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Unpacking human–AI collaboration: conceptualisations and emerging 
research streams
Yu Wang , Danielly de Paula and Ciara Heavin

Department of Business Information Systems, Cork University Business School, University College Cork, Cork, Ireland

ABSTRACT
Despite the growing adoption of AI across organisations, fragmented knowledge of key 
concepts and measurement approaches constrains systematic evaluation and cumula
tive progress. This review aims to harmonise the conceptual vocabulary of HAIC, map 
how conceptual framings align with evaluation emphases, and surface an stream struc
ture from co-occurrence patterns, thereby supporting more comparable HAIC assess
ment designs. We reviewed 149 peer-reviewed studies (2018–2025) from AISeL, ACM, 
and IEEE using a concept-centric approach. We identified 16 recurring themes for coding 
and mapping, 10 of which we further defined by synthesising consistent definitional 
passages to specify boundary conditions that distinguish collaboration from tool use and 
automation. To identify concept–evaluation link patterns, we computed a co-occurrence 
matrix and a Jaccard-normalised overlap indicator. Our findings reveal four preliminary 
streams that organise these linkages. Overall, the study proposes a harmonised cross- 
disciplinary vocabulary and an empirically grounded mapping that strengthens inter
pretability and comparability in HAIC assessment.
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1. Introduction

With the AI Index Report 2025 highlighting that 78% of surveyed organisations used AI in 2024, up from 55% 
in 2023 (AI Index Steering Committee [AI], 2025), organisational uptake of AI has accelerated. Human – AI 
collaboration (HAIC) is becoming a mainstream way of organising analytical, decision-making, and creative 
work (Berretta et al., 2023), leaving many organisations with a practical question of how to combine human 
judgement with model capability in everyday work (Wang et al., 2023). As AI becomes embedded in 
organisational work, collaboration quality often becomes a design and governance concern rather than 
only a usability issue (Chen et al., 2024), especially when AI adds value by complementing human judgement 
under uncertainty and equivocality rather than replacing it outright (Vaccaro et al., 2024). Organisations 
therefore need to align model capability with human responsibility, particularly when errors carry material or 
reputational consequences (Shneiderman, 2020), and interaction research reinforces this point by showing 
that reliance on AI unfolds through feedback loops shaped by transparency, controllability, and expectation 
management (Amershi et al., 2019). Building on this reliance-focused view, similar concerns are prominent in 
AI-based decision support systems (DSS) that increasingly mediate organisational decision-making: trust, 
explainability, and transparency shape how users accept, contest, and evaluate AI-supported recommenda
tions. Recent work on generative AI decision-making systems further suggests that transparency and ethical 
alignment are becoming more salient design and evaluation concerns (Goktas, 2024), closely echoing HAIC 
debates on calibrated reliance, explanatory support, and governance mechanisms (Saup et al., 2026).

Despite rapid growth, the HAIC literature has not fully converged on a shared conceptual vocabulary 
(Berretta et al., 2023). Researchers describe closely related phenomena using different labels and attach 
different scope conditions (Fabri et al., 2023), which complicates cumulative knowledge building because 
studies may appear comparable while referring to different collaboration arrangements (Gomez et al., 2025). 
When concepts vary, evaluation choices become harder to interpret because researchers lack a stable 
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reference point for what counts as collaboration success (Puerta-Beldarrain et al., 2025). Evaluation practices 
also appear fragmented (Lai et al., 2023): studies propose diverse metrics but often do not explain how 
measurement choices follow from the specific conceptual framing of collaboration (Fragiadakis et al., 2024; 
Vereschak et al., 2021). A cross-disciplinary synthesis is therefore needed to clarify recurring concepts and 
boundary conditions, and to map how concept evaluation linkages co-occur across the literature.

HAIC is inherently interdisciplinary and has developed in parallel across IS and CS. IS research emphasises 
socio-technical conceptualisations and organisational implications (Sawyer & Jarrahi, 2014), whereas CS 
research contributes operationalisations, task paradigms, and evaluation approaches (Wegner, 1976). We 
therefore integrate IS and CS outlets to reduce discipline-specific blind spots and to enable an interpretable 
mapping of how conceptual and evaluation themes co-occur across the corpus. While our review integrates 
both IS and CS outlets, the retrieved corpus is predominantly composed of CS studies; in pre-tests, the IS – CS 
gap was much smaller when searching HAIC terms alone, but widened once the conceptualisation/evalua
tion block was added. This highlights a gap in the IS literature, where evaluation-focused research on 
human – AI collaboration remains underdeveloped, particularly when ‘evaluation’ and ‘conceptualisation’ 
are used as keywords. We therefore interpret cross-disciplinary patterns as indicative rather than as balanced 
population estimates. To address this, we propose the following research objective (RO) and questions (RQ):

RO: To synthesise and organise IS and CS research on HAIC conceptualisation by consolidating recurring 
concepts and definition patterns, and by mapping theme co-occurrence to derive a preliminary set of 
research streams.

Main RQ: How do IS and CS studies conceptualise HAIC, and what theme relatedness patterns structure this 
literature?

Sub-RQ1: What core HAIC concepts and definition patterns recur across IS and CS studies, and what boundary 
conditions distinguish them?

Sub-RQ2: What theme co-occurrence patterns emerge across the corpus, and how do these patterns cluster into 
preliminary research streams?

To address these research questions, we reviewed 149 HAIC studies published between 2018 and 2025 
across IS and CS outlets. We developed a concept table to consolidate definitional evidence and boundary 
conditions, and we mapped cross-theme relatedness using a theme co-occurrence matrix with a normalised 
overlap indicator. These results provide the basis for an indicative stream structure reported in the Results.

2. Conceptual background

Human – AI collaboration is better treated as a family of related concepts than as a single settled construct 
(Berretta et al., 2023). Across studies, authors variously foreground AI as a teammate with autonomy (Berretta 
et al., 2023), purposeful integration of complementary capabilities (Dellermann et al., 2019), or augmentation 
(Zhou et al., 2021) that enhances human capability rather than replaces it. Autonomy focused work similarly 
defines human autonomy teams as configurations where humans and autonomous systems pursue a shared 
goal (Krausman et al., 2022). We treat these conceptual choices as boundary conditions when synthesising 
definitions and comparing findings.

A second line of work shifts from defining collaboration to specifying collaboration modes and govern
ance mechanisms. Collaboration is often framed as interdependence and joint contribution in problem- 
solving, which separates collaboration from one way tool use (Metcalfe et al., 2021). Mechanisms such as 
agency and control allocation (Dubey et al., 2020), delegation and task allocation (Spitzer et al., 2025), and 
mixed initiative interaction (Li et al., 2025) then become central because they shape who initiates, decides, 
and executes during a task. Evaluation becomes fragile when studies report outcomes without stating the 
assumed mode, or when metrics travel across settings with different authority structures and interaction 
dynamics (Fragiadakis et al., 2024). This challenge is reinforced by HAIC’s cross disciplinary roots, where IS 
foregrounds socio technical embedding (Sawyer & Jarrahi, 2014) and CS and HCI foreground task paradigms 
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and interaction mechanisms (Amershi et al., 2019). Accordingly, we treat conceptual consolidation and 
concept to evaluation mapping as linked steps in the synthesis.

3. Methodology

We conducted a structured literature review across authoritative IS and CS outlets: AIS eLibrary (AISeL), ACM 
Digital Library, and IEEE Xplore (Webster & Watson, 2002). We used two keyword blocks, combining HAIC- 
related terms (e.g. human – AI collaboration/teaming, hybrid intelligence, AI augmentation) with concep
tualisation and evaluation terms (e.g. definition, framework, taxonomy, evaluation, measurement, metrics) 
using AND. We applied the same query logic across all three databases, and the corpus was restricted to 
peer-reviewed journal and conference publications from 2018 to 2025. We set 2018 as the lower bound 
because work from this period consistently frames human and AI as interdependent collaborators and 
foregrounds interaction and evaluation considerations aligned with our review questions (Jarrahi, 2018), 
while 2025 was used as the upper bound to capture the most recent publication cycle available at screening.

3.1. Screening procedure

To ensure transparency and reproducibility, we summarise the search and screening workflow and record 
counts in Figure 1.

The search returned 184 records from AISeL, 1,081 from ACM, and 936 from IEEe. Because we 
combined HAIC terms with a conceptualisation and evaluation keyword block, the retrieved records 
were skewed towards CS outlets. In pre-tests using HAIC terms only, the IS – CS gap was much 
smaller, but the IS yield dropped sharply once conceptualisation and evaluation terms were added, 
suggesting that up to recently fewer IS papers foreground these aspects in searchable fields. After 
deduplication, 2,193 unique records remained. We applied a two-stage screening process (title/ 
abstract, then full text) using predefined inclusion and exclusion criteriA. We retained studies that 
explicitly conceptualise HAIC (e.g. provide definitional passages or describe collaboration forms) and/ 
or operationalise and evaluate HAIC (e.g. measures of collaboration processes, quality, or outcomes). 
We excluded papers that treated ‘collaboration’ only as background context or focused primarily on 

Figure 1. Procedure for extracting and screening literature.
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technical development without evaluating the human – AI collaboration phenomenon (e.g. Zabaleta 
et al., 2019). Following full-text screening, 149 studies were retained; Figure 1 summarises the search 
and screening process. All analyses in this paper are based on this fixed corpus of 149 studies 
published up to 2025. We may extend the review in future work through backward and forward 
citation searching, any additional studies published in 2026 fall outside the current search window.

3.2. Data extraction & preliminary coding scheme

We extracted (1) descriptive metadata, including publication year, venue or discipline, and task 
context, and (2) analytic data aligned with our two main synthesis outputs, namely a concept table 
(see Table 1) and a theme co-occurrence matrix (see Table 2). For concept synthesis, we extracted 
definition related passages from each study and treated these excerpts as evidence. We then triangu
lated two to three excerpts per concept to formulate an integrative definition and specify boundary 
conditions that distinguish the concept from adjacent terms. Table 1 reports ten concepts because 
these were the themes for which the included studies most consistently provided explicit definitional 
passages and distinguishable boundary conditions; for instance, definitional passages typically use 
explicit ‘refers to . . . ’ formulations that specify the collaboration relationship, whereas boundary 
conditions explicitly exclude adjacent arrangements such as one-way tool use or automation-first 
substitution logics. We retained a broader theme dictionary of 16 themes for corpus level coding 
and co-occurrence mapping. For matrix construction, we applied the 16 theme dictionary and coded 
each paper for the presence (1) or absence (0) of each theme. Coding was led by the first author and 
refined through pilot coding and iterative calibration discussions with the co-authors, during which 
overlapping labels were merged and ambiguous cases were resolved to support consistent corpus- 
level coding. Theme co-occurrence was computed as the number of studies in which two themes were 
both coded as present and summarised in a co-occurrence matrix. To interpret overlap relative to 
theme prevalence, we also computed the Jaccard index for each theme pair (Jaccard, 1901), which 
helps reduce the risk of treating highly prevalent themes as central solely because they appear often 
(Fletcher & Islam, 2018).

3.3. Synthesis strategy

Our synthesis proceeds in three steps. First, we develop a concept table by synthesising definitional evidence 
and recurring boundary conditions across the included studies (see Table 1). Second, we use the theme co- 
occurrence structure to summarise how themes relate across studies (see Table 2). Third, we translate salient 
co-occurrence patterns into a set of preliminary research streams by starting from anchor theme pairs, 
expanding each stream with closely connected neighbouring themes, and corroborating the interpretation 
through targeted close reading. To reduce the risk that highly prevalent themes dominate this grouping, we 
interpret patterns in light of theme prevalence and treat hub-like themes as background rather than as 
stream drivers. The resulting streams serve as an organising lens for reporting and discussing the results, not 
as exhaustive categories or causal claims, and exemplar studies are selected to ground each stream’s 
narrative.

4. Results

This section reports the results of our concept-centric synthesis of the 149 included studies, focusing 
on how HAIC is conceptualised across IS and CS and how these conceptualisations connect to 
evaluation and governance related themes. Table 1 presents the 16 concepts identified in the review 
and reports synthesised definitions only where sufficiently consistent definitional passages were 
available, resulting in 10 defined concepts (A – J). Table 2 reports the co-occurrence structure across 
the coded themes in the corpus, which we use to quantitatively identify robust link patterns and to 
derive an indicative set of preliminary research streams.
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Table 1. HAIC key concepts, definitions and distinguishing characteristic.
Theme name Concept type Representative definition (synthesised) Key characteristics/boundaries

A Human-AI 
Collaboration/ 
Interworking

Collaboration 
definition

Human–AI collaboration/interworking refers to 
a collaborative relationship in which humans 
and AI (or AI-enabled systems) engage in 
complementary division of labour and mutual 
interdependence to solve problems or 
accomplish tasks Fabri et al. (2023). Its core lies 
in a collaborative process of joint output and/or 
joint decision-making, rather than a one-way 
“human uses AI as a tool” mode of use Metcalfe 
et al. (2021).

•Joint participation in problem solving and task 
accomplishment Fabri et al. (2023). 

•Close interworking characterised by tight 
human–AI coupling and mutual dependence 
Fabri et al. (2023). 

Boundary: Excludes “Human or AI” framings 
where AI is merely a tool or alternative rather 
than a collaborator Metcalfe et al. (2021).

B Human-AI 
Teaming

Collaboration 
definition

Human–AI teaming refers to a team composed of 
at least one human member and at least one AI 
system/agent with some degree of autonomy, 
who collaborate toward a shared task or goal 
Krausman et al. (2022).

•A team consists of one or more humans and one 
or more autonomous systems or intelligent 
agents collaborating toward a task or goal 
Krausman et al. (2022). 

•AI is treated as a teammate, rather than merely 
a tool or a back-end automation module Jha 
et al. (2024). 

Boundary: Excludes tool-like or back-end 
automation roles that do not qualify as team 
membership Schelble et al. (2022).

C Hybrid 
Intelligence

Collaboration 
definition

Hybrid Intelligence (HI) refers to the intentional 
integration of human intelligence and AI/ 
machine intelligence Schlup and Corradini 
(2024), whereby interaction and 
communication between human and machine 
actors enable them to jointly address 
cognitively intensive or complex tasks 
Rockbach et al. (2022) and achieve outcomes 
that are difficult to attain with humans or AI 
alone Krinkin et al. (2021).

•Combines human and machine intelligence to 
address cognition-intensive tasks Schlup & 
Corradini (2024). 

•Integration is realised through interaction and 
communication between human and artificial 
agents Rockbach et al. (2022). 

Boundary: Requires complementarity such that 
goals are unattainable by either humans or 
machines alone Krinkin et al. (2021).

D Intelligence 
Augmentation

Collaboration 
definition

Intelligence Augmentation (IA) refers to the use of 
information technologies and AI to enhance 
human capabilities, intelligence, and 
performance. Its central aim is to improve what 
humans can do and how well they can do it 
Zhou et al. (2021), rather than to replace 
humans through automation Paul et al. (2022).

•Explicitly oriented toward human capability uplift 
rather than machine-led autonomy Paul et al. 
(2022). 

Boundary: Excludes automation-first substitution 
logics, instead framing IA as improving human 
capacity and quality of life Zhou et al. (2023).

E Agency & Control 
Allocation

Collaboration 
mode 
definition

Agency & Control Allocation refers to the 
distribution and dynamic adjustment of task 
initiation, decision authority, action execution, 
and ultimate accountability between human 
actors and AI or autonomous systems in 
human–AI collaboration or teaming contexts 
Van der Aalst (2021).

•Control and contribution to decision making can 
shift between user and system Dubey et al. 
(2020). 

Boundary: Focuses on how to keep humans in 
control when deciding what and how to 
automate Van der Aalst (2021).

F Delegation/Task 
Allocation

Collaboration 
mode 
definition

Delegation or task allocation refers to the 
mechanism through which specific task 
instances, subtasks, or decision authority are 
assigned or transferred between humans and 
AI in human–AI collaboration Spitzer et al. 
(2025).

•Its purpose is to improve team-level task 
performance, such as accuracy and efficiency 
Spitzer et al. (2025) 

•Allocation decisions are typically informed by 
considerations of complementary capabilities, 
contextual information, uncertainty or 
confidence, and expected performance Fuchs 
et al. (2024). 

Boundary: Includes dynamic delegation of 
decisions to the actor deemed more suitable at 
a given time Fuchs et al. (2024).

G Mixed-Initiative 
Interaction

Collaboration 
mode 
definition

Mixed-initiative interaction refers to a human–AI 
collaborative interaction paradigm in which 
both humans and AI can initiate, advance, or 
take over actions, decisions, or creative 
contributions during task execution Li et al. 
(2025).

•Humans and AI jointly contribute to decisions, 
with AI treated as a peer collaborator Li et al. 
(2025). 

•Initiative dynamically shifts and is exchanged 
during complex work processes Muller and 
Weisz (2022). 

Boundary: Requires bilateral initiative, including 
contexts where both parties take initiative in 
co-creation Rezwana and Maher (2023).

H Trust Calibration/ 
Reliance 
Dynamics

Collaboration 
mode 
definition

Trust calibration and reliance dynamics refer to 
the degree to which a person’s trust in and 
reliance on AI, in collaboration or teaming 
contexts, align with the AI’s actual capabilities 
and performance, and how this alignment 
evolves over time Duan et al. (2024).

•Appropriate calibration requires matching trust 
and reliance to true system capability (Pareek 
et al. (2024). 

Boundary: Emphasises case-specific decisions 
about when to trust or distrust in use Zhang 
et al. (2020).

(Continued)
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4.1. Most prominent conceptualisations of human – AI collaboration in IS and CS

Across the cross-disciplinary corpus, we identified 16 recurring concepts (Table 1). These concepts span both 
what collaboration is and how collaboration is enacted and governed. Four concepts (A – D) primarily define 
collaboration itself by specifying the relationship between human and AI actors (e.g. interdependence, joint 
contribution, and the intended purpose of combining capabilities). A further six concepts (E – J) define 
collaboration in terms of modes and mechanisms that structure interaction and responsibility, such as who 
holds agency, how control is allocated, how tasks are delegated, how initiative is shared, and how reliance is 
managed. The remaining six themes (K – P) function mainly as coding themes that capture evaluation 
dimensions, outcomes, or analytic lenses; these were retained to support cross-study mapping but were not 
treated as definitional concepts because explicit definitional passages were not consistently available.

In this section, the ‘most prominent conceptualisations’ refer to the conceptual anchors identified by (i) 
recurring presence across IS and CS studies and (ii) sufficiently consistent definitional passages to support 
synthesis.On this basis, the ten synthesised concepts (A – J) represent the most stable conceptual anchors in 
the corpus. Within the core collaboration definitions (A – D), studies converge on the idea that HAIC involves 
more than one-way tool use by emphasising some form of joint contribution or interdependence, while 
differing in how strongly the AI is treated as an autonomous partner and what the human – AI arrangement 

Table 1. (Continued).
Theme name Concept type Representative definition (synthesised) Key characteristics/boundaries

I Explainability/ 
Transparency 
(mechanism- 
linked)

Collaboration 
mode 
definition

Explainability and transparency refer to providing 
interpretable and actionable explanatory 
information that makes an AI system’s 
reasoning basis, problem identification logic, 
prediction rationale, and relevant uncertainty 
or behavioural grounds transparent to human 
collaborators Kim et al. (2023), thereby directly 
supporting collaborative judgment and action 
in specific task contexts Zhang et al. (2020).

•Makes AI more understandable to people 
through interpretable explanations Kim et al. 
(2023). 

•Prioritises practically useful information that 
improves collaboration rather than technical 
detail Kim et al. (2023).

J Accountability/ 
Responsibility 
(decision-chain- 
linked)

Collaboration 
mode 
definition

Accountability and responsibility refer to the 
explicit and traceable assignment of 
responsibility for decision processes and 
outcome consequences in contexts where 
humans and AI jointly contribute to decisions 
or task execution Zhang et al. (2020).

•Addresses who is responsible when humans and 
AI jointly shape decisions and outcomes Muller 
and Weisz (2022). 

•Requires explicit responsibility assignment across 
recommendation, acceptance or override, and 
outcomes Zhang et al. (2020).

K Evaluation, Measurement Not synthesised Used as coding theme, not defined
L Performance, Effectiveness Not synthesised Used as coding theme, not defined
M Productivity/Work Outcomes Not synthesised Used as coding theme, not defined
N Communication/Coordination Not synthesised Used as coding theme, not defined
O Autonomy Level Not synthesised Used as coding theme, not defined
P Framework, Conceptual Model Not synthesised Used as coding theme, not defined

Table 2. Theme co-occurrence counts & Jaccard matrix.
K E P H I A F G N M L J C D O

K 30 32 27 28 25 21 16 17 12 38 12 11 10 4
E 0.27 16 17 16 21 13 13 12 11 3 10 13 9 7
P 0.28 0.21 13 12 16 15 16 13 12 10 11 11 9 3
H 0.25 0.26 0.18 24 16 12 10 12 13 8 11 10 8 3
I 0.27 0.26 0.17 0.49 15 13 11 12 11 9 11 6 10 2
A 0.23 0.38 0.24 0.28 0.28 12 11 12 10 1 10 10 7 0
F 0.21 0.24 0.26 0.23 0.28 0.26 14 12 12 9 11 9 5 2
G 0.16 0.26 0.31 0.20 0.26 0.26 0.45 13 10 7 10 7 7 3
N 0.17 0.24 0.24 0.26 0.29 0.29 0.38 0.50 10 2 11 5 5 2
M 0.12 0.22 0.23 0.30 0.28 0.24 0.40 0.37 0.38 2 10 8 6 1
L 0.37 0.04 0.12 0.11 0.13 0.01 0.15 0.13 0.03 0.03 1 2 1 2
J 0.12 0.22 0.22 0.27 0.31 0.27 0.41 0.43 0.52 0.50 0.02 5 6 0
C 0.10 0.23 0.17 0.18 0.11 0.20 0.21 0.18 0.12 0.22 0.03 0.14 0 4
D 0.09 0.17 0.16 0.16 0.24 0.16 0.13 0.23 0.16 0.21 0.02 0.24 0.00 3
O 0.04 0.15 0.05 0.07 0.05 0.00 0.06 0.11 0.07 0.04 0.04 0.00 0.12 0.12

Note: Upper triangle (white background) = co-occurrence counts; Lower triangle (light-grey background) = Jaccard. Bold (upper) = Top10 
counts among pairs; Bold (lower) = pairs with Jaccard ≥ 0.45 AND n ≥ 14. The union of these bolded pairs constitutes the core link set used to 
derive the preliminary stream structure. All statistics are computed after excluding Theme B (Human–AI Teaming).
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is meant to achieve. For example, teaming-oriented accounts foreground role expectations and coordination 
around a shared task, whereas hybrid-intelligence and augmentation framings emphasise complementary 
strengths but vary in whether the emphasis is on joint system-level capability versus enhancing human 
capability.

The mode/mechanism concepts (E – J) shift attention from ‘what HAIC is’ to ‘how it operates’. Here, 
collaboration is conceptualised through arrangements, whether explicitly designed or emergent in practice, 
that shape how authority, initiative, and accountability are distributed across a task. This layer makes the 
evaluation problem more explicit: what counts as ‘good collaboration’ depends not only on outcomes but 
also on whether governance, reliance, and explanation mechanisms support appropriate human control and 
responsibility in the interaction. Taken together, Table 1 shows that conceptualisations in IS and CS are not 
competing alternatives but often complementary lenses: core definitions establish the collaboration rela
tionship, while mode/mechanism concepts specify the interactional and governance structures through 
which that relationship is realised.

4.2. Theme co-occurrence and concept – evaluation linkages

To examine how conceptual and evaluation themes connect across studies, we constructed a theme co- 
occurrence matrix and a normalised association indicator (Table 2). Co-occurrence counts capture absolute 
overlap: for each theme pair, the count reports how many studies coded both themes as present. Because 
some themes are broadly used across the corpus, raw counts can overstate apparent ‘centrality’ for high- 
prevalence themes. We also report the Jaccard index, which expresses overlap relative to each theme’s 
overall prevalence and helps distinguish selective coupling from popularity alone.

To identify robust linkages and reduce hub-driven effects, we re-ranked theme pairs after excluding 
Theme B (Human – AI Teaming), which is the most prevalent theme in the corpus and co-occurs with many 
other themes. We compute both the co-occurrence counts and the Jaccard similarity on the B-excluded 
matrix so that the strongest links are not dominated by a single high-prevalence theme. While other 
normalisation strategies are possible; we adopt this procedure because it is transparent, easy to reproduce, 
and helps surface more selective couplings among the remaining themes.We then selected candidate links 
using a two-part rule. First, we retained the Top 10 pairs by co-occurrence count to capture the most 
frequently co-discussed connections (the smallest count in this set was n = 17). Second, to avoid missing 
tightly coupled but less frequent mechanism pairs, we added the highest-frequency pair (s) with Jaccard ≥  
0.45 that still met a minimum co-occurrence threshold (n ≥ 14). After removing any duplicates across the two 
steps, the resulting link set (bolded and shaded grey in Table 2) provides the basis for grouping recurring 
patterns into preliminary research streams. Importantly, co-occurrence indicates association rather than 
causality; accordingly, we treat these streams as organising lenses, and we corroborate their interpretation 
via targeted close reading of the main contributing studies.

To make the stream derivation transparent, we constructed streams from the selected link set in three 
steps. First, we treated each stream’s anchor pair as a seed and assigned it to a provisional cluster (Stream A: 
Measurement & Performance; Stream B: Governance & Control; Stream C: Trust Calibration; Stream D: 
Delegation & Mixed-Initiative). Second, we expanded each cluster by adding any theme that (i) appears in 
the selected link set and (ii) connects directly to the cluster through at least one retained pair; where a theme 
connected to multiple clusters, we assigned it to the cluster with the stronger and more coherent set of 
retained links, and treated the remaining connections as cross-stream ties. Third, we corroborated the 
resulting cluster labels through targeted close reading of the main contributing papers for each anchor 
pair to ensure that the stream name reflects the shared conceptual and evaluative focus indicated by the link 
patterns.

First, the Measurement & Performance stream is signalled by links between evaluation/metrics themes 
and outcome-oriented themes (e.g. performance and effectiveness, and where relevant productivity/work 
outcomes). Studies in this cluster commonly treat collaboration quality as demonstrable gains in task 
success, accuracy, or efficiency under specific task paradigms, often making evaluation design and metric 
choice central to the contribution (He et al., 2023).

Second, the Governance & Control stream is reflected in repeated associations among themes that specify 
how authority and responsibility are distributed (e.g. agency and control allocation, accountability/ 
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responsibility, and autonomy-related considerations) and their connections to evaluation. Here, collabora
tion quality is often framed through how systems structure decision rights, oversight, and responsibility 
boundaries, especially where risk, uncertainty, or organisational consequences make governance salient 
(Dubey et al., 2020).

Third, the Trust Calibration stream is characterised by selective coupling between reliance dynamics and 
informational support themes such as explainability/transparency. In this cluster, collaboration quality is 
commonly treated as appropriate reliance over time and across cases, with explanatory support frequently 
co-occurring as part of how calibration is examined in evaluation designs (Kim et al., 2023). As with all co- 
occurrence findings, these patterns reflect association rather than evidence of causal effects.

Finally, the Delegation & Mixed-Initiative stream is best read as an interaction-mechanism cluster rather 
than a fully independent agenda: the core pair captures how collaboration is enacted through task routing 
and initiative sharing. Its connections to governance and trust-related themes suggest that delegation and 
initiative often function as the ‘plumbing’ that operationalises control allocation and shapes reliance 
dynamics in practice, instead of appearing only as implementation detail (Hemmer et al., 2023).

Table 3 summarises these four streams by consolidating their key ideas, illustrative studies, and the main 
open questions that recur across the mapped link patterns. The ‘future research’ column is intended as 
a compact, evidence-informed agenda derived from the stream structure rather than as definitive prescrip
tions. For DSS researchers, this stream summary can also serve as an organising lens for designing and 
evaluating AI-enabled decision support.

In the following discussion, we use this stream-based synthesis to position our contribution in relation to 
prior HAIC scholarship and to clarify the theoretical and practical implications of the review.

5. Discussion

This study harmonised the conceptual vocabulary of human – AI collaboration (HAIC) across Information 
Systems (IS) and Computer Science (CS) and linked these conceptualisations to how collaboration is 
evaluated in prior work. By consolidating definitional evidence where it is consistently available and by 
mapping cross-theme relatedness through co-occurrence and normalised overlap, the review offers an 
empirically grounded view of what structures the HAIC discourse and how evaluation logics travel with 
different conceptual framings.

Table 3. Summary of preliminary HAIC research streams derived from theme Co-occurrence.

Research stream
IS/CS 
count Key Ideas Representative studies Future research

Stream A: 
Measurement 
and 
Performance

6/42 • Metric-driven evaluation of HAIC; 
• Short-horizon, ground-truth task bias 

evaluation paradigms; 
• Uneven construct-to-metric 

alignment when metrics are weakly 
anchored to frameworks/definitions

He et al. (2023) 
Jha et al. (2024). 
Sadeghian et al. (2024)

• Integrate work-level consequences (e.g. 
experience) alongside performance when 
claiming organisational relevance 

•Test robustness of concept–metric mappings

Stream B: 
Governance & 
Control

6/33 • Governance treated as both a design 
object and an evaluative concern; 

• Allocation of authority and 
responsibility under uncertainty; 

• Governance salience in high-stakes 
contexts;

Dubey et al. (2020) 
Teodorescu et al. (2021) 
Caldwell et al. (2022)

• Test whether control-allocation strategies 
remain robust as tasks evolve, uncertainty 
rises, or incentives shift. 

• Assess governance effects on work-level 
outcomes (eg., 
meaningfulness)

Stream C: Trust 
Calibration & 
Explainability

2/39 • Frame calibration as aligning reliance 
with actual capability (not 
maximising trust). 

• Explanations as case-based reliability 
cues, not generic transparency. 

• Calibration is dynamic over time with 
feedback.

Zhang et al. (2020) 
Kim et al. (2023) 
Duan et al. (2024) 
Pareek et al. (2024)

• Specify and test mechanism pathways: 
explanation design → reliance behaviour 
→ calibration (incl. post-error repair). 

• Measure calibration outcomes directly (not 
only downstream accuracy).

Stream D: 
Delegation & 
Mixed 
Initiative

3/13 • Task ownership and handoffs; 
• Collaboration quality as experienced 

in handoffs; 
• Especially salient in open-ended/co- 

creative tasks;

Hemmer et al. (2023) 
Pinski et al. (2023) 
Rezwana and Maher (2023) 
Muller and Weisz (2022)

• Boundary conditions for handoff intensity; 
• Directionality and mechanism tests;

Note: Counts are non-exclusive; one study may contribute to multiple streams. IS/CS is determined by database source (AISeL = IS; ACM/IEEE = CS).
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Our synthesis suggests that despite a wide range of labels used to describe human – AI work only 
a relatively small subset of concepts emerges as theoretically and empirically central in the cross-disciplinary 
corpus. This work extends Vaccaro et al. (2024) and Berretta et al. (2023) by moving beyond conceptual 
discussions towards a systematic cross-disciplinary analysis, identifying the core constructs and boundary 
conditions that structure how human – AI collaboration is defined and differentiated.

Our quantitative mapping further demonstrates the extent to which these concepts are related, moving 
beyond narrative, conceptually fragmented accounts of the field (Baer et al., 2025) towards an evidence- 
grounded mapping of recurring link patterns. In particular, the co-occurrence structure shows that evalua
tion themes operate as a recurrent connector across multiple conceptual framings rather than as a peripheral 
methodological detail, and that some mechanism linkages remain selective even after normalising for 
prevalence (e.g. tight coupling between reliance dynamics and informational support; Kim et al., 2023). In 
this way, the study strengthens interpretability by showing which concerns reliably travel together across 
studies and which associations may be driven by broad theme popularity. The stream structure should also 
be read in light of corpus composition. Because the search targets studies that explicitly engage with HAIC 
conceptualisation or evaluation, CS work is more heavily represented and may exert greater influence on the 
co-occurrence patterns. At the same time, the stream candidates are not purely CS-specific. Each stream 
contains some IS studies (A: 6/42; B: 6/33; C: 2/39; D: 3/13, IS/CS). This pattern suggests that the streams 
capture recurring cross-disciplinary concerns, while the relative weight of evidence differs by stream and is 
particularly limited for trust-calibration work in IS outlets. Accordingly, we treat the streams as indicative 
organising lenses for the retrieved corpus rather than as balanced population estimates across IS and CS. 
Taken together, the corpus composition also suggests a gap in IS research. Within our retrieved corpus, 
comparatively fewer IS studies foreground HAIC conceptualisation and, in particular, evaluation as primary 
objects of analysis. This under-representation matters for cumulative progress in IS because construct clarity 
and assessment logic are central for comparing findings across organisational settings.

In DSS research, Table 1 helps distinguish collaboration constructs from collaboration modes, reducing 
the risk of treating one-way tool use or automation substitution as ‘collaboration’ in design and evaluation 
claims (Metcalfe et al., 2021). The identified research streams provide guidance for the design and evaluation 
of AI-based decision support systems by highlighting recurring aspects emphasised in the HAIC literature, 
such as trust calibration, responsibility boundaries, and evaluation goals. This guidance should be read as an 
evidence-informed organising lens derived from the retrieved corpus, rather than as a prescriptive design 
standard. Against this backdrop, the theoretical and practical implications of these findings are threefold. 
First, for the HAIC body of knowledge, the results support more cumulative progress by clarifying a shared 
vocabulary and boundary conditions that distinguish collaboration from one-way tool use and automation- 
oriented substitution, thereby reducing false comparability (Berretta et al., 2023) across studies that use 
different labels for non-equivalent arrangements. Second, for evaluation research, the mapped link patterns 
suggest that what counts as ‘collaboration quality’ is often implicitly set by measurement choices. Prior work 
cautions that when outcomes are reported without clarifying the assumed collaboration mode, evaluation 
becomes fragile and cross-study comparisons can be misleading (Fragiadakis et al., 2024). This makes 
concept-to-measure alignment especially important when comparing tasks that differ in uncertainty, time 
horizons, and accountability demands. Third, the stream structure provides an organising lens for synthesis
ing how outcome-oriented goals, governance arrangements, reliance management, and interaction 
mechanisms are jointly discussed in the HAIC literature. To make this structure actionable, Table 3 con
solidates each stream’s key ideas, illustrative studies, and the recurring open questions suggested by the link 
patterns; this agenda is intended as evidence-informed guidance rather than definitive prescriptions.

6. Conclusion

This review synthesises how IS and CS research conceptualises HAIC and how those conceptualisations align 
with evaluation emphases. Drawing on 149 studies published from 2018 to 2025, we used a concept-centric 
synthesis to stabilise core terms and boundary conditions, and we mapped theme relatedness using a co- 
occurrence matrix with a normalised association indicator. The resulting picture suggests a two-level 
structure. Some concepts frame what collaboration is and what it is for, while others describe the 
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mechanisms and governance conditions through which collaboration unfolds and is assessed. These 
patterns, in turn, motivate four preliminary streams.

Several limitations shape how these findings should be read. Our corpus reflects the coverage of the 
selected databases and the reach of our search strings. As a result, IS outlets are less represented than CS 
outlets in the final sample, so the mapped link patterns should be interpreted as indicative of the 
retrieved corpus rather than as population estimates across the two domains. Co-occurrence captures 
association, not causality, so stream boundaries should be treated as an interpretive map rather than 
evidence that one theme drives another. The coding scheme also compresses nuance. A theme dic
tionary can merge distinct meanings under one label, and the Jaccard index can be sensitive when 
themes are rare. Although we used boundary statements and a sensitivity check to reduce hub-driven 
effects, these steps cannot eliminate all dependence on coding choices.

Future work can deepen stream-level interpretation through closer reading and exemplar selection, with 
particular attention to how concepts are applied and operationalised across different task settings, and 
where their meaning or measurement varies. Building on the concept table and the co-occurrence structure, 
we plan to develop a multi-criteria HAIC evaluation framework that links outcomes to process and govern
ance dimensions and makes collaboration-mode assumptions explicit; these extensions are outside the 
scope of the present paper. This study contributes in two ways. First, it begins to harmonise HAIC concepts 
across IS and CS by establishing a shared vocabulary and specifying boundary conditions that distinguish 
collaboration from one-way tool use and from automation that replaces human work, offering a clearer basis 
for cumulative theorising and more consistent construct use across studies. Second, it provides a transparent 
mapping of how conceptual and evaluative themes cluster across IS and CS studies, offering a grounded 
starting point for stronger theory building and more comparable assessment designs.
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