding 1463 

nm due to the lack of reference. 

Table 4.3.1 Summary of optical parameters used in the 4-layered head model for MC simulations at 

450, 700, 1200 and 1400 nm. 

Tissue Type 𝝀 (𝒏𝒎) 𝝁𝒂 (𝒎𝒎−𝟏) 𝝁𝒔
′  (𝒎𝒎−𝟏) g n 

Skull 

450 0.0942  2.43 

0.89 1.37 

700 0.00436 1.45 

1200 0.0879 0.988 

1400 0.860 0.905 

CSF Generic 0.00288 0.0100 0.89 1.37 

GM 

450 0.403 2.05 

0.89 1.37 

700 0.0139 1.05 

1200 0.0998 0.523 

1400 0.972 0.606 

WM 

450 0.102 10.7 

0.84 1.37 

700 0.00967 7.69 

1200 0.122 4.75 

1400 0.915 4.21 
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4.3.4 Class Imbalance Correction 

Due to the existing class imbalance, a resampling strategy was developed to oversample classes 

that were underrepresented in the SNV-transformed dataset. The strategy framework consisted 

of firstly Random Over-Sampling Examples (ROSE)280 and secondly the Synthetic Minority 

Oversampling Technique (SMOTE)281. ROSE was used to oversample each class with 

replacement to contain 10 samples of DRS measurements. Shrinkage, a hyperparameter used 

to control the degree of dispersion, was set to 0.7 to generate relatively close-spaced sample 

points. The original SMOTE was then applied to the ROSE-oversampled dataset, increasing 

the number of samples to 100 per class. Feature selection was performed in advance of 

oversampling to prevent data leakage. 

4.3.5 Classification 

The quality of DRS feature selection was validated by comparing classification accuracy scores 

computed from using all features versus selected spectral regions on the oversampled dataset. 

Oversampling for classification was performed similarly using the same ROSE-SMOTE 

strategy, where all DRS measurements on brain and cranial bone were grouped accordingly 

and oversampled to 100 per class. Three classification models were employed, which were 

LDA as a linear learner, random forest (RF) as an ensemble bagging learner and K-nearest 

neighbors (KNN) as an instance-based learner. The One-vs-Rest (OvR) strategy was 

implemented for binary classification between class labels of brain versus all the rest depth 

levels. Cross validation (CV) was set to stratified 10 folds with 10 repeats. 

4.3.6 Lookahead Distance Prediction 

The upper limit of lookahead distance predicted using DRS measurements was decided based 

on the critical depth value generated from MC simulations at the selected wavelengths. Due to 

the continuous and linear nature as drilling towards the brain, regression techniques were 

chosen for the task, which included partial least squares (PLS) regression and feedforward 

neural networks (FNN). Selected wavelength features were used in the analysis and compared 

with using all features. The holdout dataset of 20% was split out prior to analysis. Coefficient 

of determination (𝑟2) and root mean squared error regression loss (RMSE) were reported as 

the metrics of model performance on both the training and holdout datasets. For PLS 

regression, CV was set to 10 folds with 10 repeats on the training dataset. For FNN, the number 
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of epochs was set to 1000. CV was not implemented due to the limited size of the dataset. PLS 

regression and FNN model summary were shown in Fig. 4.3.1(b). 

 

Figure 4.3.1 Experimental workflow. (a) Flowchart of data acquisition, pre-processing and analysis. 

DRS feature selection frameworks can be found in200. (b) Model summary for PLS regression and FNN. 

 

4.4 Results and Discussion 

In this work, DRS data was investigated to predict lookahead distance in cranial bones for 

craniotomy. Feature selection techniques were employed to reduce not only computational 

burden by removing data redundancies, but also instrumentation complexity by selecting 

specific wavelength ranges that bore high discriminative power as illumination light sources 

for future translational studies. Fig. 4.4.1 illustrates the selected wavelength features via the 

two strategies based on spectral change and the three selection frameworks. There were overall 

four important regions identified, which included 400, 700, 1200 nm and in between 1400 and 

1460 nm, all with a ± 25-nm range. The maximum, all positive and all negative spectral 

differences between brain and cranial bone were found at 414, 1463 and 1200 nm, respectively, 

which were entirely dependent on the spectral characteristics of the SNV-transformed dataset 

(Fig 4.4.1a). One additional feature was identified at 1400 nm, highlighting the cross-over 

region with the reference spectrum (GM, brain). The three feature selection frameworks 
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outlined two spectral regions, including 700 and 1200 nm (Fig 4.4.1b). One outlier at 760 nm 

was merged with the closest feature. The 450 and 700 -nm regions correspond to the absorption 

troughs of oxy- and deoxy- hemoglobin in the visible and near infrared windows, while the 

1200 and 1400 -nm regions correspond to the absorption peaks of lipids192,282. In practice, given 

that lipid contents are one of the major differences in composition between brain and cranial 

bone, the selection is advantageous such that thickness prediction would be primarily 

dependent on the differences in lipid contents with minimized signal contribution from blood. 

The criterion for this feature selection task, which was to discover discrimination features 

between brain and bone via binary classification, was determined based on the assumption that 

the depth information through DRS is mostly provided by the second layer (GM, brain) as the 

reference in a geometry that broadly resembles a two-layer model. In the ideal situation where 

the perforator never plunges into the cranium while approaching closer and closer to the brain, 

the change of DRS signals with respect to the thickness of the first layer (cranial bone) is 

established upon the combination of the optical properties of both layers and would vary greatly 

if the second layer were changed. 

 

Figure 4.4.1 The selected wavelength features for the OvR binary classification on the SNV-

transformed DRS dataset between brain and cranial bone implementing (a) calculation of spectral 

difference showing features that satisfy user-defined criteria, with one additionally identified feature; 

and (b) feature selection frameworks based on PCA, LDA and ensemble approach. Number of pig heads 

= 5; number of drilled holes = 11; number of DRS measurements = 102. 

Fig. 4.4.2 shows the MCX simulated diffuse reflectance as a function of skull thickness with 

distribution of fluence rate at surface for the corresponding wavelengths. The critical depth at 

which the DRS signal began to decrease significantly was estimated to be approximately 5 mm 

away from the CSF layer at 450, 700 and 1200 nm, while the simulated reflectance exhibited 

an opposite behavior at 1400 nm. The signal level decreased to the lowest point at CSF and 
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increased back to approximately 50% of the maximum level once the brain layer was reached. 

Additionally, the porcine skulls used in the experiments lacked the CSF layer due to the severed 

necks. As a result, to prevent confusion in the regression models, the upper limit for predicting 

lookahead distance based on DRS was theoretically determined to be 5 mm and lower limit to 

be 1 mm just prior to plunging. Spectral region around 1400 was also excluded from regression 

analysis due to the reversed behavior. The increment resolution was configured to 1 mm, 

providing sufficient time and distance for the drill to come to a full stop. 

The OvR binary classification accuracy scores using LDA, RF and KNN classifiers on the 

ROSE-SMOTE oversampled dataset were summarized in Table 4.4.1 for all versus selected 

wavelength features. The three supervised learners were chosen to diverse the classification 

approaches for robustness, which represented different underlying assumptions and algorithms 

such that LDA utilizes a linear combination for class separations, RF relies on bootstrap 

aggregation of sub-decision trees via ensembles, and KNN is instance-based that defines class 

membership by votes of neighbors. The resulting classification accuracy scores showed 

similarities with overlapping standard deviation ranges among the three classifiers, suggesting 

that the existing pattern in the dataset was consistent with straightforward separations. Another 

possibility for such behaviors could be stemming from overfitting, which should be largely 

avoided with the amount of CV implemented in classification. By comparing selected with all 

features, consistent accuracy scores were also observed, indicating that the selected features 

held the most discriminative power and thus became representative in this classification task 

for downstream analysis to mitigate the curse of dimensionality in ML. 

 

Figure 4.4.2 Monte Carlo simulations of diffuse reflectance as a function of skull thickness (left) and 

fluence rate distribution (right) at (a) 450, 700, (b) 1200 and 1400 nm in the four-layered head model 

with separations shown at the bottom right. 
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Table 4.4.1 OvR binary classification accuracy scores between brain and cranial bone using LDA, RF 

and KNN classifiers on the ROSE-SMOTE oversampled dataset with all and selected wavelength 

features. 

Accuracy (%) All Features Selected Features 

LDA 88.3 ± 7.69 88.0 ± 8.06 

RF 91.2 ± 5.57 89.8 ± 6.42 

KNN 82.1 ± 7.49 82.0 ± 8.54 

Fig. 4.4.3 and 4.4.4 show the predicted thickness of cranial bone by PLS regression on the 

training dataset and FNN on the holdout dataset using all features versus selected features 

plotted against the true thickness, respectively. Regression metrics on the training and holdout 

datasets of the ROSE-SMOTE oversampled dataset were summarized in Table 4.4.2. Values 

were rounded up to three decimal places. By comparing both 𝑟2 and RMSE of CV, regression 

performance of selected features was slightly improved from using all features. No signs of 

overfitting were observed by comparing results on training and holdout/validation datasets in 

cross validation. Standard deviations were generated from CV and repeated testing. The value 

of  𝑟2 was unavailable for FNN on the training dataset. PLS regression slightly outperformed 

FNN on this dataset to predict lookahead distance. In particular, as comparing to FNN, PLS 

regression is more proficient in handling comparatively smaller datasets, and addressing 

multicollinearity, which is a common phenomenon in spectral data200. To prevent limitations 

such as overfitting, FNN conversely requires larger datasets for better performance.  

Furthermore, some of the predicted thicknesses tended to be greater than the true thicknesses 

in the PLS model (Fig. 4.4.3a,b) and the FNN model (Fig. 4.4.4a) with a few outliers. One 

possible explanation for the observation could be attributed to influential outliers leading to 

biased predictions. Such a disadvantage in the regression analysis could be alleviated by 

increasing the dataset size by experiments and thus reducing the amount of oversampling. In 

clinical settings it would be preferred to underestimate (lower than true values) in the 

monitoring phase to allow for more time to stop and thereby ensure drilling safety. 
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Figure 4.4.3 PLS regression showing the predicted compared to the true thickness of the cranial bone 

ranging from 1 to 5 mm on the ROSE-SMOTE oversampled dataset with (a) all features and (b) selected 

features. 

 

Figure 4.4.4 FNN showing the predicted compared to the true thickness of the cranial bone ranging 

from 1 to 5 mm on the ROSE-SMOTE oversampled dataset with (a) all features and (b) selected 

features. Validation loss is shown on the bottom panel. 

 

 

 

FNN FNN 
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Table 4.4.2 Summary of regression metrics from PLS and FNN for all features and selected features 

on the ROSE-SMOTE oversampled dataset. Values were rounded up to three decimal places. 

  All Features Selected Features 

 Train Holdout Train Holdout 

PLS 

𝑟2 0.997 ± 0.002 0.997 0.998 ± 0.001 0.997 

𝑅𝑀𝑆𝐸 (mm) 0.073 ± 0.019 0.078 0.052 ± 0.019 0.059 

FNN 

𝑟2 N/A 0.982 ± 0.001 N/A 0.987 

𝑅𝑀𝑆𝐸 (mm) 0.127 0.188 ± 0.004 0.194 0.113 ± 0.001 

On the other hand, the role of oversampling in this study was crucial as it corrected class 

imbalance in the dataset, where the number of DRS measurements at each thickness of cranial 

bone was significantly lower than that of brain. For instance, classification model performance 

was improved from accuracy scores of 50 – 60% pre oversampling to 80 – 90% post 

oversampling. The underrepresented class was learnt more efficiently by the models with less 

bias based on a larger dataset. Because of data sparsity in the original dataset, oversampling 

additionally increased model stability and reduced variability for the regression analysis. 

Despite the advantages, overfitting can be a major issue that leads to loss of model diversity, 

inability to capture underlying patterns and poor generalization on unseen data. This could be 

mitigated by setting hyperparameters to produce closer-spaced data points and limit the size of 

oversampling. One major disadvantage present in the study was the limited number of 

measurements per class. Data leakage would be observed during the process of train test split 

after oversampling, where the small dataset of original measurements was replicated and 

distributed leading to severe bias. For instance, the prediction at 1 mm was particularly less 

scattered as compared to the rest, because the original number of measurements prior to 

oversampling was low. No treatment was performed to split the original dataset therefore 

leading to data leakage. Techniques such as data split before oversampling, leave-one-out cross 

validation and increasing the dataset should be implemented to correct the issue.  In any case, 

the feasibility of DRS to predict lookahead distance was demonstrated using existing data. 

More generalizable prediction models could be built with larger datasets. 

In addition, the maximum lookahead distance predicted by DRS in cranial bone would be 

influenced considerably by the source-to-detector separation distance on the probe. Based on 

MC simulations, greater source-to-detector separation distance could lead to predictions of 
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longer lookahead distances, namely farther boundary detection between two tissue types up to 

10 mm, due to the increased DRS acquisition volume. It would however possibly compromise 

the prediction accuracy of short distances when it becomes more important to signal plunging 

events. For clinical translation, a notable challenge present in this study is the absence of in 

vivo validation experiments. Even though the predictive models constructed based on the 

existing ex vivo dataset demonstrated promising outcomes and provided valuable insights, the 

complete assessment of model generalizability and translation to a more versatile clinical 

environment could not be accomplished without in vivo validation testing. Interspecies 

differences in bone properties including density, composition and thickness could all contribute 

to model performance, possibly making it less relevant for clinical scenarios. For technical 

limitations, the key obstacle lies in the practicality of integrating DRS technology with existing 

surgical tools, where not only the size of the components and portability of the equipment could 

potentially lead to translation failure, but also the light coupling between static and rotating 

components as well as the opto-mechanical misalignment in drilling could complicate the 

translation process. 

 

4.5 Conclusions 

This study explored the potential of using DRS alone to predict lookahead distance as a safety 

measure for drilling in craniotomy. Feature selection techniques were used to discover 

wavelength feature ranges that held high discriminative power for binary classification between 

brain and cranial bone and therefore reduce computational burden. LDA, RF and KNN 

generated comparable classification accuracy scores by using all features versus selected 

features. MC simulation was utilized to simulate diffuse reflectance at the selected spectral 

regions including 450, 700, 1200 and 1400 nm. The thickness of skull at which the simulated 

diffuse reflectance began to decrease was found at 5 mm away from the CSF layer. PLS 

regression and FNN model were employed to predict the lookahead distance, yielding a RMSE 

value of approximately 0.06 and 0.1 mm, respectively. The feasibility of the proposed 

technique was demonstrated by the results; however, to construct a more generalizable 

prediction model more experimental DRS measurements are required. For future directions, 

DRS probes with larger SD separation distance will be examined and compared to determine 

the optimal configuration. 
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Following the feasibility assessment of DRS in predicting depth in hard tissues, the focus of 

the next chapter shifts to two preliminary studies that aim to serve as the basis for future 

research with broader implications. The first study demonstrates the practical aspects of DRS 

device prototyping for future clinical experiments. Performance of the miniaturized optical 

prototype device is evaluated. The second study explores additional clinical opportunities for 

ultrafast lasers, specifically with the use of picosecond infrared laser mass spectrometry for 

tissue differentiation in bone-related surgical procedures. The last chapter concludes with a 

summary of the thesis research, an evaluation of study limitations and suggestions for future 

research. Self-reflections on personal and professional development along the PhD journey are 

provided at the end. 
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Chapter 5  
Future research and conclusions 

5.1 Chapter Overview 

This chapter discusses the future research directions based on two preliminary studies and lastly 

presents the conclusion of the thesis. The first preliminary study presents the concept design of 

a miniaturized optical probe developed for guidance of bone cement removal and the first ex 

vivo experiment performed to assess the probe. The second preliminary study analyzes the 

potential of ambient mass spectrometry using a picosecond infrared laser for plume generation 

to differentiate biological tissue types and bone cement. Limitations and future research 

directions are considered. Conclusion is subsequently provided to summarize the thesis. 

Finally, a reflection on the personal and professional development during my Ph.D. journey is 

provided at the end. 
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5.2 Preliminary Study I: Concept design of a miniaturized 
optical probe for guidance of bone cement removal in 
orthopedic surgery 

5.2.1 Background 

The incidence of primary total hip arthroplasty (pTHA) has been increasing globally because 

of the ageing population, leading to the projection of more revision total hip arthroplasty 

(rTHA) cases in the forthcoming years and a higher occurrence of multiple revisions in 

individuals due to longer life expectancy. Technology advances have prolonged implant 

survival and quality of life for patients post pTHA; several complications however can indicate 

the need for early revision including periprosthetic fracture, implant instability, sepsis and pain. 

For the past several decades, the surgical procedure of rTHA has been technically challenging 

and time consuming for orthopedic surgeons because extraction of well-fixed implant and bone 

cement often involves significant risks of substantial bone loss, femoral fracture and cortex 

perforation283,284. Caution and considerations of reconstruction techniques are necessary to 

minimize the zone of injury therefore allowing for the possibility of subsequent revision 

surgeries especially for the older patient cohort. Holt et al.285 discussed the technique of 

cement-in-cement revision for cemented implants under different clinical conditions with well-

fixed cement-bone interface from pTHA, periprosthetic fractures and impaction grafting. In 

particular, this technique retains and re-utilizes the existing cement mantle of which the surface 

is prepared by rasping and drying, and has offered favorable results while avoiding damage 

and problems from the conventional method. On the other hand, endoscopy is also employed 

to visualize the intramedullary space for each step of the revision procedure, assisting the 

orthopedic surgeon to determine sufficient removal of bone cement if not complete, evaluate 

implant bed and identify infections286. Ultrasonic-driven curettes can also be used to extract 

the distal cement plug with minimal mechanical damage but have the potential to induce 

thermal burns on the endosteal surface of the femur287. 

Adoption of new techniques and tools is nevertheless dependent on the preference and training 

of the arthroplasty surgeon. Possible factors such as time constraints, high maintenance, 

expensive cost, and low maneuverability can prevent wider dissemination and adaptation of 

novel equipment and complicate its usage during surgery. For instance, in local hospitals it is 

presently more common to perform pTHA and rTHA using the conventional method where 

chisels, reamers and drills are used without any image guidance; the success of bone cement 
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extraction essentially depends on the surgeon’s experience and expertise. Due to the absence 

of adequate visualization tools, optical integration into existing surgical tools for bone cement 

removal has been investigated by our group, due to its cost-effectiveness, with the aim to guide 

orthopedic surgeons through rTHA by providing contrast between the cement versus biological 

tissues as well as visualization of the intramedullary environment. We have since considered 

different clinical applications of optical sensing in orthopedics and examined potential 

algorithms for differentiating tissue types and bone cement28. Leveraging the existing 

utilization of endoscopes, in this study we propose the development of an integrated optical 

system employing diffuse reflectance spectroscopy (DRS) for bone cement detection and 

miniature image sensors for visual inspection. The optical sensing components are inserted at 

the tip of bone reamer used to remove the distal cement plug, offering no additional equipment 

during the surgery and minimal changes to the current clinical workflow. 

5.2.2 Materials and Methods 

The instrument consists of three subsystems: 1) the custom optical probing unit that collects 

DRS signals and RGB images, 2) the light source unit that delivers broadband light for 

illumination as well as narrowband light for spectroscopy, and 3) the light detection unit that 

processes optical signals. Specifically, Figure 5.2.1a shows the optical reamer probe of 

approximately 7.5 mm in diameter, where RGB images are acquired by the miniature camera 

module (NanEye, ams-OSRAM AG, Premstätten, Austria; Footprint: 1.0 x 1.0 mm) in the 

center of 8 equidistantly-arranged fiberoptic channels and illuminated symmetrically by four 

source channels, and DRS measurements are collected via two source-detector pairs on both 

sides of the camera. The optical unit is assembled into a flexible endoscope, which is inserted 

into the bone reamer and fed through to the tip via a locking mechanism so that it is secured 

and flush with the surface. Further extension or retraction are permitted depending on specific 

clinical use cases to provide greater flexibility. The fiber bundle and power cable exist from 

the center position on the side of the bone reamer handle so that the top part remains intact to 

allow for hammering. 
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Figure 5.2.1 The optical reamer system for bone cement removal during rTHA. (a) Schematic showing 

the concept design of the reamer and the optical sensing unit. The miniature camera module (blue 

square) is positioned in the center of 8 fiberoptic channels arranged equidistantly in a circle (Blue: 

camera module; green and magenta: DRS acquisition pairs; white: camera illumination (ILL)). (b) 3D 

printed mock-up reamer. (c) Probe footprint with illumination on. 

In the current version of the system, a broadband light source (tungsten-halogen broadband, 

HL-2000-HP, Ocean Insight B.V., Duiven, The Netherlands) is used as the optical excitation 

for DRS and imaging, and two spectrometers (Ocean Insight B.V., Duiven, The Netherlands) 

are used for optical detection across the visible/near-infrared/short-wave infrared 

(VIS/NIR/SWIR) spectral range. The spectrometers and the broadband source will be replaced 

by affordable photodiodes and discrete light sources in the subsequent experiments. The initial 

experiment to test the system included three ex vivo specimens. In particular, the bone cement 

sample (PALACOS® R+G pro, Heraeus Medical GmbH, Wehrheim, Germany) was freshly 

cured into a single block of approximately 4×4×4 cm prior to measurements. The ovine bone 

marrow and cortical bone samples were freshly sourced from a local butcher shop and 

immediately refrigerated.  
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A more sophisticated experiment was subsequently carried out using one fresh ex vivo bovine 

femur to simulate rTHA, where bone cement was injected into the femoral column as shown 

in Figure 5.2.2. The bovine femur, which was cross sectioned longitudinally to allow for 

convenient bone cement injection, was similarly sourced from a local butcher shop and used in 

the experiment immediately post-delivery. Three different data types were obtained during the 

simulation experiment as shown in Figure 5.2.3, which included RGB images using the 

miniature camera module, extended-wavelength DRS spectra using the two commercialized 

spectrometers with broadband illumination, and intensity signals in voltage measured by an 

oscilloscope with one InGaAs detector (PDA10CS2, InGaAs Switchable Gain Amplified 

Detector, 900 - 1700 nm, Thorlabs, Munich, Germany) and two narrowband LED light sources 

(M1450F1, 1450 nm, 0.86 mW (Min); M1200F1, 1200 nm, 1.6 mW (Min),  Fiber-Coupled 

LED, 1000 mA, Thorlabs, Munich, Germany). For extended-wavelength DRS, there were 20 

measurements acquired for individual tissue types including bone cement, bone marrow, 

cortical bone and the inside of cortical bone. For narrowband DRS, there were 10 

measurements acquired for individual tissue types including bone cement, bone marrow and 

cortical bone at each selected wavelength. Narrowband DRS measurements were subsequently 

analyzed to determine the classification strength via both One-vs-One (OvO) and One-vs-Rest 

(OvR) strategies. OvO classification was performed to compute accuracy scores among the 

three class labels, and OvR was performed between bone cement and the rest class labels. There 

were six classification models employed to compute classification accuracy scores, which were 

the same as described in Chapter 3 including logistic regression (LogReg), linear discriminant 

analysis (LDA), random forest (RF), k-nearest neighbors (KNN), Gaussian Naïve Bayes 

(GNB), support vector machine (SVM). 

All measurements were acquired at room temperature, where the bone cement sample was kept 

dry and tissue specimens were kept moist with saline spray. All data processing and analysis 

were performed in the Python Programming Language Version 3.9 (Python Software 

Foundation, https://www.python.org/) built from open-source libraries, packages and 

dependencies. 

https://www.python.org/
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Figure 5.2.2 Bovine femur specimen used in the rTHA simulation experiment showing (a) the original 

bovine femur cross-sectioned longitudinally, (b) bone cement injection into the femoral column after 

removal of bone marrow, (c) cemented femoral canal and (b) inside of the bovine femur once the cement 

was cured.  

 

Figure 5.2.3 Workflow of the rTHA simulation experiment consisting of three different methods 

generating corresponding data types. 

5.2.3 Results and Discussion 

5.2.3.1 Probe – Design, Construction and Validation 

To demonstrate the feasibility of the system, DRS measurements and RGB images were 

separately acquired from the bone cement sample. DRS measurements of bone marrow and 

cortical bone samples were additionally collected to address spectral features that could be of 
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potential use for tissue differentiation. Original RGB images of the bone cement sample are 

shown in Figure 5.2.4a. Normalized DRS spectra of bone cement, bone marrow and cortical 

bone are shown in Figure 5.2.4b with black arrows indicating discriminative spectral features 

at around 650, 1210, 1465 and 1725 nm. The miniature camera module could provide images 

of bone cement with sufficient spatial resolution to show distinctive surface textures and 

characteristics. For instance, troughs and speckles were evidently visible in both Figure 5.2.4a 

and the original image in Figure 5.2.5a. This preliminary observation confirmed that the 

miniature camera module was suitable for visual guidance during rTHA. The different spectral 

peaks illustrated by DRS measurements could be utilized as the illumination light sources in 

the downstream development stages, further reducing and simplifying instrumentation burden 

and equipment need. 

 

Figure 5.2.4 Initial experiment to test the optical probe. (a) Images showing the original RGB channels 

from the miniature camera. (b) DRS spectral measurements of bone cement, bone marrow and cortical 

bone samples. Black arrows indicate the spectral features that could be used to differentiate different 

tissue types and bone cement. 
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Figure 5.2.5 Image features. (a) From left to right, the original image acquired of the bone cement 

sample using the miniature camera module, edge features detected by Prewitt filter in the horizontal 

direction and key feature points computed by Oriented FAST and Rotated BRIEF where the circle 

indicates the size of the important neighborhood, and the bar indicates the orientation of the key point. 

(b) Image decomposition by PCA using randomized SVD from left to right showing the red, green and 

blue channels. 

Furthermore, image features could be extracted to assist with identifying not only bone cement 

but also orientation and position of the probe. Figure 5.2.5a from left to right shows the original 

image acquired of the bone cement sample by the miniature camera module, edge features 

detected by Prewitt filter in the horizontal direction and key points computed by Oriented 

FAST and Rotated BRIEF where the circle indicates the size of the important neighborhood 

and the bar indicates the orientation of the key point. In particular, edge detection highlighted 

the surface texture of the material, which could be used as an indicator of different materials 

or biological tissues encountered by the optically enhanced bone reamer, while key points 

identified within the field of view could be used to match position and orientation therefore 
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signaling the depth of bone cement in the intramedullary space. Moreover, image 

decomposition was performed using principal component analysis (PCA) with singular value 

decomposition (SVD). This PCA-SVD algorithm projects the image data onto a lower 

dimension that retains the most variance, which will be useful to compress a stack of images 

of the same bone cement and thus highlight important features. In Figure 5.2.5b, the blue 

channel became empty post decomposition while most of the explained variance was preserved 

in the red and green channels. This observation concurred with the spectral measurements 

where the difference remained mostly in the green, red and far-red regions.  

5.2.3.2 rTHA Simulation in ex vivo Bovine Femurs 

The RGB images of the bovine femur injected with bone cement acquired by the miniature 

camera module are shown in Figure 5.2.6, demonstrating some key characteristics such as the 

bone-to-cement boundary, distal cement plug, blood drops on trabecular bone and surface 

characteristics of the bone cement with sufficient resolution. Light reflection off the sample 

during this preliminary experiment was however very high, saturating the detection range of 

the camera. Optimizations would be needed to adjust the dynamic range of the camera module 

as well as removing specular reflections by using polarizers.  

 

Figure 5.2.6 RGB images acquired by the miniature camera module showing (a) bone-to-cement 

boundary, (b) distal cement plug, (c) blood drops on trabecular bone and (d) surface characteristics of 

bone cement. 
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Figure 5.2.7 Results obtained from the optical probe in the rTHA simulation experiment showing (a) 

broadband DRS from bone cement, bone marrow, cortical bone and inside of cortical bone for 355-

1850 nm highlighting lipid absorption at 1200 nm and water absorption at 1450 nm, and (b) mean 

voltage signals from narrowband DRS at 1200 and 1450 nm for bone cement, bone marrow and cortical 

bone.  

Extended-wavelength DRS measurements of bone cement, bone marrow, cortical bone and the 

inside of cortical bone are shown in Figure 5.2.7a. Two wavelength features 1200 and 1450 

nm representing the absorption peaks of lipids and water, respectively, were selected based on 

the collected DRS spectra, which were used to inform bone-to-tissue and cement-to-tissue 

interfaces, respectively. These two wavelengths were utilized as the wavelengths of the 

narrowband LED light sources to acquire reflectance signals in voltage. Figure 5.2.7b shows 

the mean voltage signals collected from bone cement, bone marrow and cortical bone at 1200 

and 1450 nm. The mean voltage signals were systematically lower at 1450 than 1200 nm for 

all class labels. The highest mean voltage signal was found from bone cement at both 1200 and 

1450 nm. Narrowband DRS signals exhibited consistent patterns at both the two selected 

wavelengths, where bone cement showed the highest, cortical bone the second and bone 

marrow the lowest signal level. This observation validated that the two wavelengths could be 

used for detection of boundaries among bone, soft tissue and bone cement without creating 

confusion in the classification model.  

For OvO binary classification, Table 5.2.1 summarizes the accuracy scores for all pairs and 

lists the highest performing model. Between bone cement and cortical bone, GNB yielded the 

highest score of 100%, while other models generated an accuracy score at approximately 95%. 

For bone marrow and cortical bone, RF generated an accuracy score of approximately 98%, 

while other models were at 100%. Table 5.2.2 summarizes the classification accuracy scores 
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for OvR binary classification between bone cement biological tissue types. The six 

classification models yielded accuracy scores ranging from 92% to 99%, indicating that there 

was a distinct pattern in the data for the models to discover class separation. In terms of 

instrument engineering, the number of wavelengths could be safely reduced to only two 

wavelengths in this scenario. 

Table 5.2.1 OvO binary classification among bone cement, bone marrow and cortical bone showing 

the classification model generating the highest accuracy score. 

Class Labels Bone Cement Bone Marrow Cortical Bone 

Bone Cement  100% (All) 100% (GNB) 

Bone Marrow 100% (All)  100% (All but RF) 

Cortical Bone 100% (GNB) 100% (All but RF)  

Table 5.2.2 OvR binary classification between bone cement and the rest class labels showing 

classification accuracy scores from the six models. 

Model LogReg LDA RF KNN GNB SVM 

Accuracy (%) 95.8 ± 5.89 91.7 ± 8.12 95.8 ± 5.89 95.8 ± 5.89 98.8 ± 3.75 95.8 ± 5.89 

5.2.4 Future studies and Conclusion 

For future studies, the system will be examined in phantoms, ex vivo samples and in vivo animal 

models. We envision optimizing the system such that discrete excitation light sources will be 

used in addition to a broadband light source, with the possibility to contribute a new feature to 

detect infections in vivo. The use of miniature spectrometers is also being considered for 

implementation to capture spectral information. The challenges in the next step can be two-

fold: 1) Integration of miniaturized components such as the camera module, DRS spectrometer 

and discrete narrowband LED sources into one optical probe; 2) Implementation of this sensing 

unit into a high-speed drilling burr without compromising signal quality.  

The clinical motivation of this study is based on the lack of practical image guidance during 

rTHA. Our preliminary results have clearly demonstrated the feasibility of implementing both 

spectroscopic measurements, particularly DRS, and imaging to an existing surgical tool, for 

which the integrated system offers the capability of not only detecting bone cement but also 

displaying visuals of the intramedullary space. 
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5.3 Preliminary Study II: PIRL-MS to differentiate bone and 
surrounding tissues 

5.3.1 Background 

Ultrafast laser (pico- to femtosecond) for bone ablation has been investigated extensively for 

clinical translation due to the advantage of high precision and minimal collateral thermal 

damage as compared to conventional long pulse laser systems45. The most frequent clinical 

use-case is found in dentistry57 and stapedotomy288 as a means of precision surgery to achieve 

improved patient outcomes. Although there is an immense potential for ultrafast laser to be 

utilized in the clinic, the adoption to general orthopedic surgery such as total knee/hip 

arthroplasty is moderately restricted by the limited bone ablation efficiency45 and the lack of 

sufficient research in direct monitoring. To the best of our knowledge, in the literature only 

Zhang et al.87 developed a real-time optical monitoring system via plasma emission 

spectroscopy by using an inductively coupled plasma optical emission spectrometer to 

differentiate the bone-to-marrow interface in ovine femur specimens.  

Picosecond infrared laser mass spectrometry (PIRL-MS) has demonstrated the capability 

beyond tissue differentiation to rapidly determine cancer subtypes by analyzing biomolecular 

constituents, subsequently allowing for tumour grading in situ on intra-surgical timescales289–

292. The PIRL-MS system captures laser plume as samples for MS analysis, which is created 

by a solid-state picosecond mid IR laser. The collection end consists of a PIRL source probe 

and a laser plume collection tube, which can be both handheld by the surgeon during an 

operation for quick assessment of the target tumor.  

In this study, we would like to investigate the use of PIRL-MS to differentiate different tissue 

types and bone cement as a preliminary experiment prior to the next step, where PIRL-MS 

would be employed to directly monitor ultrafast laser ablation for bone cement removal in total 

hip arthroplasty. We hypothesize that PIRL-MS can be used effectively to differentiate bone 

cement from other biological tissues and monitor the progression of ultrafast laser ablation in 

near real time. The development of such a direct monitoring for ultrafast laser ablation can 

facilitate clinical adoption of the technology. 

5.3.2 Materials and Methods 

A fresh ex vivo porcine femur was acquired from a local butcher store in Toronto, Canada, 

which contained specimens of bone marrow, cartilage, cortical bone, fat, muscle, trabecular 
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bone (Figure 5.3.1). All specimens were unprocessed to mimic the natural condition and 

measured immediately after purchase. The experimental setup of PIRL-MS was described in 

other previously published works290–293. Briefly, a PIRL laser (~300 mW, 1kHz, Light Matter 

Interaction, Etobicoke, ON, Canada) was used for laser ablated plume generation, which was 

collected by a Tygon tube (Figure 5.3.1) to a Xevo-G2-XS quadrupole time of flight MS 

instrument (Waters) in the negative ion mode from 100 to 1000 m/z with a bin size of 0.1 m/z 

for approximately 10 s at the rate of 1 Hz. PIRL ablated specimens including muscle, cartilage, 

cortical bone, trabecular bone and bone cement are shown in Figure 5.3.2. Table 5.3.1 

summarizes the number of measurements for each specimen. There were in total 151 

measurements and 9000 spectral bins. 

 

Figure 5.3.1 Schematics of the PIRL-MS collection setup and specimens included for the experiment. 

For PIRL-MS analysis, the classification model employed was firstly principal component 

analysis to reduce data dimensionality and secondly linear discriminant analysis for multi-class 

classification (PCA-LDA). Cross validation (CV) was performed similarly using 10 splits with 

10 repeats generating 100 runs to check for overfitting. No holdout dataset was created because 

the specimens were intrinsically from one animal subject. All data analysis was performed in 

the Python Programming Language Version 3.11.5 (Python Software Foundation, 

https://www.python.org/). Default hyperparameter values were used for all models. 

https://www.python.org/
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Figure 5.3.2 Specimens post PIRL ablation showing (a) muscle, (b) cartilage, (c) cortical bone, (d) 

trabecular bone and (e) bone cement.  

Table 5.3.1 Summary of the number of PIRL-MS measurements from bone cement, cartilage, cortical 

bone, muscle and trabecular bone.  

Samples Bone Cement Cartilage Cortical Bone Muscle Trabecular Bone 

Number of Meas. 40 30 29 24 28 

5.3.3 Results and Discussion 

Figure 5.3.3 shows the preliminary mass spectra averaged over each tissue type for bone 

cement, cartilage, cortical bone, muscle and trabecular bone. The MS data was normalized by 

total ion current. Some distinct spectral features could be visualized from the raw spectra. For 

instance, unique spectral peaks could be seen in the 250 – 350 and 650 – 800 m/z regions, 

which would contribute positively to classification outcomes using PCA-LDA. The 

fragmentation patterns occurred in the lower m/z region (below 350 m/z) generally indicated 

smaller molecule fragments in weight, which were visible for all tissue types as well as bone 

cement. These line peaks were less informative as they represented smaller fragment pieces 

that could be found in abundance in different materials. Bone cement, mainly consisted of 

polymethyl methacrylate (PMMA) polymers, usually produced low mass fragments including 

hydrocarbons and ester groups as well as H-, C-, O-, and OH-294. For bone tissues, the line peaks 

between 200 to 500 m/z could be derived from a Ca10(PO4)6(OH)2 precursor species such as 

CA4PO6
+ and CA5PO6

+295,296. The more discriminative features occurred in the higher m/z region 

of which the lines were generated by larger molecules. For the biological tissues, the mass 

spectral features were primarily produced by molecular ions from phospholipids and peptides 

in the 500 – 800 m/z range, such as collagen, phosphatidylcholine and phosphatidylinositol297–

299, which were the dominant differentiator in the classification task. Figure 5.3.4 illustrates 

PCA feature extraction for bone cement, cartilage, cortical bone, muscle and trabecular bone. 

The number of features (m/z bins) was reduced from 9000 to 30 PCs, of which the first three 
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PCs were shown in Figure 5.3.4. The 30 PCs ranked by the percentage of explained variance 

in the descending order constituted 95.6% total explained variance, where the first 3 PCs 

accounted for 82.3%. Distinct clusters for individual class labels were observed on the PCA 

plot. Well-defined separation could be found along the second PC between bone cement and 

biological tissue types. There were some outliers in the data group of bone cement, which could 

be seen at a farther distance away from the main cluster. All 30 PCs were utilized for 

classification using LDA. In addition, to further reduce the number of PCs included in the 

classification task, optimizations could be performed to select a subset of the 30 PCs, which 

could give rise to higher or equivalent classification accuracy. This procedure could further 

lessen the computation burden. 

 

Figure 5.3.3 Preliminary mass spectra averaged over the number of measurements for bone cement, 

cartilage, cortical bone, muscle and trabecular bone. Signal intensities were normalized by total ion 

current. Standard deviations were represented by the shaded error bands. Peak annotations were omitted 

for the sake of clarity. 

Figure 5.3.5 shows the confusion matrix for multi-class classification using LDA summed over 

the 100 runs of CV for bone cement, cartilage, cortical bone, muscle and trabecular bone. Table 

5.3.2 summarizes all classification metrics obtained from multi-class classification using LDA, 

where all values were rounded up to two decimal places. Classification of bone cement from 

the rest biological tissue types demonstrated 100% in precision, recall and F1 score. The 

highest misclassification rate was found in trabecular bone versus cortical bone, where there 
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were 18 instances of trabecular bone being identified as cortical bone. Such an observation was 

largely in line with expectations due to the similar compositions of the two bone types. In 

particular, as compared to cortical bone, trabecular bone is of high porosity where the 

medullary cavities are filled with bone marrow. One of the major differences between the two 

bones is the lipid and blood content, which could potentially confuse the classification model 

leading to a slightly lower accuracy score. Multi-class classification using PCA-LDA overall 

was capable of classifying the 5 groups of MS measurements accurately. Different optimization 

techniques such as feature selection or oversampling could potentially improve the 

classification scores; overfitting however needs to be checked before implementing such 

optimization techniques. 

 

Figure 5.3.4 PCA feature extraction for trabecular bone, cortical bone, cartilage, muscle and bone 

cement showing the first three PCs.  
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Figure 5.3.5 Confusion matrix for multi-class classification using LDA summed over 100 runs of CV 

for bone cement, cartilage, cortical bone, muscle and trabecular bone.  

Table 5.3.2 Classification report summarizing all metrics including precision, recall, F1 score, support, 

macro and weighted accuracy scores for multi-class classification using LDA for bone cement, 

cartilage, cortical bone, muscle and trabecular bone. Values are rounded up to two decimal places. 

Mean Precision Recall F1 Score Support 

Bone Cement 1.00 1.00 1.00 4.00 

Cartilage 1.00 ± 0.03 0.98 ± 0.09 0.98 ± 0.05 3.00 

Cortical Bone 0.94 ± 0.12 1.00 0.97 ± 0.07 2.90 ± 0.30 

Muscle 0.99 ± 0.05 1.00 1.00 ± 0.03 2.40 ± 0.49 

Trabecular Bone 1.00 0.94 ± 0.14 0.96 ± 0.08 2.80 ± 0.40 

Accuracy   0.98 ± 0.03 15.10 ± 0.30 

Macro Avg 0.99 ± 0.03 0.98 ± 0.03 0.98 ± 0.03 15.10 ± 0.30 

Weighted Avg 0.99 ± 0.02 0.98 ± 0.03 0.98 ± 0.03 15.10 ± 0.30 
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5.3.4 Future studies and Conclusion 

This proof-of-concept study has laid the groundwork for the utilization of PIRL-MS 

measurements to classify tissue types and potentially tissue interfaces in orthopedic surgeries, 

where the results demonstrated sufficiently high classification accuracy scores. For future 

studies, the aim is to investigate whether PIRL-MS can offer benefits to other orthopedics-

related procedures in general and discover m/z features (biomarkers) from PIRL-MS spectra 

that contribute the most to classification for a particular bone diseases or conditions. The 

potential applications could include bone tumour margin detection and osteoporosis. 

Complementarity of PIRL-MS with other optical methods such as Raman spectroscopy or 

imaging will also be examined to determine whether the multi-modal combination could offer 

more benefits than single techniques alone with more accurate and precise information for 

diagnostic purposes. 

I would like to express my sincere gratitude to Dr. Brian C. Wilson, Dr. Margarete Akens, Dr. 

Arash Zarrine-Afsar, Dr. Michael Woolman and Lan Anna Ye at University Health Network 

for their invaluable support and contributions to this research. This work was also supported 

by Wrixon Travel Bursary for Research Excellence.  
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5.4 Discussion and Conclusion of the Thesis 

The research presented in this thesis has established groundwork for the integration of optical 

sensing into surgical tools for bone-related procedures in orthopedics and neurosurgery. Based 

upon the overall aim, the thesis has successfully evaluated the performance of optical 

techniques to differentiate common tissue types encountered during bone-related surgeries, 

developed feature selection frameworks to discover important wavelength features for reduced 

computational burden, and lastly verified the selected features in ex vivo experiments to achieve 

reduced instrumentation complexity. Furthermore, preliminary investigations on the use of 

ultrafast lasers have been initiated to demonstrate utility in surgical guidance and possibly 

ablation. The findings presented in this thesis have directly addressed the research question 

stated in Chapter 1, further confirming the hypothesis and advancing the research of optical 

sensing beyond the state-of-the-art by introducing novel analytical frameworks and 

constructing prototypes. Valuable insights were generated from experiments, offering the 

opportunity to improve surgical treatments in orthopedics and neurosurgery and thus reducing 

the financial burden on the healthcare system. During the course, we have also initiated 

collaborations with other research groups and partners to advance the technology for 

commercial applications. For future directions, it is envisioned that the probe design will be 

optimized and assessed in in vivo settings for verification. More experiments regarding ultrafast 

lasers will be performed including the use of ambient mass spectrometry. The molecular 

compositions of the generated plume will be compared between picosecond and femtosecond 

laser systems. In summary, the research work combined with machine learning and deep 

learning techniques is fundamental and will continue providing insights to understanding the 

knowledge domain for translational and clinical studies. 

 

5.5 Personal and Professional Development – Reflection on 
the PhD Experience 

Threshold concepts are very important ideas in the field of educational research, which have 

been widely discussed since the publication of the famous paper by Meyer and Land300. When 

I first encountered these principles in pedagogy, I came to the realization that my own learning 

experience throughout my educational journey could be explained and summarized by this 

theory. During the past four years, I have embarked on an educational journey filled with 

rigorous scientific exploration and research in the pursuit of my doctoral degree of Engineering 
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Science specialized in the field of Biophotonics at University College Cork, Cork, Ireland. As 

my Ph.D. study is approaching its completion, it is favorable for myself to start reflecting on 

my learning experience together with challenges and growths along the way. 

Upon retrospective consideration, I have gone through different personal learning phases; in 

particular, secondary school – the phase where efforts were seemingly not needed to achieve 

good grades; undergraduate study – the phase where basic knowledge suddenly became 

difficult to grasp with so much struggle to pass each class; Masters and Ph.D. – the stage where 

integration of accumulated knowledge and experiences took place during the course, resulting 

in enhanced critical thinking and problem solving skills. I often think back and reflect on my 

own memories: What happened during higher education that led me to cross, as described by 

Perkins301, from a pre-liminal to a liminal to a post-liminal space, allowing me to gain 

transformative understanding of learning? Will I be able to conclude some useful advice and 

patterns for my future career? To this end, the role of self-directed learning objectives in 

crossing threshold concepts must have contributed significantly to the outcome. To be more 

specific, what would be an effective approach to set up achievable learning objectives and how 

should learning progress be assessed? How should I prepare and motivate myself for 

foreseeable improvement and success? Perhaps the answers could be found from the following 

experiences. 

When I first started the Ph.D. program, I was very excited for new things – new projects, new 

challenges, new people, and new environments. I was eager to establish myself for the new 

role. However, just two months later when COVID-19 pandemic hit, I was only able to 

familiarize myself with the new environment. A substantial amount of time and effort was then 

spent adjusting to a new norm, where I needed to become significantly more self-motivated to 

formulate a working routine so that I could stay on track with my own study. This was an 

unprecedented challenge both mentally and physically at the moment due to experiencing a 

lockdown for the first time. On the bright side, I was able to acquire important skills of being 

effectively self-oriented and self-directed given the circumstances that support from my team 

members was nearly impossible. I eventually managed to adhere to a regular daily schedule 

(with noticeable procrastination at the beginning) focusing on the key tasks that I aimed to 

complete by a deadline. Repeated practice also played a crucial role in my personal 

development. I found that, for myself, repetition served as the fundamental building blocks of 

the greater comprehension, which also ensured the quality of my work. Just like linking stars 
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in the sky to form constellations, I was able to slowly integrate physical concepts together and 

reform my way of thinking subconsciously in the background. To this date, I still maintain this 

mindset in research. I believe that self-directed learning through setting up specific objectives 

enables myself and perhaps other learners to assess their personal strengths and weaknesses in 

particular disciplines, ultimately boosting the crossing of threshold concepts, especially in the 

context of COVID-19 when isolation was inevitable, personal flow of study could still be 

maintained without interruption. After all, if there is a will there is a way. Self-directedness is 

like the will; the key is how to find, initiate and grow fruits from it. 

To continue the interrogation of my personal and professional development during my Ph.D. 

study, I would like to reflect on my learning experience to address a potentially effective 

approach to achieve objectives and assess progress. My motivation stemmed from personal 

reflections of my own learning experiences from different stages of life, in which realization 

of the importance of threshold concepts in each discipline had a pivotal impact. In particular, 

when I looked at my Ph.D. learning journey retrospectively with experiences that even went 

back to high school, I successfully crossed some learning thresholds in the discipline each time 

I ‘leveled up’ with a degree. Identifying the very threshold concepts that helped me with 

knowledge enhancement became very easy from recollection. However, foreseeing such 

learning obstacles/challenges was certainly difficult for me by only conducting self-reflections 

at the moment when I was still ‘sailing’ in the process, as there had not been previous personal 

experiences for me to refer to. To me personally, professional growth was gained by directly 

accepting challenges and actively looking for solutions. For instance, after I was acclimated to 

working from home, I sought out opportunities by accepting a manuscript invitation and 

contributed a review article to the journal Applied Sciences. This was my first published work 

for my Ph.D., which significantly boosted my confidence as a researcher. Furthermore, I was 

also committed to improving relevant skills. My Ph.D. research fell under the project theme 

that targeted at surgical guidance for procedures involving brain or bone. Establishing 

collaborative relationships was critical because my work could be seen as three-fold involving 

aspects of clinical, engineering and data science expertise. I was able to foster such 

collaborations and generate interesting research questions, during which I gained new 

knowledge, developed a deeper understanding of the complexities of scientific research, and 

attained a greater appreciation of personal perseverance. 
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Threshold concepts, surprisingly controversial, can be summarized using five specific criteria, 

which are transformative, irreversible, integrative, bounded and troublesome300. It can be 

related to, by definition, “akin to a portal, opening up a new and previously inaccessible way 

of thinking about something. It represents a transformed way of understanding, or interpreting, 

or viewing something without which the learner cannot progress. As a consequence of 

comprehending a threshold concept there may thus be a transformed internal view of subject 

matter, subject landscape, or even world view”. However, there have been many criticisms 

over the past years due to vagueness of the theory definition together with the lack of empirical 

supporting evidence, and therefore threshold concept is a scientific dead end302. I am not here 

to defend or argue against the claims; instead, my experience during the Ph.D. study resonates 

with the theory and I would like to share my strategies based on my own perspectives. Some 

of the key evidence that signals learning improvement and success upon reflection would be 

based on the threshold concept theory: Have I recognized or developed an instinct to recognize 

the difference between the last versus the current phase of a project (transformative in 

perception)? Will I be able to adapt the new method from the last study phase (irreversible)? 

Am I able to transition smoothly to a new project (troublesome)? Will I be able to discover the 

links between different learning experiences and thus gain some knowledge boosters 

(integrative)? Are there specific understandings of concepts required to gain entry to a 

discipline-specific project (bounded)? Will I establish connections between new information 

and my own way of reasoning (discursive)? Would the learning eventually help me build 

bridges and cross disciplinary boundaries (reconstitutive)? These are the important questions 

to ask during the process to track my progress and confirm achievements. Fortunately, it is 

satisfying to report that my answers to the above questions are “YES” as I near the completion 

of my doctoral degree. 

Regardless of success, setbacks, fulfillments or frustrations, I have learned valuable life lessons 

by navigating through the learning process. For my future endeavors, the skills that I gained 

from my Ph.D. study will serve me well, either in academia or industry. I really appreciate the 

opportunities, support, and mentorship I have received during the past four years, and I am 

ready for the next chapter of my life with enthusiasm and optimism through my dedication to 

lifelong learning.   
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