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Abstract

This extended abstract proposes a generalized model for eval-
uating human—Al team effectiveness, capturing its dynamic
nature and the complex relationships among contributing
variables. While future research may enrich or expand upon
the set of variables, the underlying framework is intended to
remain conceptually robust.

Position Description

Human—AI teaming has become a cornerstone of modern
operations across numerous sectors, necessitating a robust
framework to assess and enhance team effectiveness. AI’s
flexibility allows it to take on various roles in human—Al
teams. It may serve as an advisor, overseeing and guiding
individuals or teams during complex tasks (Freeman et al.
2021; Huang et al. 2022a), a facilitator coordinating human
discussions, or a decision aide that helps humans make faster
and more accurate decisions. Additionally, Al may act as
a task performer, either completing tasks that are typically
handled by humans (Wang et al. 2023), or working along-
side one or more humans in dynamic, action-based environ-
ments (e.g., DARPA ADAPTIIL.2). The Al systems may or
may not have a physical embodiment, which can influence
users’ perceptions of their affordances. However, all Al sys-
tems must provide an interface for human communication,
whether through natural language, touchscreens, signal dis-
plays, or other sensory-based actuators (Baker et al. 2021).
Depending on the requirements of the task domain and the
Al’s roles and capabilities, the environment, personnel, re-
sources, adversaries, team goals, and task procedures may
all vary. The interaction processes likewise vary depending
on the context. These variables pose challenges for measur-
ing team effectiveness across domains.

Traditional IPO (McGrath 1964) and IMO (Ilgen et al.
2005; Mathieu et al. 2008) models have limitations to cap-
ture the dynamic and complex relationships among the vari-
ables in evaluating human—Al team effectiveness. (Cooke
et al. 2013) suggested team cognition is best measured
through team activities. (Mathieu et al. 2008) also distin-
guished team states from team processes within the IMO
model, though without specifying the explicit relationships
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between them. To address this gap in the literature, we pro-
pose a generalized model of human-Al team effectiveness
(see Figure 1) that can be applied across diverse human—Al
teaming scenarios using customizable components. This
modified Input-Processes-States-Outcomes (IPSO) model of
team effectiveness (Huang et al. 2020) provides a founda-
tional framework for understanding and evaluating various
human-AI teams. Unlike IPO/IMO models, it separates in-
teraction processes from team states, emphasizes the dy-
namic nature of human—Al interactions, and requires non-
intrusive and dynamic measures and modeling. Each com-
ponent can be tailored to a specific domain and analyzed
based on stakeholders’ priorities. The evaluation criteria—
whether the team performed well on selected measures for
each variable—should be determined based on hypotheses
from literature reviews, input from subject matter experts,
and the distribution of the data. These criteria can also be
cross validated using other variables and data modalities
(e.g., whether communication data aligns with survey re-
sponses and objective team scores). By recognizing the iter-
ative feedback processes and multiple interaction pathways,
the model enhances our ability to apply the universal team
effectiveness model in a targeted and effective manner.

Distributed Dynamic Team Cognition Perspective. Hu-
man—Al teaming is not limited to dyadic interactions but
unfolds within broader team networks. The concept of Dis-
tributed Dynamic Team Trust (D2T2) (Huang et al. 2021)
introduces an added layer of team complexity. It consid-
ers multiple stakeholders (e.g., engineers, pilots, trainers,
managers, and Al components), and multimodal commu-
nication among members shapes how individuals perceive
and respond to one another—and how their attitudes toward
Al components are formed and transferred. Measures for
evaluating these dynamics range from one-time surveys to
dynamic action tracking and physiological monitoring, de-
pending on team size and operational tempo (see Figure 2).
To date, more research has focused on static than dynamic
measures. However, well-designed experiments with time-
stamped data can support advanced analytics techniques
such as machine learning, even when working with rela-
tively small datasets (Bustamante Orellana et al. 2025). The
D2T2 framework also provides a foundation for studying
broader distributed and dynamic team cognition concepts.
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Figure 1: A Generalized Model of Human-Al Team Effectiveness (Huang et al. 2020)
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Figure 2: Measures as a Function of Team Size and Tempo (Huang et al. 2021)

Lifecycle Perspective. By accounting for product cycles,
the model aligns with the lifecycle design and development
of Al systems and their iterative interactions with human
users (Miller et al. 2023). Traditional human—AlI teaming has
focused on the phase where human subjects are recruited to
test the prototypes. However, systematic evaluation should
span the entire Al system lifecycle—including initial proto-
typing, deployment, system upgrades, integration with com-
plementary systems, and eventual retirement—with each
stage presenting distinct priorities and challenges. Even with
limited resources, conducting extensive evaluations across
multiple updated versions of the Al system is more valu-
able than relying on a small number of prototype tests. This
approach enables participants to build calibrated trust rela-
tionship with the evolving system.

Model Application. The generalized evaluation model
applies to datasets from virtual environments—where times-
tamps and event logs are more readily available—as well as
physical environments, where capturing and synchronizing
time-stamped data may be more challenging. Researchers
should maximize the utility of available data to assess team
effectiveness. Applying the model to existing datasets re-
quires analyzing the study’s background, design rationale,
and the availability and structure of collected data. The
model can also support future studies by informing exper-
imental design, defining team roles, allocating tasks, and
developing data collection strategies (Cooke, Demir, and
Huang 2020). This workshop presentation uses the DARPA
ASIST and ADAPTIIL.2 datasets (see Table 1) as illustra-
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tive examples of how key components of team effectiveness
can be examined. These datasets vary in team composition
(e.g., team size, intact vs. ad hoc teams, fixed vs. exchange-
able roles, member competencies, environmental risks, ad-
versary capabilities, and task procedures), interaction pro-
cesses (e.g., communication and coordination), team states
(e.g., trust and workload), and outcomes (e.g., survival du-
ration, damage taken, victims rescued, and task efficiency).
Measuring these variables enables statistical and qualitative
analyses, dynamic modeling, and novel illustrations of vari-
able relationships.

Applying this model to existing and future research may
enrich or expand the set of variables, while the underly-
ing framework is designed to remain conceptually robust.
As empirical findings accumulate, the model can evolve
into a comprehensive library of effectiveness measures tai-
lored to specific domain contexts. Integrating dynamic mea-
sures of human—Al team effectiveness will further enable
researchers to explore how real-time feedback mechanisms
enhance Al-adaptive behavior in team environments. By of-
fering a flexible yet rigorous structure, the model has the
potential to unify diverse lines of human—Al-team research
under a common evaluative lens—bridging theoretical de-
velopment with applied team performance assessment. The
author welcomes inquiries on the model’s use or refinement.
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Task Scenario
Al Role
Data Type

Public Availability

ASIST Study 2
USAR

Passive monitor
Screen  recordings,
natural language,
surveys, time-
stamped testbed logs

(Huang et al. 2022c¢)

ASIST Study 3 ASIST Study 4 ADAPTIIL.2

USAR Bomb disposal Tower defense
Advisor Advisor Task performer
Screen recordings, | Natural  language, | Screen recordings,
natural language, | surveys, time- | natural language,
surveys, time- | stamped testbed logs | surveys, and time-
stamped testbed stamped testbed logs
logs, physiological

Sensors

(Huang et al. 2022b; | (Huang et al. 2024) Anticipated in Fall
Pyarelal et al. 2023) 2025

Table 1: Summary of DARPA ASIST and ADAPTII.2 Datasets Characteristics
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