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Abstract

Collective intelligence is the team-level general cognitive ability whereby teams
collaboratively address complex tasks or solve problems through collaboration,
communication, and knowledge sharing; its essence lies in transcending indi-
vidual limitations to achieve group-level cognitive synergy and performance en-
hancement. However, current research in this field still faces dual challenges of
conceptualization and measurement: conceptually, the coexistence of multidis-
ciplinary perspectives leads to inconsistent conceptual definitions, and theories
such as shared mental models, transactive memory systems, and interactive
team cognition lack an integrative framework; methodologically, the evaluative
paradigm excels at measuring overall effectiveness but is weak in revealing mech-
anisms, while the diagnostic paradigm is strong in process analysis but lacks
ecological validity. This study systematically reviews the conceptual evolution
of collective intelligence, elucidates the major theoretical models of its formation
mechanisms, and compares evaluative and diagnostic measurement paradigms.
On this basis, it proposes that future research should promote the integration
of measurement paradigms, construct multimodal dynamic assessment systems,
and strengthen research on human-Al collaborative teams, thereby expanding
the theoretical boundaries and application prospects of collective intelligence.
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Abstract: Collective intelligence refers to a team-level general cognitive ability
through which team members collaborate, communicate, and share knowledge
to tackle complex tasks or solve problems. Its essence lies in transcending indi-
vidual limitations to achieve cognitive synergy and efficacy enhancement at the
group level. Despite growing scholarly interest, the field continues to grapple
with significant challenges in both conceptual clarity and methodological rigor.
Conceptually, the construct is characterized by definitional heterogeneity stem-
ming from diverse disciplinary perspectives; moreover, prominent theoretical
frameworks—such as Shared Mental Models, Transactive Memory Systems, and
Interactive Team Cognition—remain fragmented, lacking a unifying integrative
model. In terms of measurement approaches, existing assessment approaches
exhibit complementary strengths and limitations: while evaluative methods ef-
fectively capture overall team performance, they offer limited insight into un-
derlying cognitive processes; conversely, diagnostic approaches provide detailed
process-oriented analyses but often sacrifice ecological validity. This study sys-
tematically reviews the conceptual evolution of collective intelligence, explains
the main theoretical models of its formation mechanisms, and compares evalua-
tive and diagnostic measurement paradigms. Based on this, we propose future
directions including promoting the integration of measurement paradigms, con-
structing a multimodal dynamic assessment system, and strengthening research
on human-AT collaborative teams to expand the theoretical boundaries and prac-
tical applications of collective intelligence.

Keywords: collective intelligence, team cognition, Human-AI collaboration
Classification Number: B848

Introduction

Throughout history, as humans have confronted uncertain environments and
complex challenges, intelligence has remained the core capacity enabling adap-
tation, survival, and innovation. Since Binet and Simon pioneered intelligence
measurement in 1905, intelligence has been regarded not only as a key predictor
of academic and occupational achievement but also as a fundamental psycho-
logical resource driving social progress, technological development, and cultural
evolution. Research on the measurement, structure, and function of intelligence
constitutes one of the earliest and most enduring topics in modern psychology.
However, many real-world complex problems and major breakthroughs cannot
be solved by individuals alone; rather, they emerge from collaboration and the
manifestation of collective wisdom among multiple individuals. Individual intel-
ligence does not always automatically translate into effective group performance
(Woolley et al., 2010), revealing the limitations of traditional intelligence theo-
ries in explaining multi-member system performance.

Against the backdrop of organizations and society increasingly relying on teams
to solve complex tasks, researchers have begun to explore whether teams possess
an intelligence analogous to individual intelligence—collective intelligence (also
translatable as “team intelligence” ). Recently, Science listed “How does group
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intelligence emerge?” among the 125 most cutting-edge scientific questions world-
wide, underscoring the scientific significance of collective intelligence research.
In this vein, Woolley et al. (2010) provided the first empirical evidence for the
objective existence of collective intelligence by adapting individual intelligence
test paradigms, demonstrating that collective intelligence is a systematic syn-
ergistic effect that significantly predicts team performance beyond individual
members’ intelligence. As a typical team-level construct, research has shown
that collective intelligence’ s formation and development are based on both in-
dividual member characteristics (i.e., intelligence and personality) and, more
importantly, on team cognitive structures and social coordination mechanisms
dynamically generated through member interaction. This systemic team-level
attribute manifests in processes such as information sharing, perspective inte-
gration, and conflict coordination (He et al., 2019; Leitao et al., 2022; Li et al.,
2019; Woolley et al., 2010), with its core function deriving from team-level cog-
nition shaped by member cognitive interactions rather than simple aggregation
of individual traits.

Collective intelligence is a team-level construct that emerges through team-
work. Due to its complexity beyond individual intelligence, it faces challenges
in conceptual definition, theoretical exploration of formation mechanisms, and
methodological construction. The lack of unified conceptual definitions and for-
mation mechanisms has led to significant divergence in measurement approaches,
which not only weakens comparability across studies but also constrains theoret-
ical and practical advancement in the field. Second, traditional teams consist of
human members who rely on their respective expertise, cognitive abilities, and
social skills to complete tasks together. However, with the rapid development of
artificial intelligence technology, modern team composition is no longer limited
to humans but increasingly evolves into human-ATI hybrid teams. From smart-
phone voice assistants to enterprise-level intelligent decision-making systems, Al
applications have become widespread, with AT roles transcending tool attributes
to become organizational members with specific roles (e.g., coordinators, orga-
nizers) and functions (Gupta & Woolley, 2021; Siemon, 2022). Growing re-
search and practice demonstrate that Human-AT Collaboration is not only tech-
nically feasible but also an inevitable trend in future organizational development
(Wang et al., 2020). The State Council’ s “Opinions on Deeply Implementing
the ‘Al Plus’ Action” explicitly proposes promoting transformation in philos-
ophy and social science research methods toward human-machine collaboration
and exploring new research organizational forms adapted to the AI era. This
strategic orientation urgently requires us to deeply investigate the essential con-
notation, core components, and scientific measurement methods of collective
intelligence in the context of Human-AI Collaboration, providing theoretical
support and practical guidance for achieving systematic paradigm transforma-
tion. Meanwhile, domestic research on collective intelligence remains relatively
scarce, which is not conducive to implementing the guiding requirements for
student collaborative learning and team competency cultivation outlined in pol-
icy documents such as the “Opinions of the Ministry of Education and Eight
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Other Departments on Accelerating Educational Digitalization” and “China
Education Modernization 2035.” Against this backdrop, systematically study-
ing collective intelligence, revealing its formation mechanisms, and establishing
scientific measurement methods have become critical supports for promoting
policy implementation and cultivating team collaboration competencies, while
also providing theoretical foundations and practical pathways for constructing
new cooperation models in “Al Plus” environments.

Accordingly, this study aims to systematically review the conceptual evolution
of collective intelligence, deeply analyze three mechanism models of team col-
laboration, and examine the advantages and limitations of two mainstream
measurement paradigms. Based on this analysis, we propose three research
directions: (1) integrating measurement paradigms through innovative task de-
sign and multi-dimensional process data analysis to construct a comprehensive
assessment framework that balances ecological validity and mechanism diagno-
sis; (2) establishing a multimodal dynamic assessment system that integrates
behavioral, physiological, and neural data sources to achieve quantification of
the entire team interaction process; and (3) systematically exploring research
paradigms and methodologies for human-Al collaborative teams, focusing on
frontier challenges such as cognitive division of labor, coordination mechanisms,
and trust establishment between humans and intelligent agents.

2.1 Conceptual Evolution of Collective Intelligence

The development of the collective intelligence concept reflects a fundamental
shift in human understanding of team cognitive capabilities. Its evolution spans
centuries, moving from early philosophical speculation and sociological skepti-
cism toward empirical research and interdisciplinary integration, becoming a
cutting-edge topic at the intersection of management, computational science,
social science, and ecology in contemporary times.

This exploration originated in the 18th-century Enlightenment with Condorcet’
s “jury theorem,” which posited that if individuals could make independent
judgments based on rationality and private information, group decisions made
through aggregation mechanisms could outperform single individuals, laying a
theoretical foundation for collective intelligence. However, 19th-century sociol-
ogy generally held skeptical views. Scholars such as Gustave Le Bon, analyzing
group behavior during the French Revolution, proposed the “crowd theory,”
arguing that individuals in groups easily become irrational and emotional, with
collective behavior often leading to the annihilation of reason and degradation
of judgment (Yu et al., 2018). Until the late 19th century, Galton challenged
this notion through the “ox-weight guessing” experiment, demonstrating that
the median judgment of a group could surpass that of individual experts, while
biological observations also revealed that ants, bees, and other organisms ex-
hibit “superorganism intelligence” through collaboration, suggesting deep roots
of collective intelligence in nature (Galton, 1907; Seely, 1995; Wheeler, 1922;
Yu et al., 2018).
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The latter half of the 20th century witnessed a significant shift from phenomeno-
logical description to conceptual definition and cross-disciplinary theoretical con-
struction. Research gradually moved beyond early simple questioning of group
rationality to deeply exploring the unique advantages and internal mechanisms
of group decision-making. Mid-period research began systematically identifying
the functional value of group wisdom, with Wechsler (1956) first attempting an
abstract definition of collective intelligence, emphasizing its role as a systemic
capability for groups to respond to external challenges and achieve common
goals. By the end of the 20th century, Heylighen (1999) extended this theory to
the management domain, validating the rationality of group decisions through
case studies and statistical methods, while Conradt and Roper (2003) provided
mathematical support for the advantages of collective collaboration from an
evolutionary perspective through mathematical modeling.

Entering the 21st century, collective intelligence research has entered a stage of
refinement and diversification. Surowiecki (2004) brought the concept to pub-
lic attention and proposed three core problem types that collective intelligence
can solve—cognition, coordination, and cooperation—establishing a preliminary
framework for the field. More critically, the research focus shifted from “whether
teams possess intelligence” to “how teams generate or form intelligence.” Wool-
ley et al. (2010) proposed that collective intelligence is a team’ s ability to
complete various tasks, emphasizing that its core lies in member interaction,
knowledge sharing, and coordination processes. This perspective laid the foun-
dation for understanding collective intelligence in psychology, highlighting the
critical role of interactive processes in shaping team performance (Curseu et
al., 2015; Krafft, 2018; Woolley et al., 2010; Woolley et al., 2015). Kurvers et
al. (2015) focused on how knowledge integration and collaboration mechanisms
enhance problem-solving efficiency, defining collective intelligence as the ability
of groups to outperform individuals on cognitive tasks. Palak and Wojtkiewicz
(2021) proposed from a team innovation perspective that collective intelligence
is an active intellectual cooperation process focusing on shaping and leverag-
ing innovative capabilities, thereby distinguishing it from traditional teamwork.
With information technology development, Narayanan et al. (2022) proposed
a more modern definition, stating that collective intelligence is the process by
which intelligent agents (including humans and software agents) distributed in
network environments participate in decision-making through mutual communi-
cation and information sharing, combining their environmental information and
feedback from other members to collaboratively complete tasks and achieve com-
mon goals, emphasizing the value of digital tools and collaboration platforms in
enhancing team cognition.

Looking back at the entire developmental trajectory, collective intelligence re-
search has evolved from philosophical and sociological speculation, through bi-
ological behavioral empiricism and mathematical modeling, to a technology-
enabled, multidisciplinary era. The core consensus has become increasingly
clear: collective intelligence transcends the mechanical sum of individual capa-
bilities, and its essence lies in members forming a team-level cognitive capacity
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through dynamic interactive processes such as collaboration, communication,
and knowledge sharing to effectively respond to complex challenges and solve
problems. Based on this, we propose that collective intelligence can be defined
as: a team-level general cognitive ability through which team members collabo-
rate, communicate, and share knowledge to jointly tackle complex tasks or solve
problems. This definition captures three key characteristics of collective intelli-
gence: (1) team-level cognitive capacity as its essential attribute; (2) realization
through social interaction (communication and collaboration) among members;
and (3) function-oriented toward solving complex tasks.

2.2 Mechanism Models of Collective Intelligence

Based on the IPO (Input-Process-Output) model (Hackman, 1987), collective
intelligence formation involves three aspects: the input layer includes potential
resources such as cognitive abilities, knowledge reserves, and personality traits
possessed by individual team members; the process layer comprises dynamic
mechanisms through which members integrate, transform, and apply individual
resources via interactive processes such as communication, coordination, con-
flict management, and knowledge sharing; and the output layer represents the
cognitive capabilities and performance outcomes that emerge from interaction
processes, exceeding the simple sum of individuals and representing the team
as an integrated system. However, merely defining collective intelligence or de-
scribing its external manifestations (i.e., quantity of tasks completed, speed of
task completion) is insufficient to reveal its deep operational principles. To truly
understand how teams achieve “the whole is greater than the sum of its parts,”
effectively respond to complex tasks, and demonstrate exceptional team cogni-
tive capabilities, we must deeply explore their internal cognitive mechanisms—
that is, understanding how teams cooperate is key to understanding collective
intelligence.

To better explain the cognitive mechanisms in team collaboration and task exe-
cution, researchers have proposed various mechanism models, among which the
most well-known are Shared Mental Models (SMMs), which emphasize team
members’ shared understanding of tasks and roles (Cannon-Bowers et al., 1993);
Transactive Memory Systems (TMS), which focus on the distribution and re-
trieval mechanisms of expertise among members (Wegner et al., 1991; Woolley
& Gupta, 2024); and the Interactive Team Cognition model (ITC), which empha-
sizes real-time interactive cognitive processes (Cooke et al., 2013). Each model
explains how members achieve knowledge integration, coordinated action, and
goal attainment through specific cognitive structures and interactive processes,
revealing the “black box” of collective intelligence emergence. A comparative
summary of these mechanism models is presented in Table 1 .

Shared Mental Models posit that team members’ shared knowledge struc-
tures enable them to form correct interpretations and expectations of team tasks,
thereby coordinating their behaviors to meet team task requirements and other
members’ needs (Cannon-Bowers et al., 1993; Klimoski & Mohammed, 1994; Bai
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Xinwen & Wang Erping, 2004), focusing on alignment of key psychological con-
structs such as task understanding and situational interpretation. Researchers
commonly use Pathfinder techniques, multidimensional scaling, cognitive map-
ping, and communication data analysis, employing metrics such as similarity,
accuracy, and distribution to quantify shared mental models (He Guibing &
Yang Qiong, 2006; Lin Xiaomin et al., 2014). For example, similarity between
two members’ mental models can be calculated using QAP correlation coeffi-
cients (Mathieu et al., 2000). Weller et al. (2014) supported that shared mental
models enhance internal team communication and coordination, particularly
the importance of rapid decision-making in high-pressure environments such as
military or medical teams. Shared mental models effectively illuminate how
teams respond to dynamic situations in high-pressure contexts, thereby enhanc-
ing problem-solving capabilities and overall performance.

Transactive Memory Systems focus on forming distributed cognitive net-
works through differential knowledge allocation, enabling team members to ef-
fectively assume responsibilities for knowledge storage and retrieval in specific
domains (Wegner et al., 1991). This model emphasizes shared cognition among
team members regarding “who knows what,” expanding the concept of team
cognition by focusing on knowledge sharing and retrieval. Transactive mem-
ory systems are primarily evaluated through social network analysis, measuring
structural quality by quantifying expertise distribution efficiency (i.e., central-
ity, connectivity metrics). Research indicates that a well-functioning transactive
memory system leads to better performance because team members can rapidly
access specialized knowledge (Mol et al., 2015; Zheng, 2012), particularly in
complex collaborative scenarios such as medical and engineering teams, where
clear cognition of expertise distribution among members reduces communication
costs and enhances crisis response speed (i.e., immediate mobilization of mem-
ber skills in operating room teams). The Transaction Systems Model-Collective
Intelligence (TSM-CI) further extends this logic, proposing that collective in-
telligence requires dynamic adaptation through the synergistic interaction of
Transactive Memory Systems (TMS), Transactive Attention Systems (TAS),
and Transactive Reasoning Systems (TRS) (Woolley & Gupta, 2024). Among
these, TMS focuses on knowledge complementarity and metamemory updat-
ing, TAS manages attention allocation and emergent collaboration, while TRS
maintains member motivation through goal negotiation and priority alignment.
The three systems collaborate according to environmental demands, with TMS
and TAS dominating efficiency and TRS strengthening maintenance functions
(Woolley & Gupta, 2024).

Interactive Team Cognition represents a breakthrough team cognition the-
ory that transcends traditional individual cognitive aggregation perspectives. Its
core lies in revealing how teams construct and update team cognition through
dynamic social interaction, positing that team cognition is fundamentally about
how team members interact and share information (Cooke et al., 2013; Cooke,
2015). This model emphasizes the fluidity of cognitive processes, demonstrating
that cognition emerges from social interaction rather than being a superposition
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of individual member traits. Even when individual members have relatively
limited capabilities, teams can still achieve successful collaborative performance
as long as they possess effective team interaction. Interactive Team Cogni-
tion shifts the focus from individual knowledge aggregation to collaborative
processes that lead to effective team operations, suggesting that performance
can be enhanced by designing team tasks that promote effective communication
and timely information sharing, thereby creating more adaptive team environ-
ments (Cooke et al., 2013). Measurement based on Interactive Team Cognition
must focus on interaction quality rather than knowledge stock, with researchers
employing methods that concentrate on the quality of communication, coordi-
nation, and information exchange among team members and their collaborative
dynamics (Cooke et al., 2013; Wildman et al., 2014). Specifically, commonly
used metrics include: communication coordination, which assesses collaborative
consistency among members by analyzing dialogue synchrony and complemen-
tarity (Gorman et al., 2020; Reitman et al., 2025); pattern stability, which
captures dynamic regularities in team interaction by using hidden Markov mod-
els to identify transition probabilities between communication states (Demir et
al., 2019; Reitman et al., 2025); response latency, which measures the timeliness
of information feedback among members (i.e., standard deviation of average re-
sponse time) to reflect real-time collaboration efficiency (Gorman et al., 2020);
and redundancy, which calculates the proportion of repetitive information to
reveal potential efficiency losses or resource waste in coordination processes
(Wooldridge et al., 2019). These metrics collectively construct a measurement
framework centered on interactive processes, enabling more precise capture of
the dynamic characteristics of team cognition and providing empirical evidence
for optimizing team collaboration.

The three mechanism models progress layer by layer from knowledge sharing,
distribution, and integration to interactive processes, jointly constructing a the-
oretical framework of collective intelligence spanning “static structure to dy-
namic evolution.” Although these three mechanism models explain the emergence
of collective intelligence from different perspectives, in real team collaboration
practice, these three mechanisms are not isolated but rather an organic whole
that intertwines and synergistically interacts. Examining them in combination,
rather than separately, can greatly deepen our understanding of how collec-
tive intelligence “emerges” from individual interaction. Shared mental models
represent the shared characteristics of team cognition, ensuring all members pos-
sess consistent understanding and expectations of goals, strategies, roles, and
situations (Cannon-Bowers et al., 1993), providing a cognitive foundation and
collaboration blueprint for effective team coordination and communication as
a prerequisite; transactive memory systems represent the distributed charac-
teristics of team cognition, serving as the core operational engine in dynamic
interaction, ensuring teams can flexibly and efficiently utilize cognitive resources
distributed across different members to respond to complex tasks; interactive
team cognition models play the role of bridging static blueprints and dynamic en-
gines, emphasizing the core process of communication and real-time interaction
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(Cooke et al., 2013). Collective intelligence is born from the virtuous cycle and
synergistic emergence among these three elements: shared cognitive foundations,
efficient distributed division of labor, and continuous real-time interaction.

3 Measurement Paradigms for Collective Intelligence

Measurement paradigms for collective intelligence are essentially operational
presentations of its mechanism models, with a deep theoretical mapping rela-
tionship between the two. Precise measurement of collective intelligence is both
fundamental for optimizing organizational management and promoting human-
AT collaboration, and an important direction for psychometrics to expand theo-
retical boundaries at the group level. Current research on collective intelligence
measurement can be summarized into two paradigms, corresponding to different
theoretical emphases of mechanism models. The evaluative measurement
paradigm focuses on overall team performance, emphasizing comprehensive
measurement of team effectiveness in collaborative tasks. This paradigm indi-
rectly reflects the cognitive consistency emphasized by shared mental models
and simultaneously embodies the team interaction effectiveness highlighted by
interactive team cognition models through team performance on standardized
assessment tasks. The diagnostic measurement paradigm focuses on analyz-
ing the internal structure and mechanisms of team cognitive processes, typically
employing multi-stage, decomposable experimental designs to separate individ-
ual contributions from team interaction effects, directly assessing the knowledge
distribution and coordination characteristics emphasized by transactive memory
systems. Simultaneously, this paradigm provides critical process analysis tools
for interactive team cognition models by quantifying communication quality
among members, transforming the theoretical proposition of “cognition as in-
teraction” into observable and diagnosable empirical indicators. The choice of
measurement paradigm depends on both researchers’ theoretical positions and
specific research questions. The following sections systematically elaborate on
the characteristics of these two measurement paradigms.

3.1 Evaluative Measurement Paradigm for Collective Intel-
ligence

The evaluative measurement paradigm for collective intelligence focuses on mea-
suring the level of collective intelligence. This approach uses the team as the
unit of analysis and measures team-level comprehensive cognitive ability through
standardized collaborative task performance. It emphasizes direct assessment
of team final outputs and overall effectiveness, typically employing structured
team tasks such as collective problem-solving, multi-round decision-making, or
innovative ideation to elicit collaborative behaviors, and quantifies collective
intelligence levels based on indicators such as task completion quality and effi-
ciency.

The collective intelligence test developed by Woolley’ s team represents a proto-
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typical tool of this paradigm. Riedl et al. (2021) systematically measured collec-
tive intelligence through standardized tasks and statistical modeling methods.
This study designed eight task types covering cognitive reasoning, collaborative
integration, and coordination strategies, including brainstorming, matrix reason-
ing, memory tasks, Sudoku, typing tasks, and word decoding. Specific tasks and
scoring methods are detailed in Table 2 . Using the digital experimental environ-
ment of POGS (Platform for Online Group Studies), researchers achieved behav-
ioral log data collection of member interaction trajectories, effectively ensuring
measurement objectivity and replicability. At the data analysis level, Riedl and
colleagues innovatively employed a two-stage structural equation model, con-
ducting meta-analysis on covariance matrices from 22 independent studies to
confirm the structural stability and measurement consistency of the c-factor
across task contexts. The Collective Intelligence Score (CI Score) is converted
to standardized Z-scores after extracting common factor loadings through prin-
cipal component analysis, demonstrating significant explanatory power in pre-
dictive validity tests under novel task conditions. Additionally, based on team
process data analysis, Riedl et al. (2021) constructed three major indicators to
assess team interaction quality and performance: individual skill consistency
(matching degree between member expertise and task requirements), strategy
coordination (completeness of task path coverage), and interaction coordination
quality (communication frequency).

The evaluative measurement paradigm directly assesses overall cognitive effec-
tiveness by quantifying team performance across multidimensional standardized
tasks. Such tasks can effectively elicit team collaborative behaviors and enable
simultaneous standardized testing of multiple teams through online platforms
while automatically collecting fine-grained process data (e.g., chat records). This
high-throughput data collection approach significantly improves research effi-
ciency, reduces costs, enables measurement and comparison of large team sam-
ples, and provides rich data foundations for subsequent statistical analyses. This
paradigm is not limited to final performance scores but further utilizes collected
fine-grained behavioral logs to construct indicators such as “individual skill
consistency” and “strategy coordination,” thereby preliminarily parsing under-
lying interaction mechanisms while evaluating overall effectiveness. However,
this paradigm also has inherent limitations. First, although it effectively as-
sesses collective intelligence levels, it struggles to reveal the specific cognitive
or behavioral mechanisms underlying results. Second, using team-level scores
as output may mask unique contributions of individual members, making them
unidentifiable through averaging effects. Finally, task design is particularly crit-
ical and complex, requiring careful consideration of the match between team size
and task type/difficulty to ensure tasks can effectively stimulate team collabo-
ration potential without compromising measurement validity due to excessive
simplicity or complexity (Woolley et al., 2010).
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3.2 Diagnostic Measurement Paradigm for Collective Intel-
ligence

As research has deepened, the focus of collective intelligence measurement has
gradually shifted from merely assessing collective intelligence levels to exploring
key factors influencing these levels. The core task of the diagnostic measurement
paradigm is to answer a critical question: whether poor team collaboration
results from inadequate individual-level cognitive abilities or from structural or
interactional problems in team collaboration processes. Answering this question
helps more accurately diagnose weak links in team operations and provides
targeted improvement directions for enhancing overall team performance.

The diagnostic measurement paradigm does not focus solely on final team out-
puts but rather achieves decomposition and diagnosis of the “individual cog-
nitive input—team interaction process—team consensus output” chain through
multi-stage data tracking, individual baseline establishment, and process proxy
indicator construction, providing an operational analytical framework for un-
derstanding collective intelligence formation mechanisms. The ETS Tetralogue
(Hao et al., 2015; Scoular & Care, 2019) represents a prototypical tool of this
paradigm. Building on Zapata-Rivera et al. (2014), Hao et al. (2015) designed
two simulation tasks: “Volcano single’and “Volcano CPS.”The difference between
the two tasks is that the latter incorporates an embedded real-time communica-
tion interface, integrating authentic interpersonal collaboration elements while
maintaining highly controlled experimental conditions. The task is designed as
a standardized four-stage sequence: “independent response—collaborative dis-
cussion—answer revision—team submission,” systematically collecting individual
responses and team dialogue data stored in structured logs. At the data analysis
level, based on the PISA 2015 collaborative problem-solving competency frame-
work, dialogue content is categorized into four types of social skills, with word
count used as a proxy indicator for measuring collaboration engagement. In per-
formance assessment, individual ability baselines are established by examining
consistency between initial responses on independent and collaborative tasks for
the same participants, ensuring they serve as effective covariates in subsequent
modeling. Furthermore, performance improvement effects from collaboration
are tested by comparing differences between revised and initial answers; team
decision-making mechanisms are evaluated by comparing team final outputs
with individual-level answers; and finally, a response change parameter (defined
as the difference between the sum of two participants’ revised scores and the
sum of their initial scores on the same item) is constructed to quantify overall
cognitive gains from collaboration, thereby achieving systematic diagnosis of
team interaction mechanisms and performance formation pathways.

The diagnostic measurement paradigm achieves a critical breakthrough in collec-
tive intelligence research from ability assessment to dynamic mechanism diagno-
sis through multi-stage experimental design. Its core value lies in precisely sepa-
rating individual cognitive foundations (initial answer quality) from team collab-
oration effects (post-discussion answer improvement magnitude), thereby effec-

chinarxiv.org/items/chinaxiv-202510.00182 Machine Translation


https://chinarxiv.org/items/chinaxiv-202510.00182

ChinaRxiv [$X]

tively distinguishing whether poor team performance stems from member ability
deficits or collaboration process failures (Hao et al., 2015), and consequently pro-
viding more targeted improvement directions for enhancing team effectiveness.
Although this paradigm enhances control and comparability through highly
structured task flows, it sacrifices some spontaneity and complexity of real team
collaboration to some extent, resulting in reduced ecological validity. Second,
relying on surface-level indicators such as word count to measure collaboration
activity fails to capture deep cognitive processes such as perspective-taking and
shared understanding construction (Guo Shaoyang & Yang Xiangdong, 2023).
Additionally, static assumptions about individual abilities may not fully reflect
dynamic learning and adaptive changes of team members during collaboration
processes.

The evaluative and diagnostic measurement paradigms originate from differ-
ent research objectives and thus carry distinct value functions. The evaluative
paradigm provides a ruler for “knowing what is,” enabling effective measure-
ment of collective intelligence levels; the diagnostic paradigm provides a lens for
“knowing why,” profoundly revealing the collaborative processes and interac-
tion mechanisms underlying collective intelligence. To deepen understanding of
the applicable scenarios for these two measurement paradigms, we now present
a horizontal comparison from perspectives including measurement focus, core
assumptions, measurement tools, advantages and limitations, and applicable
scenarios, as shown in Table 3 .

4 Discussion and Outlook

Collective intelligence, as a team-level cognitive capability, demonstrates its core
value through synergistic effects that transcend simple aggregation of individuals
via member collaborative interactions. In theoretical construction, shared men-
tal models, transactive memory systems, and interactive team cognition mod-
els explain the cognitive foundations and effectiveness generation mechanisms
of team collaboration from different perspectives, jointly constituting a mul-
tidimensional explanatory framework for collective intelligence—shared mental
models elucidate the foundational role of cognitive alignment (Cannon-Bowers et
al., 1993), transactive memory systems theory reveals optimization mechanisms
of knowledge distribution (Wegner et al., 1991), while interactive team cognition
models emphasize the dynamic characteristics of real-time interaction (Cooke
et al., 2013). At the methodological level, collective intelligence measurement
research has primarily formed two representative paradigms: the evaluative
measurement paradigm (i.e., collective intelligence measurement components)
focuses on overall team performance and interaction processes, while the diag-
nostic measurement paradigm (i.e., ETS Tetralogue) attempts to separate indi-
vidual cognitive foundations from team collaboration effects to effectively distin-
guish root causes of poor team performance. Both paradigms have distinctive
features but also obvious limitations: the evaluative paradigm efficiently quan-
tifies overall effectiveness and collects process data through standardized tasks,
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facilitating large-sample comparisons but offering insufficient revelation of deep
mechanisms; the diagnostic paradigm precisely identifies team problem sources
by separating individual abilities from collaboration effects through multi-stage
designs but struggles to measure deep collaboration quality. This “evaluation-
diagnosis” evolution in measurement paradigms reflects researchers’ deepening
understanding of collective intelligence’ s essence. Based on the above theo-
retical and methodological developments and limitations, future research can
deepen understanding and measurement of collective intelligence from three di-
rections: first, in terms of measurement paradigm integration and optimization,
innovative task design combined with multi-dimensional process data analysis
can construct a comprehensive measurement framework for collective intelli-
gence that balances ecological validity and mechanism diagnosis. Second, we
should A FHWEZEScHEEEAESR, integrating behavioral, physiological, and
neural data sources to achieve quantitative analysis of the entire team inter-
action process. Finally, for human-Al collaborative team research, we need to
systematically explore its research paradigms and methodologies, focusing on
frontier challenges such as cognitive division of labor, coordination mechanisms,
and trust establishment between humans and intelligent agents.

Integration and Optimization of Measurement Paradigms: Achieving
Dual Goals of “Accurate Measurement” and “Clear Diagnosis.” In
measurement tool development, integrating the advantages of evaluative and
diagnostic paradigms can follow evidence-centered design principles (Messick,
1992) to develop collective intelligence measurement tools. For instance, sys-
tematically designing information asymmetry tasks by differentially distributing
complementary or partially conflicting information, goals, or knowledge among
members in a controlled manner simulates information distribution states in real
team decision-making, thereby effectively eliciting cooperation processes (Hesse
et al., 2015). Such tasks break the condition of complete information sharing,
forcing teams to integrate distributed cognitive resources through active commu-
nication, perspective articulation, critical questioning, and collective reasoning
to reach consensus or decisions. In this process, researchers can not only evaluate
team final performance but also finely capture key interaction sequences such as
questioning, responding, consensus building, and conflict resolution, achieving
effective observation and diagnosis of collaborative processes and deep cognitive
mechanisms (Janssens et al., 2022; Yuan et al., 2019). In terms of psychometric
models, specialized analytical tools suitable for team data need further devel-
opment. Traditional models such as item response theory and cognitive diag-
nostic models have obvious limitations in team-level analysis due to difficulties
in handling nested data structures and inter-member interaction dependencies.
Recently, researchers have begun constructing team cognition diagnostic mod-
els to overcome these limitations. For example, the Team-DINA model can
simultaneously assess team-level and individual-level cognitive attribute mas-
tery and cognitive ability levels through analysis of team collaborative response
data (Zhan et al., 2026); the Team-CDMs framework captures inter-member
dependencies by jointly modeling individual cognitive attributes and “team-
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work quality” reflecting social dimensions, thereby identifying team cognitive
strengths and weaknesses and distinguishing whether poor performance stems
from cognitive deficits or social problems (Zhan et al., 2025). These models pro-
vide feasible analytical pathways for refined diagnosis and mechanism analysis
of team cognition. Meanwhile, increasingly mature large language models can
provide solid technical foundations for team behavior analysis. This technology
can not only reduce the workload of manual coding of team behaviors but also
enable deep analysis of team internal communication, collaboration patterns,
and their dynamic evolution. For example, natural language processing tools
can be used for exploratory analysis, construct labeling, and construct-behavior
association; text features generated by natural language processing can be used
in regression models to study the impact of specific features on psychology or
behavior (Feuerriegel et al., 2025).

Multimodal Dynamic Assessment System: Capturing Implicit Team
Cognitive Processes. To overcome the limitation of traditional measurement
relying solely on explicit behavioral data, future research can fully utilize emerg-
ing technologies to construct a “behavior-physiology-neural” trinity multimodal
dynamic assessment system, providing new technical pathways and theoretical
perspectives for deeply analyzing team cognitive processes. This comprehensive
approach not only enables fine-grained decoding of team cognitive processes,
revealing dynamic interaction mechanisms between individuals and groups, but
also provides multidimensional validity evidence for measurement tool develop-
ment. During testing, multiple types of multimodal data are often collected in
real-time, including process data such as response accuracy and response time,
as well as physiological signals, eye-tracking trajectories, and user interface in-
teraction behaviors, to comprehensively capture examinees’ cognitive and behav-
ioral characteristics (Liu Yaohui et al., 2022). Wang et al. (2025) analyzed in-
tracranial electrophysiological signals in the amygdala and temporoparietal junc-
tion using time-frequency analysis methods, finding that these regions exhibited
higher levels of inter-brain neural synchronization in the gamma band during co-
operation establishment and maintenance states, with the degree of inter-brain
neural synchronization predicting behavioral coordination levels between collab-
orators. Zhang et al. (2024) used functional near-infrared spectroscopy (fNIRS)
hyperscanning technology to find that inter-brain synchronization and perfor-
mance under collaborative conditions were superior to independent or competi-
tive conditions in cooperative tasks. Lu et al. (2023) used fNIRS hyperscanning
to reveal the neural inter-brain interaction basis underlying behavioral charac-
teristics of high-creative groups during dynamic creative processes, finding that
intra-brain and inter-brain neural coupling may be related to complex cogni-
tive activities such as idea generation, idea evaluation, concept integration, and
perspective-taking in high-creative groups during dynamic creative processes.
Atweh et al. (2023) used eye-tracking technology based on Area of Interest
Cross-Recurrence Quantification Analysis (CRQA) metrics (Laminarity: LAM,
referring to the percentage of recurrent points forming vertical lines, indicating
the proportion of time team members stay in the same area; Trapping Time: TT,
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referring to the average time two trajectories stay in the same area, an indicator
of team members’ tendency to concentrate on certain screen regions) to under-
stand collaboration quality among team members. Multimodal data processing
involves complex key stages including data integration and fusion, preprocessing
and feature extraction, and model training and evaluation. Specifically, regard-
ing data integration and fusion, information from different sources needs to be
integrated, such as ensuring temporal alignment of all data streams through spe-
cific software or programs (Klumpp et al., 2025). In preprocessing and feature
extraction, data are preprocessed using methods such as noise reduction, artifact
removal, and standardization, followed by feature extraction using methods like
canonical correlation analysis and temporal alignment mechanisms to align and
extract meaningful features from multimodal data (Hou et al., 2024). In model
training and evaluation, multimodal machine learning or deep learning models
are employed for joint modeling, with model performance, generalization capa-
bility, and robustness evaluated through cross-validation and external dataset
testing. For instance, research has used multimodal deep learning models based
on attention mechanism long short-term memory networks with physiological
(blood volume, skin conductance, skin temperature) and behavioral (facial ex-
pressions, voice, keystrokes) data to identify human emotional states (Yang et
al., 2023).

Collective Intelligence Research Based on Human-AI Collaboration:
Exploring New Paradigms for “Human-Al Agent” Teams. With the
deep development of artificial intelligence technology, human-Al collaboration
will undoubtedly become the mainstream model for modern team work and
intelligent system integration, with its core focus being the deep interaction
and collaboration between human cognitive capabilities and AI (Cui & Yasseri,
2024). Brain-computer interfaces are recognized as core technologies for next-
generation human-computer interaction and human-computer hybrid intelli-
gence (Liu et al., 2025). Gupta et al. (2023) advocate using the Transaction
Systems Model and instance-based learning theory to systematically design and
understand future human-AI collaborative intelligent systems. In this context,
how to effectively measure collective intelligence in human-Al collaborative con-
texts has become a key research issue. Based on existing literature, this is-
sue can be systematically addressed at three levels: First, the dimensions of
collective intelligence need to be redefined. While traditional teamwork em-
phasizes coordination and information integration among human members, in
human-Al collaborative environments, this concept should be expanded to in-
clude new interaction mechanisms between humans and Al systems, including
collaborative competencies such as trust establishment, dynamic role allocation,
intention understanding, and capability complementarity. Second, appropriate
measurement tasks should be carefully selected. Existing research indicates
that human-AI collaboration effectiveness significantly depends on task types
and relative Al performance (Vaccaro et al., 2024). Common experimental tasks
include content generation (Li et al., 2024) and creative problem-solving (Sun
et al., 2024). Notably, AT can already complete Raven’ s Progressive Matrices
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based on visual imagery (Kunda, 2020), indicating such tasks are also suit-
able for evaluating cognitive synergy effectiveness in human-AI collaboration.
Finally, a multi-level collaboration quality assessment system should be con-
structed, specifically covering three aspects: first, task performance indicators,
i.e., evaluating team performance in quality, efficiency, and innovation through
standardized tasks; second, interaction log analysis, i.e., analyzing behavioral
indicators such as communication frequency, prompt length, and interaction
rounds through AI system records (Li et al., 2024), with further identifica-
tion of collaboration pattern characteristics (Wang Fancong et al., 2025); third,
socio-emotional level measurement, i.e., evaluating team members’ subjective
collaboration experiences using tools such as trust scales and team climate ques-
tionnaires. However, this direction faces key challenges: first, cognitive biases
between humans and Al may produce additive effects, such as groupthink polar-
ization caused by algorithmic dependence (Peralta et al., 2021) and human-AT
interaction feedback potentially amplifying human biases (Glickman & Sharot,
2025). Second, the dynamic evolution mechanism of bidirectional trust remains
underdeveloped, requiring integration of human behavioral intention modeling
and Al transparency enhancement technologies (Xie Yubin & Zhou Ronggang,
2025) to develop quantifiable trust assessment tools. This involves not only un-
derstanding how humans and AT establish mutual trust, maintain trust states, or
lose trust over time during collaboration, but also designing methods and indica-
tors that can accurately assess this bidirectional trust level. Third, the absence
of an ethical framework leaves issues of responsibility attribution unresolved.
Breakthroughs in this direction will drive collective intelligence research from
an interpersonal collaboration paradigm to a human-AT collaboration paradigm,
expand the intersection boundaries between cognitive science and artificial intel-
ligence, and provide new perspectives for understanding “intelligence emergence”
mechanisms.
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