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Abstract

Explainable artificial intelligence (X-Al) techniques aim to make the actions and decisions
of autonomous systems understandable to humans interacting with these systems. In
human-AI teams, explainability supports individual understanding and coordination,
shared mental models, and collective decision-making among humans and Al agents.
Research has shown that X-Al enhances trust in autonomous systems, improves human-Al
team performance, and supports collaboration across domains including aviation, finance,
healthcare, hospitality, and sports. However, X-Al technologies face difficult challenges,
including a lack of transparency and interpretability due to complex underlying models,
also known as the “black-box” nature of Al systems. These technologies also lack any
universally accepted evaluation metrics and have limited generalizability across applica-
tions. One deficit in the X-Al literature is that most frameworks focus on individual-level
outcomes, with limited attention to team-level processes. The current study conducted a
systematic literature review adhering to PRISMA guidelines and the SALSA framework.
This study introduces the Implementation-Design (I-D) framework that organizes X-Al
approaches along two dimensions: implementation, ranging from visual to interactive
approaches, and design, ranging from isolated explanations to workflow-integrated sys-
tems. This framework captures lower-level engagement, involving individual users, to
higher-level understanding that is necessary for teams and collectives. Findings indicate
that visual explanation approaches support user engagement, while interactive workflow
approaches promote deeper understanding, appropriate reliance, and distributed cognition
within human—AlI teams. Implications highlight the need for team-oriented explainability
grounded in shared mental models, transactive memory systems, and collaborative X-Al
artifacts. Practical guidelines are included to support researchers and practitioners in
selecting appropriate X-Al techniques based on their context and level of analysis. The I-D
framework is offered as a conceptual organizing model to guide research and practice, and
empirical validation is identified as a priority for future work.

Keywords: explainable Al; human—Al teams; X-Al; systematic literature review

1. Introduction

Explainable artificial intelligence (X-Al) technologies aim to make the actions and
decisions of autonomous systems understandable to humans interacting with these sys-
tems. In human—-AI contexts, explainability is not only important for individual users’
understanding but also for enabling coordination, shared understanding, and collective
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decision-making among human and AI agents. Without X-Al technologies, trust in au-
tonomous systems remains low [1,2] and varies depending on the level of expertise, task
complexity, and the amount of risk involved [3,4]. In team-based environments, these
challenges extend beyond individual trust to issues of trust calibration, coordination, and
alignment between human and Al agents.

Recent research has identified several benefits of X-Al technologies, including in-
creased trust in autonomous systems [2,5,6], improved performance [7,8], and enhanced
understanding of how Al systems operate [9]. These benefits also contribute to improving
human-AI collaboration [10,11]. Explainable Al is already being applied across a wide
range of domains, including aviation [12,13], finance [7,14], healthcare [3,15], hospitality [2]
and sports [16,17]. Recent domain-specific reviews further illustrate the rapid sectoral
expansion of X-Al in clinical settings, including mortality prediction [18], dementia de-
tection [19], depression assessment [20], and biomedical imaging [21]. Like much of the
field, however, these reviews remain centered on individual clinical decision-making rather
than team-level processes. Most of the X-Al research remains centered on individual-level
outcomes such as user trust, interpretability, and decision support, with comparatively less
attention given to how explainability supports team-level processes such as coordination,
shared mental models, team effectiveness, and collective performance.

Despite the benefits and widespread applications, explainable Al comes with several
challenges. First, X-Al systems often lack transparency and interpretability [22-25], partly
due to the complex mathematical and statistical models underlying these systems [26].
This contributes to the “black-box” nature of Al [27,28] that can compromise trust [29].
Second, these limitations make it difficult to justify or explain how decisions are made,
particularly in complex contexts [29-31]. Third, opaque systems may produce decisions
that are fallible, incomplete, or misaligned with the problem context [32]. Fourth, there is
no universally accepted metric for evaluating the quality of X-Al systems [30], prompting
calls for standardized evaluation frameworks [26]. Finally, X-Al approaches often lack
generalizability across diverse applications [31,33].

Researchers have called for improvements in the accuracy, applicability, and trans-
parency of X-Al technologies [22,28,33]. However, these challenges are not solely rooted
in model complexity. A growing body of research suggests that limitations in explain-
ability also emerge from how Al outputs are communicated, interpreted, and integrated
into human activity. This issue becomes especially critical in human—Al teams, where
explainability must support not only understanding but also coordination, interaction, and
collective sensemaking. In this regard, explainability can be understood as a sociotechnical
design problem, enacted through interfaces, interactions, and workflows that shape how
users engage with Al systems. Visual and interactive implementation approaches play a
central role in this process by influencing how explanations are delivered, how users inter-
act with them, and how they are embedded within decision-making processes. Rather than
viewing these approaches as isolated techniques, they represent key mechanisms through
which explainability is operationalized in practice. Accordingly, the current study focuses
on how visual and interactive implementation approaches are designed and applied to
improve explanations and workflow design in human—AlI teams. By synthesizing these
approaches, this study aims to address the limited integration of team-level explainability
in the existing literature. The anticipated outcome is to identify how X-Al can better support
human-AI engagement, coordination, and understanding within complex, team-based
environments. The current review contributes to the X-Al and human—AI team literature
by proposing the Implementation-Design framework that organizes X-Al approaches along
two dimensions: implementation, ranging from visual to interactive approaches, and
design, ranging from isolated explanations to workflow-integrated systems.
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2. Methodology

The current study employed a systematic literature review to examine how explain-
able artificial intelligence is implemented and designed to support human-AI teams, with
particular attention to visual, interactive, explanation-based, and workflow-integration
approaches. This review adhered to the PRISMA 2020 guidelines [34,35] to ensure trans-
parency and rigor in reporting and followed the SALSA framework (Search, Appraisal,
Literature Review, Synthesis, and Analysis) as outlined by Booth et al. [36] to guide the
process for this review.

2.1. Search and Appraisal

A comprehensive database search was conducted on 29 October 2025, to identify
literature related to explainable artificial intelligence (X-Al) and human—AI teams. The
search was designed in alignment with systematic review standards and followed PRISMA
2020 reporting procedures to ensure transparency and rigor. To capture interdisciplinary
scholarship, multiple databases were searched, including ERIC, Education Source Ultimate,
APA PsycInfo, Computer Source, Human Resources Abstracts, Business Source Ultimate,
Academic Search Ultimate (EBSCO), Web of Science (Clarivate), and ProQuest Dissertations
& Theses Global. In addition, gray literature sources were consulted, including conference
proceedings indexed in the Web of Science, Organizational and Government Reports, and
Policy Commones.

The search strategy was structured around key conceptual categories. In Aca-
demic Search Ultimate (EBSCO), for example, the search combined the following ti-
tle/abstract terms:

e  Concept 1 (Explainable Al):
“Explainable Al technique*” OR “X-AI” OR “XAI” OR “explain* AI” OR “Al explana-
tion” OR “explanation user interface” OR (“explainable AI” N2 technique®).

e  Concept 2 (Human-Al Teams):
“Human-Al team*” OR (Human* N2 Al).

These concepts were combined using Boolean operators (AND/OR) and proximity
operators (e.g., N2) to maximize sensitivity while maintaining conceptual precision. Where
available, subject headings were also incorporated to enhance retrieval. No date restrictions
were imposed to capture both foundational and emerging research in this evolving field.
The research deliberately centered on the two core constructs that define the review’s
scope (explainable Al and human-AI teams) rather than on the broader adjacent literature.
Related terms such as “inted4rpretable SI,” “interpretable machine learning,” “human-
autonomy teaming,” and “human-agent collaboration” were not used as primary search
terms. Although the truncated “explain*” operator and the proximity-based “Human* N2
Al” expression captured many conceptually adjacent records, the comparatively focused
term set is acknowledged as a limitation that may have excluded studies indexed only
under these alternative labels (Section 4.5).

All retrieved records were exported into a reference management system, and du-
plicates were removed prior to screening. The initial search yielded a substantial pool of
studies across databases.

2.2. Screening Process

Following PRISMA 2020 guidelines, screening occurred in two stages.

2.2.1. Stage 1: Title and Abstract Screening

All identified studies were reviewed at the title and abstract level to assess preliminary
relevance. Studies were excluded if they
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Did not focus on explainable Al or Al explanation mechanisms;

Did not address human-AlI collaboration, interaction, or teaming;

Focused solely on technical algorithm development without human/team implications;
Were unrelated to organizational, team, or collaborative contexts;

Were non-scholarly materials (e.g., editorials, opinion pieces, book reviews).

2.2.2. Stage 2: Full-Text Screening

Studies that met initial relevance criteria were retrieved for full-text review. Explicit
inclusion and exclusion criteria were developed prior to screening and consistently applied.

Inclusion Criteria
Studies were included if they

1.  Examined explainable AI, Al transparency, or Al explanation techniques.
Addressed human—Al interaction, collaboration, or team-based contexts.

3.  Included empirical, conceptual, or theoretical contributions advancing understanding
of human-AI teamwork.

4. Were published in English.

Were peer-reviewed journal articles, conference papers, or relevant scholarly dissertations.

o

6.  Were accessible (e.g., full text).

Exclusion Criteria
Studies were excluded if they

1. Focused exclusively on algorithmic performance without human/team implications.
Examined individual human-computer interaction without collaborative or team
dimensions.

3. Were purely technical engineering papers unrelated to organizational, behavioral, or
team outcomes.

4. Were non-peer-reviewed materials (unless included as relevant gray literature).

5. Represented duplicate publications (in which case the most complete version
was retained).

Consistent with the English language inclusion criterion, non-English language publi-
cations were excluded during screening.

2.3. Data Extraction and Review Process

All included studies were analyzed using a structured data extraction matrix. The
matrix captured key information such as

Publication year and authors;

Disciplinary field;

Conceptualization of explainability;

Team or collaboration context;

Methodology (qualitative, quantitative, mixed methods, conceptual);
Theoretical frameworks;

Key findings related to human-AlI collaboration (e.g., trust, decision-making, perfor-
mance).

The review team met regularly throughout the screening and extraction phases to
resolve discrepancies and ensure consistency in coding. Disagreements were discussed
and resolved through consensus to maintain methodological rigor and transparency. To
improve transparency and reproducibility, each record was independently assessed by at
least two members of the review team using a shared, predefined coding schema (Table 1)
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that operationalized the review’s core categories (visual, interactive, explanation, workflow)
with explicit definitions, classification cues, and exemplar studies. Coders applied these
definitions independently and then reconciled their classifications in regular adjudication
meetings, with the lead author resolving any residual disagreements. Because final classifi-
cations were established through this structured consensus procedure, rather than through
independent parallel double-coding of the literature, formal inter-rater reliability statistics
(e.g., Cohen’s K, Krippendorff’s alpha) were not computed. This is acknowledged as a
limitation (Section 4.5), and future protocol-registered extensions of this review should
report such indices. This multi-database, multi-stage screening approach strengthened the
comprehensiveness and credibility of the review while ensuring alignment with PRISMA
2020 standards.

Table 1. Coding schema for the core review categories.

Category (Dimension) Operational Definition Classification Cues Exemplar Study(ies)
Explainability delivered Saliency /attention maps,
through static graphical SHAP or feature-importance
Visual (Implementation) representations of model plots, par’Fle}l dependgnce [22,37]
behavior that support plots, decision-tree diagrams;
perceptual access and user views but cannot
interpretation. manipulate the explanation.
Explainability ena.ct'ed . Counterfactual re-runs,
through user participation, X
. : parameter adjustment,
Interactive allowing users to query, . .
. . on-demand or dialogic [38,39]
(Implementation) manipulate, or contest . )
. . explanation, what-if
explanations during task .
. exploration.
execution.
Design oriented toward Post-hoc feature attribution or
Explanation (Design) dlscr'e.te, isolated accouths.of example—based rationales [26,33]
specific outputs or predictions delivered as standalone
for end users. artifacts.
Demgn th.at. embg d.s . Task/requirements analysis,
explainability within decision timine- and role-aliened
Workflow (Design) processes, coordination 5 & [40,41]

delivery, governance or

structures, and the Al lifecycle .
maturity processes.

over time.

The search and screening procedures resulted in an initial pool of 1250 records identi-
fied across the selected databases and gray literature sources. After removing 210 duplicate
records, 1040 records were screened at the title and abstract level. Of these, 850 records
were excluded because they did not meet the scope of the review. A total of 190 reports
were sought for retrieval, and 20 reports were excluded because the full text was not
available or could not be accessed. The remaining 170 full-text reports were assessed for
eligibility. During the full-text screening, 100 reports were excluded for reasons including
insufficient focus on human—Al teaming or collaboration, purely technical emphasis with-
out human or team implications, individual-level human-computer interaction without
a team dimension, lack of relevance to organizational or collective decision-making con-
texts, non-scholarly format, insufficient methodological detail, or duplicate/overlapping
publication. Ultimately, 70 studies met all inclusion criteria and were retained for the
final review and synthesis. This systematic selection process strengthened the rigor and
transparency of the study while ensuring that the final evidence base was directly aligned
with the research purpose. Figure 1 presents the PRISMA flow diagram summarizing the
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Identification

Screening

Included

article selection process for the current study (see Supplementary Materials: PRISMA 2020
Checklist, X-AI PRISMA Figure). The figure illustrates the progression of records from the
initial identification of 1250 studies, through the screening and exclusion phases, to the
final inclusion of 70 studies in the review. In line with the PRISMA 2020 guidelines, this
visual representation provides a transparent account of the evidence selection process and
enables readers to clearly trace how the final sample of studies was established.

Records identified from databases and
gray literature sources
(n=1250)

Duplicate records removed
(n=210)

k2

Records screened Records excluded
(n=1040) » (n=850)

L

Reports not retrieved
(n=20)

Reports sought for retrieval
(n =190)

L 2

y Reports excluded (n = 100)

+ Insufficient foeus on Human-Al
teaming or collaboration
Reports assessed for eligibility + Purely technical, no human/team
(n=170) implications
+ Indivicuak-level HCI without a
team dimension

v

+ Not relevant to organizational’
collaborative cecision-making

+ Non-scholary format

« Insufficient methodological detail

+ Duplicateloverlapping publication

Studies included in review
(n=70)

Figure 1. Search strategy.

3. Review of the Literature

The review of the literature synthesizes prior scholarship on explainable artificial
intelligence within human—AI team contexts to establish the conceptual and empirical
foundation for the current study. This section begins by clarifying key definitions related
to explainable AI, human-AlI collaboration, and team-based interaction, followed by an
examination of major theoretical perspectives that have guided research in this area. It
then reviews the documented benefits and limitations of explainability for trust, decision-
making, coordination, and performance, while highlighting how these outcomes differ
at the individual and team levels of analysis. Finally, the section identifies critical gaps
in the existing literature, particularly the limited attention given to collective processes,
organizational applications, and the broader sociotechnical conditions that shape effective
human-AI teamwork.

3.1. Definitions

Explainable artificial intelligence (X-AlI) is defined in multiple ways across the liter-
ature, with some definitions remaining broad and others tailored to specific contexts. In
general, X-Al refers to the ability of Al systems to provide understandable explanations
for their decisions and actions. As Kolajo and Daramola [4] noted, “XAl is a developing
area of Al research that supports a collection of instruments, methods, and algorithms that
may produce superior interpretable, intuitive, and human-comprehensible justifications
for Al actions” (p. 5S120). Other general definitions included X-Al as a means of offering
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explanations [41,42], making visible the “black-box” processes that often come with Al
technologies [29] and enhancing the understanding of how Al knowledge is created [15].

Within the machine learning (ML) literature, some view X-Al as a subfield of
ML [24,30,33], while others embed X-Al into current models that provide “instance-level
explanations” [28] (p. 2). X-Al has also been identified as being a subfield of Safe Al
that enhances human-Al capabilities through an “understanding of automation’s inner
workings” [12] (p. 869). Some include human-centered X-Al to highlight their focus on
human—AI decision-makers [43,44] and to cultivate trust in Al [45]. Some differentiate
between low-level and high-level X-Al Low-level X-Al refers to information relating to a
decision process, whereas high-level X-Al provides an explanation about the entire process
that also includes a decision logic tree [3]. For the field of education, X-Al stressed the
importance of enhancing “students” Al literacy” [11] (p. 1865).

Within this body of work, transparency and explainability are consistently emphasized
as being as important as the accuracy of Al outcomes [4]. This perspective reinforces the
idea that effective Al systems must not only perform well but also communicate their
reasoning in ways that are meaningful to human users.

3.2. Explainable Approaches

Explainable Al techniques have been categorized into four primary dimensions: ante
hoc (intrinsic) versus post hoc, model-specific versus model-agnostic, surrogate approaches,
and global versus local explanations [4]. Ante hoc approaches rely on inherently inter-
pretable models, where transparency is embedded directly into the system design. In con-
trast, post hoc approaches are used to explain models that are not inherently interpretable,
attempting to provide insight into systems that lack intrinsic transparency. Within post hoc
approaches, model-specific explanations focus on interpreting the internal structure and
mechanics of a given model, whereas model-agnostic explanations operate independently
of the model, providing explanations based on input-output relationships. Together, these
approaches offer complementary perspectives, enabling a more comprehensive under-
standing of Al systems. Surrogate models, also categorized as post hoc approaches [4], are
used to approximate and explain more complex models by replacing them with simpler,
interpretable representations. Finally, global explanations aim to describe the overall be-
havior of a model, while local explanations focus on specific predictions or instances [4].
The techniques examined in this study are categorized according to these dimensions. The
following sections synthesize the literature by identifying how different techniques align
with these categories, while also considering how their application varies across contexts.

3.3. Explainable Technigues

Explainable Al operates across multiple levels of analysis, ranging from individual
users (e.g., end users and user experience) to collective contexts such as groups and teams.
Although individual-level X-Al is not the primary focus of this study, both levels were
examined to clarify their distinct purposes, benefits, and limitations. This distinction is
critical, as it demonstrates that the selection of X-Al techniques should be driven by the
level of analysis and use context, rather than solely by technical sophistication or popularity
in the broader literature.

3.3.1. X-AlI at the Individual Level

Among the reviewed studies, a substantial portion (n = 14 out of 38) applied X-Al at
the individual level, consistently emphasizing that explainability is inherently audience-
dependent. This perspective is reflected both in how X-Al is defined [30,46] and in how
it is applied in practice, such as supporting decision-makers in disaster assessment [37],
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assisting forecasters and emergency managers [47], or aiding patients and clinicians in
healthcare contexts [46,48].

Because these applications target specific users, they tend to prioritize local, instance-
specific explanations over global representations of model behavior. Mohseni et al. [44]
defined local explanations as those that “aim to explain the relationship between specific
input-output pairs or the reasoning behind the results for an individual user query” (p. 24).
Correspondingly, individual-level X-Al implementation strategies emphasize personalized
interface design, visualization, and interaction modalities tailored to single users [25,37,49].
This emphasis aligns with the predominance of post hoc explanation methods at the indi-
vidual level, which are applied after Al decisions are made. These methods support users
in understanding past decisions, evaluating specific predictions, and learning about system
behavior [30,50]. Within this context, trust in Al is conceptualized as a subjective, individual
judgment, often measured through self-reported attitudes and Likert-scale assessments
of perceived trustworthiness [30,44,47]. As a result, the effectiveness of individual-level
X-Al is typically evaluated through outcomes such as task performance, cognitive load,
and individual decision quality [30,37]. These findings highlight that, at the individual
level, explainability primarily functions as a mechanism for supporting comprehension,
justification, and personal decision-making.

3.3.2. X-AI Team/Group Level

While individual-level X-Al primarily focuses on user comprehension, higher levels
of X-Al application shift attention toward teams, emphasizing shared mental models,
collective understanding, and improvements in team performance (n = 18). Although
there is not yet a fully established theoretical framework for shared mental models in
human-AI contexts, Andrews et al. [51] conceptualized them as a shared conceptual
and methodological foundation between human factors and Al explainability. However,
empirical evidence remains limited regarding the extent to which shared mental models
directly improve coordination and performance in human—AlI teams [51]. At the team level,
X-Alis designed to support communication, coordination, and workflow integration, rather
than focusing solely on individual interface usability [3]. In contrast to individual-level
X-Al, which emphasizes trust building, team-level X-Al prioritizes appropriate reliance
and trust calibration, ensuring that human agents engage with Al systems in ways that
reflect both their capabilities and limitations [3,26].

3.3.3. Techniques at the Individual Level

At the individual level, explainable Al frequently relies on techniques such as Shapley
Additive Explanations (SHAP), which quantify the contribution of each feature to a model’s
output using Shapley values derived from cooperative game theory. SHAP provides both
global and local feature importance, making it well-suited for individual decision-support
contexts [22,52]. The prevalence of SHAP reflects its alignment with individual-level needs
for interpretability and justification. For example, SHAP has been used to help researchers
identify how factors such as age, placement, and nationality influence performance predic-
tions in sports analytics [52], as well as to provide coaches with visual insights into areas
requiring improvement [22]. These applications demonstrate how feature attribution tech-
niques support localized understanding and individualized decision-making, reinforcing
the broader pattern that individual-level X-Al prioritizes interpretability and explanation
of specific outcomes. A brief overview of the different techniques and their associated
approaches are provided in Table 2.
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Table 2. X-Al techniques and approaches.

Technique Context Approach Source
Case Based, Counterfactual, Decision Virtual agents Post hoc [26]
Tree, Feature Importance
IKE-XAI Child development Post hoc [53]
SHAP, ICE, LIME Decision-making Post hoc [42]
SHAP, LIME, ASTRID, G-Rex Health education Post hoc [12]
Nonspecific Hospitality Post hoc [2]
User—orlerllted visualizations, interfaces, Software development Post hoc [25]
and toolkits
Saliency Maps Event detection Model-specific [4]
ICE, PDP Event detection Model-agnostic [4]
Example-based Explanations Energy sector Local [33]
LIME Software engineering Local [28]
LIME, SHAP Event detection Local [4]
The Distillation Technique; Propagation, Event detection Global [28]

Gradient, & Occlusion

Decision support, aviation

SHAP safety Post hoc, model-agnostic [54]
LIME Team Post hoc, local [55]
Feature Importance Analysis Framework development  Global or local [41]
Attention Visualization N/A Local, model-specific [41]
Decision Tree Human-machine team Ante hoc, local, global [39]
SPEAR Decision-making Post hoc, model-specific, local [38]
g?;ﬁ;;ggflmal Analysis, Model N/A Post hoc, model-agnostic, local ~ [41]
SHAP Sports Post hoc, local, global [22]
LIME, SHAP N/A Post hoc, local, global [41]
IML Sports Post hoc, local, global [23]

Note: Automatic STRucture Identification method (ASTRID); Generic Rule Extraction (G-Rex); Implicit Knowledge
Extraction with eXplainable Artificial Intelligence (IKE-XAI); Individual Conditional Expectations (ICE); inter-
pretable machine learning (IML); Local Interpretable Model-agnostic Explanations (LIME); partial dependence plot
(PDP); Shapley Additive Explanations (SHAP); Single-shot Policy Elicitation for Augmenting Rewards (SPEAR).

3.4. The Implementation-Design (I-D) Framework

The current study is structured around the Implementation-Design (I-D) framework
(see Figure 2), which conceptualizes explainable Al along two dimensions: implementations
and design. The findings of this review indicate that implementation techniques range
along a continuum from primarily visual approaches to more interactive approaches. At the
same time, design approaches range from focusing on isolated explanations for end users to
structuring broader workflows and processes in which explanations are embedded. These
dimensions form a continuum in which visual explanation techniques primarily support
engagement at lower levels of the framework, while interactive workflow approaches
support deeper understanding at higher levels.
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Figure 2. Implementation-Design framework.

The two dimensions of the I-D framework were derived inductively from the coding
of the reviewed studies (Table 1) and were retained because they organize a question
that existing X-Al taxonomies leave largely unaddressed. Established classifications (ante
hoc versus post hoc, local versus global, and model-specific versus model-agnostic [30])
describe how an explanation is computed relative to the underlying model. The I-D frame-
work is orthogonal to these schemes: rather than classifying the computational provenance
of an explanation, it characterizes how explainability is the operational provenance of an
explanation, and it characterizes how explainability is operationalized for human use. The
implementation dimension corresponds to an established distinction in human—computer
interaction between representation and participation, between presenting model behavior
and enabling users to act on it. The design dimension corresponds to the sociotechnical dis-
tinction between an isolated artifact and an embedded process. Positioning the framework
along these two previously unlinked axes provides a theoretical rationale for the dimen-
sions that extends beyond inductive categorization and clarifies that the I-D framework
complements, rather than replaces, computation-centric taxonomies of explanation.

The I-D framework captures progressive growth that expands the utility of Al outputs
from lower-level engagement toward higher-level understanding. Lower-level engagement
is best when dealing with individual employees, whereas higher-level understanding is
necessary when meeting the needs of larger teams and collectives. The primary goal of X-Al
implementation, per the I-D framework, is not only to explain decisions for engagement
but to also design interactive workflows that allow users to develop a clear and actionable
understanding of the Al systems with which they interact.

The current literature review is organized around the I-D framework. First, studies em-
phasizing visual implementation approaches are examined, followed by those emphasizing
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visual interactive approaches. Next, the review captures the design explanations litera-
ture, followed by the design workflow literature. Finally, the findings are synthesized to
demonstrate how visual explanations support engagement and how interactive workflows
contribute to higher levels of understanding. The analysis also considers the conditions
under which engagement or understanding may be prioritized and when different X-Al
techniques are most appropriately applied.

3.4.1. Implementations

A key distinction identified in this review is between visual and interactive imple-
mentations of explainable AL This distinction aligns with the Implementation-Design (I-D)
framework, where visual approaches represent lower levels of implementation focused
on presenting information, while interactive approaches represent higher levels that en-
able user engagement, manipulation, and integration within workflows. Accordingly,
clearly differentiating what constitutes “visual” versus “interactive” X-Al is critical for
understanding how explainability is operationalized across contexts.

Visual

In the context of X-Al, “visualization” refers to the use of graphical representations,
such as charts, plots, and diagrams, to make Al outputs more understandable and acces-
sible to human users. Visualizations can be viewed as a means of connecting humans
and machines, allowing humans to better identify patterns, interpret, and diagnose out-
comes [56]. Because complex algorithms often produce results that are difficult to interpret,
visualization plays a central role in translating these outputs into forms that support human
intuition and sensemaking. As Barredo Arrieta et al. [30] noted, visualization techniques
are particularly effective in communicating statistical and computational results to users
who may not have advanced technical expertise. Visual explanations enable users to in-
terpret abstract computational processes by representing elements such as gradients [44],
attention weights [37], probability scores [26], and feature interactions [52] in recognizable
patterns. Across the reviewed studies, common visualization techniques include saliency
maps, SHAP-based visualizations, LIME-based visualizations, decision trees, feature im-
portance graphs, uncertainty displays, and partial dependence plots (PDPs). Within the I-D
framework, visual approaches primarily support perceptual access and initial engagement
with Al outputs. They enhance transparency by making model behavior visible, but they
typically remain descriptive and retrospective, providing insight into what the model has
done rather than enabling users to actively influence or interrogate the system.

Saliency Maps

Saliency maps and attention-based visualizations are widely used in deep learning
contexts to provide spatially grounded explanations. These techniques highlight the re-
gions of input data that most strongly influence a model’s prediction, allowing users to
identify which features or areas are most relevant to the output. Recent studies demonstrate
that saliency maps function as part of broader multimodal explanation systems. Andrews
et al. [51], for example, showed that these visualizations can be combined with nonverbal
cues, additional visual elements, and iterative dialogue to support users in constructing
mental models of underlying Al processes. Technically, these visualizations are imple-
mented through methods such as gradient-based saliency extraction, activation mapping,
and attention mechanisms within neural network architectures [30]. While saliency maps
enhance interpretability by making model reasoning more visible, they remain primarily
visual artifacts. As such, they align with lower levels of the I-D framework, where explain-
ability is delivered through representation rather than interaction. Their effectiveness lies
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in supporting recognition and interpretation, but they do not, on their own, enable users to
engage dynamically with Al systems or influence decision-making processes.

Interactive

Visual explainable AI (X-AI) methods primarily aim to represent model behavior
through graphical outputs, whereas interactive X-Al extends this approach by actively
involving users in the sensemaking process. Across the reviewed literature, interactivity
is not defined by the mere presence of visual elements but by the extent to which users
are enabled to participate in, influence, and interrogate the explanation process. In this
sense, interactive X-Al shifts explainability from descriptive output toward participatory
sensemaking, where understanding emerges through engagement rather than passive
reception. This distinction is central to the Implementation-Design (I-D) framework. While
visual approaches provide static representations of model behavior, interactive approaches
embed explainability within user action, enabling dynamic exploration, adaptation, and
decision-making. Thus, interactivity represents a higher level of implementation, where
explainability becomes an active process rather than a delivered artifact.

Across the literature, interactive X-Al consistently demonstrates three defining char-
acteristics. First, it enables user manipulation and exploration of the system, including
modifying inputs, testing alternative scenarios, and examining the implications of differ-
ent decisions [31,39]. Second, interactive explanations are temporally situated, meaning
they are provided on demand or during task execution, rather than retrospectively after
decisions are made [3,57]. Third, interactive X-Al supports iterative sensemaking, allow-
ing users to refine their mental models of Al behavior through repeated interaction and
feedback [10,51]. Unlike visual explanations, such as SHAP plots, saliency maps, or partial
dependence plots, interactive explanations are not defined by their representational form
but by their functional affordances. A system may include visual elements yet remain
non-interactive if users cannot query, manipulate, or challenge the explanation. Conversely,
interactive X-Al may incorporate visual, textual, or dialogic modalities, as long as users are
actively engaged in the explanation process.

Several forms of interactivity emerge across the reviewed studies. One of the most
prevalent is interactive decision support, where users directly engage with Al outputs to
improve task performance. For example, Bansal et al. [55] demonstrated that enabling
users to question Al predictions and compare them with human judgments improved
complementary team performance. Similarly, Paleja and colleagues [39] found that embed-
ding interpretable decision trees within human—AI systems allowed users to adapt their
strategies based on Al feedback, fostering adaptive collaboration rather than static reliance.
A second form involves policy- and reward-based interaction, where explanations are
embedded within decision-making workflows. Tabrez et al. [31] introduced an approach in
which users receive semantic feedback about Al policies and adjust their behavior accord-
ingly. In these contexts, explainability functions not as retrospective justification but as an
interactive coaching mechanism that shapes ongoing decision processes.

A third form is particularly prominent at the team and group level, where interactive X-
Al supports shared understanding and coordination among multiple human and Al agents.
Andrews et al. [51] and Hauptman et al. [3] emphasized that interactive explainability en-
ables shared situation awareness and facilitates appropriate reliance in dynamic or high-risk
environments. Here, interactivity extends beyond individual understanding to support col-
lective reasoning, coordination, and error recovery. Additionally, collaborative interaction
strategies highlight how humans and Al jointly contribute to decision-making processes.
Gomez et al. [10] showed that engaging users in the explanation process helps mitigate
knowledge asymmetries between human and Al agents, thereby improving both decision
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quality and user engagement. These findings reinforce that interactivity is fundamentally
rooted in human agency and participation rather than in the format of explanation delivery.

An important insight from the literature is that interactive X-Al often extends beyond
explanation into workflow design. Unlike visual explanations, which support the interpre-
tation of completed outputs, interactive explanations are embedded within task execution
and influence decisions as they unfold. Studies by Hemmer and colleagues [57] and Haupt-
man et al. [3] demonstrated that aligning interactive explanations with task timing, decision
criticality, and user roles is essential for achieving calibrated trust and effective human—AlI
collaboration. Within the I-D framework, this shift represents a movement from trans-
parency to engagement, from making Al behavior visible to enabling users to actively work
with, test, and adapt to Al systems. This transition is particularly critical in team-based con-
texts, where performance depends on coordination, adaptation, and appropriate reliance
rather than individual interpretation alone [51]. Interactive X-Al should be understood not
as a specific technique but as a design orientation. It emphasizes human agency, iterative
sensemaking, and integration within workflows, positioning explainability as an ongoing,
participatory process. Compared to purely visual approaches, interactive X-Al represents
a more advanced level of implementation, particularly suited for complex, dynamic, and
collaborative environments where static explanations are insufficient to support effective
human-AI teaming.

3.4.2. Design

To enhance user trust in Al systems, Value Sensitive Design (VSD) has been introduced
as an approach that ensures human values are systematically and comprehensively inte-
grated throughout the design process [4]. Across empirical studies in explainable AI (X-Al)
and human-AlI teaming, “design” is most consistently conceptualized as a sociotechnical
process. It extends beyond model development to include interface design, interaction
structures, and the environmental conditions that support shared understanding and re-
sponsible use. Within the Implementation-Design (I-D) framework, design represents the
highest level of explainability maturity, where explainability is not treated as an output or
feature but as an embedded property of the entire human—AlI system. In this sense, design
integrates implementation choices (e.g., visual and interactive mechanisms) into coherent
sociotechnical systems aligned with human goals, tasks, and values. A recurring pattern
across the literature is team-oriented design, where Al is conceptualized as a teammate
rather than a tool. In these systems, explainability is designed to support coordination,
mutual predictability, and the development of shared mental models. Empirical and con-
ceptual studies emphasize that effective human—AlI team performance depends on aligned
representations of tasks, roles, and expectations, positioning X-Al design as a mechanism
for building and sustaining these shared understandings [40,51]. Supporting frameworks
from human factor research, such as situation awareness, further inform design choices
by emphasizing the need to make Al behavior observable, understandable, and anticipat-
able [58]. Accordingly, “good design” in X-Al moves beyond post hoc explanation and
embeds explainability directly into teamwork processes.

Another prominent theme is the centrality of human-facing interface design. Explana-
tions are frequently integrated into existing work environments, such as decision-support
systems and collaborative platforms, and are presented in ways that align with human
cognitive processes and communication norms [40,44]. This includes multimodal expla-
nation strategies (e.g., visual panels, highlights, example-based explanations, uncertainty
displays) as well as autonomy-aware design, where the depth, timing, and auditability of
explanations adapt to the level of Al autonomy [3]. Across studies, design decisions are
consistently framed as a balance between model-side transparency (e.g., interpretable archi-
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tectures, uncertainty-aware systems) and user-side needs (e.g., comprehension, workload,
expertise) [37,44].

Importantly, recent empirical work positions X-Al design within broader commitments
to responsible and inclusive design. Rather than treating ethics as an add-on, considerations
such as fairness, accountability, transparency, and accessibility are increasingly embedded
as core design constraints [25,30]. This shift expands the meaning of design to include
stakeholder-centered processes, such as participatory design discussions and early-stage
co-reasoning among interdisciplinary teams [59]. The literature suggests that trustworthy
X-Al design is best understood as human—environment integration. It involves aligning
model capabilities, explanation mechanisms (visual and interactive), interface delivery, au-
tonomy policies, and value commitments into a unified system. Within the I-D framework,
this positions design as the level at which explainability becomes fully operationalized,
transitioning from isolated explanations to embedded, value-driven, and context-aware
human-AI systems.

Explanations

Across empirical studies, “explanations” refer to the specific representational tech-
niques used to make an Al system’s outputs, reasoning, uncertainty, or learned patterns
more understandable and actionable for people. In practice, studies most frequently
implement explanations through post hoc, model-agnostic methods (especially feature attri-
bution) and example-based strategies, with delivery shaped by user expertise, task stakes,
and interface constraints [30,44]. A dominant empirical approach is featuring attribution,
particularly SHAP, used to quantify feature contributions and provide ranked importance,
dependence, and interaction visualizations. This is common in applied performance con-
texts (e.g., team performance analytics), where explanations aim to translate complex
prediction surfaces into interpretable drivers that users can discuss and act upon [22,23].

In parallel, LIME-style local explanations appear often in text classification and
requirement-oriented contexts, offering highlighted tokens, local rationales, and stabil-
ity /fidelity checks to support interpretability claims [28]. These choices reflect a pragmatic
tendency: when predictive performance is prioritized, explanation is frequently layered on
rather than built into inherently interpretable models [30].

Another prominent line of empirical work uses example-based explanations, such
as showing similar cases or prototypes, which can support user trust and understanding
by grounding model behavior in concrete instances [33]. Closely related are designs that
combine visual explanation and natural language explanation, sometimes manipulating
assertiveness or detail to examine how explanation style affects decision-making [26].
Across these studies, the explanation format is treated as a design variable that is visual,
textual, or hybrid or interactive or non-interactive because comprehension and use depend
heavily on how explanations are encountered in real tasks [44].

Importantly, empirical evidence also cautions that explanations do not uniformly
improve outcomes. Some work shows that explanation quality and imperfections matter
for downstream judgments and behavior and that human-AI teams can still underperform
compared with Al alone in certain conditions, highlighting the risk of over-relying on
explanations as a guarantee of appropriate trust or superior performance [10]. As a result,
several empirical and review-based contributions recommend tailoring explanations to user
expertise, case context, and decision stakes and combining system-level and prediction-
level information to support calibrated reliance [29].
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Workflow

In empirical studies, “workflow” captures how explainable Al (X-Al) is operational-
ized within human activity over time. More than a sequence of interactions, workflow
represents a temporal and organizational construct that integrates decision processes,
coordination structures, and system use across the Al lifecycle. It encompasses how in-
formational needs are identified, how explanations are selected and delivered at different
stages, and how their effectiveness is evaluated and refined. Across the literature, a consis-
tent finding is that trustworthy X-Al depends not on isolated explanation outputs but on
how well explainability is integrated into workflows that support decision-making and
coordination [60]. In this sense, explainability effectiveness emerges from its alignment
with when, where, and how decisions are made, rather than from the quality of standalone
explanations alone. Within the Implementation-Design (I-D) framework, workflow repre-
sents the dynamic layer that connects implementation (visual and interactive mechanisms)
with design (system-level integration), ensuring that explainability functions as an ongoing
process rather than a static feature.

A key workflow contribution identified in the literature is task- and team-based
requirements analysis. Studies emphasize defining goals, subgoals, decision points, and
situation awareness needs before determining what explanations should be provided and
in what form [53]. In human—AlI team contexts, workflow design also involves clarifying
interdependence and information-sharing structures, ensuring that explanations enhance
coordination and mutual predictability rather than introduce redundancy or cognitive
overload [51]. This aligns with human-centered design principles, which highlight that
explanation timing, frequency, and level of detail must be carefully calibrated to support
real-time performance.

A second recurring pattern is the use of iterative design—evaluation cycles. Explanation
strategies are continuously refined based on empirical assessment of trust calibration,
mental model development, task performance, and user experience. Multidisciplinary
frameworks position evaluation not as an endpoint but as an integral stage of the workflow
that must account for task context, user characteristics, and explanation goals [44,61]. This
iterative approach is particularly important given evidence that explanations can sometimes
mislead users or have variable effects depending on context [43]. A third dimension of
workflow extends beyond user interaction into organizational governance. In this broader
view, workflow includes structured processes for managing trust, risk, and accountability
across the Al lifecycle. Approaches such as maturity models and governance frameworks
prioritize transparency, privacy, and control mechanisms, while also identifying gaps and
guiding continuous improvement [30,41]. Complementary research on early lifecycle
co-reasoning further supports this perspective by demonstrating how interdisciplinary
collaboration can embed explainability and ethical considerations into system design before
deployment decisions constrain future options [59]. The literature positions workflow as
the mechanism through which explainability becomes actionable and effective. It integrates
temporal sequencing, organizational structures, and iterative learning processes, ensuring
that explainability is not delivered as a one-time output but enacted as part of ongoing
human-Al interaction and decision-making. Within the I-D framework, workflow thus
plays a critical bridging role, connecting technical implementation and sociotechnical
design into a coherent, adaptive system.

3.5. The Four Quadrants

The I-D Framework, shown in Figure 2, is divided into four quadrants. This frame-
work is built along two orthogonal dimensions: the implementation dimension (horizontal)
and the design dimension (vertical). Within these two dimensions are four quadrants.
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The first quadrant (bottom-left) consists of the “Visual Implementations + Explanatory
Design” components. This is the “Visual Explanations” quadrant and provides engage-
ment through visual decision expectations. The second quadrant (top-left) consists of
the “Visual Implementation + Workflows Design” components. This is the “Visual Work-
flows” quadrant and provides system-level understanding through visual design. The
third quadrant (bottom-right) consists of the “Interactive Implementation + Explanatory
Design” components. This is the “Interactive Explanations” quadrant and provides deep
understanding through interactive exploration of decisions. The fourth quadrant (top-right)
consists of the “Interactive Implementation + Workflows Design” components. This is the
“Interactive Workflows” quadrant dedicated to comprehensive understanding through
interactive engagement with the entire system’s design. The four quadrants, along with
their position, purpose, and primary goal are highlighted in Figure 3.

Quadrant 2: Quadrant 4:
o Visual Workflows o Interactive Workflows
Position: Position:
e Visual Implementation + Workflows e Interactive Implementation +
Design Workflows Design
Purpose: Purpose:
e System-level understanding through e Comprehensive understanding
visual design through interactive engagement with
Goal: entire system design
e Help users understand the entire Goal:
system processes and design through e Enable teams to develop shared
consistent, comprehensive visual mental models through interactive
representations engagement with justifications for
- system design across entire lifecycle
o0
7
<))
(a]
3:
Quadrant 1: uadeant : =
: : ¢ Interactive Explanations
e Visual Explanations I
o Position:
Position: : .
- < ¢ Interactive Implementation +
e Visual Implementation + Explanatory x
: Explanatory Design
Design Purpose:
Purpose: DOSS:

e Deep understanding through

interactive explanation of decisions
Goal:

e Enable users to explore and
understand individual decisions
through interactive dialogue and
parameter adjustment

e Engagement through visual decision
expectations
Goal:
e Help users to quickly grasp why
individual decisions were made
through intuitive visualizations

Implementation

Figure 3. The four quadrants.

Although the framework is presented as four quadrants for clarity, the implementation
and design dimensions are continuous axes rather than discrete bins. The quadrants are
therefore best read as regions within two-dimensional space rather than as mutually
exclusive categories. Many contemporary systems span more than one region. A SHAP
dashboard, for example, combines a static visual representation (lower implementation),
interactive exploration such as filtering and what-if adjustment (higher implementation),
and embedding within a decision process (higher design). SHAP is therefore located not at
a single point but along a trajectory that moves from the visual explanations region toward
the interactive workflows region.
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To classify such hybrid systems consistently, we apply two rules. First, a system is
positioned according to its dominant explanatory function relative to the task, what the
end user relies on to understand or act on the model. This is in contrast to just presenting
visual or interactive elements. Second, systems that genuinely operate across regions are
represented as vectors spanning the relevant quadrants, making multi-functionality an
explicit property of the system. This helps to reduce ambiguity across the whole system.
In summary, the non-exclusivity of the quadrants is a designed feature of a dimensional
model. The axes describe where a system places its explanatory effort, and a single system
can legitimately occupy a region, and edge, or a path between regions.

3.5.1. X-Al Strategies for the Four Quadrants

Part of the initial plan for the current study was to provide a list of X-Al techniques for
each of the four quadrants. However, as it became apparent that this field is still new and
technologies are constantly being designed, merged, or modified to meet new demands
in the workplace, we decided to address specific strategies to help guide researchers and
practitioners when deciding on which techniques work best for their situation. Table 3
provides a brief outline of recommended strategies that could be applied to each of the
four quadrants.

Table 3. Strategies for the four quadrants.

Quadrant

Strategy

Q1: Visual Explanations

Add visualization layer to existing model

Generate saliency maps, feature importance plots

Create attention mechanism visualizations

Design intuitive visual representations

Q2: Visual Workflows

Design unified visual language for system

Create visualization ecosystem

Document system processes visually

Establish design standards for transparency

Integrate visualizations throughout user experience

Q3: Interactive Explanations Implement interactive explanatory tools

Enable parameter adjustment and re-runs

Support question-answering about decisions

Create dialogue interfaces

Adapt explanations to user inputs

Q4: Interactive Workflows

Build justificatory explanation systems

Enable team dialogue about design assumptions

Create shared visual representations

Implement shared mental model development processes

Support team learning behaviors

The decision to offer strategic guidance rather than a fixed catalogue of techniques is
deliberate and reflects a design choice for sustainability. Because specific tools are continu-
ally being created, merged, and deprecated, a framework tied to named techniques would
date quickly, whereas the I-D dimensions remain stable as the technique landscape changes.
The framework is nonetheless operational. As a use case, a practitioner first identifies the
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unit of analysis (e.g., individual, team) and whether the immediate need is engagement or
deeper understanding. Then the practitioner selects the corresponding quadrant strategy
from Table 3. Applied to systems already represented in this review, the framework con-
sistently classifies: feature-importance visualizations for individual sports-performance
feedback fall in visual explanations (Q1) [22]; uncertainty-aware visual displays used to
brief multidisciplinary teams fall in visual workflows (Q2) [37,60]; interactive decision
trees and counterfactual coaching that let users probe and adapt to model behavior fall in
interactive explanations (Q3) [38,39]; and team-oriented, lifecycle-embedded explanation
processes that support shared mental models fall in interactive workflows (Q4) [40,51].
These worked examples illustrate that the framework can locate existing systems even
though it does not enumerate every technique.

3.5.2. Positioning the I-D Framework Among Existing Frameworks

To clarify the framework’s contribution relative to established work, Table 4 compares
the I-D framework with three influential frameworks in the X-Al and human-AI teaming
literature: the Situation Awareness Framework for Explainable Al (SAFE-AI) [60]; Ends-
ley’s situation-awareness-based account of transparency and explainability for human—Al
teams [40]; and Mohseni et al.’s [44] multidisciplinary design-and-evaluation framework
along with the classic computation-centric taxonomy of explanation types [30]. The com-
parison shows that prior frameworks are oriented primarily toward the individual user,
focusing on either the cognitive requirements of awareness or the provenance of expla-
nation methods. The I-D framework organizes explainability by how it is implemented
and designed for engagement versus understanding across individual and team levels.
The I-D framework is therefore complementary rather than competing. It can be paired
with situation-awareness requirements analysis and with method-level taxonomies, while
adding an explicit team-oriented, operationalized-focused lens that these frameworks do
not provide. This positioning indicates that the framework is a genuinely new organizing
scheme rather than a relabeling of existing distinctions.

Table 4. Comparison of the I-D framework with existing frameworks.

Framework Primary Focus Unit of Analysis What It Organizes Relation to I-D Framework
Aligning XAI with SA-based information SA requirements map onto the
SAFE-AI [60] situation-awareness Individual operator  requirements for I-D workflow (design)
requirements explanations dimension
I-D operationalizes these
Transparency, Individual and Cognitive requirements for ~ requirements as
Endsley [40] explainability, and SA & qrure red . .
team observable, predictable AI  implementation and design
for human-AI teams .
choices
Mohseni et al. Mu!t1d1sc1phnary . Individual Design goals and Shares audler}ce sen51t1v1ty;
design and evaluation - o evaluation measures by I-D adds the implementation
[44] (audience-specific) . .
of XAI audience x design axes
XAI taxonomy Classifying explanation . Ante/post hoc, Orthogopal: provenance of
Model-centric local/global, explanations vs. their
[30] methods L . . .
model-specific/-agnostic operationalization
Operationalizing Implementation
I—D framework  explainability for Individual to team (V15}1a1<—>1nteractlve) X .Integ.ratmg scheme proposed
(this study) engagement and design in this review
understanding (explanation<s>workflow)

4. Discussion

The findings of this systematic review suggest that explainable artificial intelligence
(X-AI) should be understood not merely as a mechanism for improving transparency but
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as a sociotechnical design problem that shapes how humans and Al coordinate, interpret,
and act within team-based environments. Across the reviewed literature, a consistent
pattern emerged. Much of the X-Al research remains focused on individual-level outcomes
such as interpretability, trust, and decision support, whereas the demands of human-AlI
teams require explainability that is more interactional, workflow-integrated, and explicitly
team-oriented. This shift matters because explanations in team settings are not simply retro-
spective accounts of model behavior. They function as resources for aligning expectations,
coordinating action, and supporting collective sensemaking over time [51].

4.1. The I-D Framework to Support the Team Level of Analysis

A central implication of this review implies that explainability requirements shift as
the level of analysis moves from individuals to teams. At the individual level, visual and
post hoc explanations often serve interpretive and justificatory output. At the team level,
however, explainability must do more than support interpretation. It must also facilitate
communication, coordination, and mutual predictability among actors with different roles,
expertise, information needs, and developing situation awareness [40,51,60].

The Implementation-Design (I-D) framework captures this transition. Lower-level
visual techniques, such as feature importance plots, saliency maps, partial dependence
plots, and other local explanations support perceptual access to model outputs. These
approaches are often effective for individual engagement because they translate otherwise
opaque model behavior into accessible signals. Unfortunately, these same techniques
may be insufficient in team contexts, where success depends less on whether one person
understands an output and more on whether multiple actors can align their interpretations
and coordinate next steps [51].

This distinction aligns with the human-AlI teaming literature, which emphasizes
shared situation awareness, mutual understanding, and complementary performance
rather than just individual task accuracy [5,51,54,62]. Shared mental models are especially
relevant here [17,40,46,51,63]. Their development depends on team learning behaviors
such as co-construction, collaborative construction, clarification, and constructive conflict
through which team members negotiate common ground and reconcile differing inter-
pretations [51]. Explanation in this sense is not external to teamwork, rather it is one of
the mechanisms by which shared understanding is formed and maintained [3,51]. This
becomes important because evidence suggests that complementary team performance is
a key outcome in human-AI systems, outperforming both the human or the Al systems
operating independently [55].

This notion of complementary performance reflects the importance of leveraging
the distinct strengths of both human and Al agents. Effective X-Al design at the team
level enables this synergy by supporting adaptive collaboration, where human agents
adjust their strategies in response to Al outputs and feedback [39]. Moreover, because
Al systems are not infallible, several studies examine how teams respond to imperfect
explanations and recover from Al errors through collective reasoning processes [64]. These
collaborative outcomes are typically evaluated using team-level performance metrics such
as end-to-end accuracy [55], mean absolute error [65], and coordination efficiency, in-
cluding time-based measures of task completion [39]. Together, these findings highlight
that, at the team level, explainability functions as a mechanism for enabling coordina-
tion, adaptive decision-making, and collective performance rather than solely supporting
individual understanding.
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4.2. From Individual Interpretability to Team Coordination

A central insight from the current study is that explainability operates differently across
levels of analysis. At the individual level, X-Al primarily supports comprehension, trust
formation, and post hoc justification of decisions. These functions are commonly achieved
through techniques such as feature attribution, local explanations, and visualization-based
outputs that help users interpret model behavior. SHAP is especially prominent in this
context because it provides both local and global feature attributes in a comparatively
accessible way. For example, SHAP has been used to identify how variables such as age,
nationality, and placement shape performance predictions in sports analytics, providing
coaches with interpretable insights into what areas may require attention [52]. In healthcare
and decision-support settings, SHAP is similarly used to quantify which factors drive a
particular prediction, helping users understand why a case was flagged, prioritized, or
classified in a certain way [24].

At the team level, however, the role of explainability expands significantly. A SHAP-
based system offers three layers of situation awareness, XAI-1 looks at perception (what?),
XAI-2 looks at comprehension (why?), and XAI-3 looks at counterfactuals (what if?) [12].
XAI-1 and XAI-2 functions are more appropriate for individual feedback, while XAI-3
is better served at a team level, providing cross-disciplinary dialog and multilayered
explanations [12]. In a care team, a SHAP-based explanation for risk alert may support
one clinician’s understanding, but its real team value emerges when it helps the group
deliberate whether the alert reflects a transient anomaly, a meaningful deterioration, or
a case that warrants escalation [51]. In sports, a coach or analyst might examine SHAP
outputs to understand why a model predicts low team performance. At the team level,
the outputs can support a more distributed conversation among coaches, analysts, and
players [22]. This information is valuable to coaches and their staff, allowing them to
“target interventions and adjustments to improve the performance of teams” [22] (p. 14).
These examples suggest that team-oriented SHAP interfaces may need to support layered
access, shared output, and comparability across cases rather than only providing dense,
expert-facing feature plots.

Interactive decision support offers a similar contrast. At the individual level, users
often benefit from systems that allow them to them test “what if” scenarios, manipulate
inputs, or review local explanations on demand [66,67]. At the team level, however, interac-
tive decision support also helps mitigate knowledge imbalance and support collaborative
user involvement, allowing different members to interrogate the system from different
perspectives [59,68,69]. In team tasks, the explanation process is distributed. One person
may compare model outputs to human judgment, another may focus on uncertainty, and
another may relate the explanation back to operational constraints. This is especially im-
portant because collaborative reasoning has been shown to outperform simple human-AI
dyadic reliance in some settings, and teams may use Al more effectively when it serves as a
trigger for discussion rather than as an unquestioned item [64].

This shift from individual interpretability to team coordination also has important
implications for evaluation. Explanations should not be judged solely by whether they
increase subjective trust. The literature repeatedly warns that explanations can also cre-
ate illusions of understanding, inflate confidence, or encourage overreliance [46,52]. In
human-AI teams, one actor’s misplaced confidence may propagate to others, amplifying
downstream coordination failures. Evaluating X-Al over the long term should involve team
member experience factors, such as “over-trust and under-trust on the system” [44] (p. 33).
In a study that evaluated published research across multiple disciplines, Mohseni and
colleagues [44] evaluated X-Al across five levels: mental model, usefulness and satisfaction,
user trust and reliance, human-AlI task performance, and computational measures. They
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highlighted the need for providing an interdisciplinary effort for evaluating X-Al sys-
tems. Other studies identified that the purpose of evaluating X-Al should be to determine
whether or not it helped to develop mental models and the identification of discrepancies
in knowledge structures [46].

4.3. Explainability as an Interactional and Temporal Process

The findings further suggested that explainability should be conceptualized as an
interactional and temporally situated process rather than a static output delivered after
model inference. This conclusion directly extends the findings from the interactive and
workflow dimensions. It shows that the effectiveness of explainability depends not only on
what information is presented but when, where, and how it is encountered within ongoing
human activity domains such as management, science, and technology [32].

Interactive approaches shift explainability from a one-time informational artifact to
a mechanism for iterative sensemaking. Rather than simply displaying an explanation,
such systems allow users to query model outputs, manipulate inputs, compare alternatives,
explore counterfactuals, and observe how model recommendations change under different
assumptions [61]. This makes explainability functional as opposed to just being representa-
tional. Findings also suggested that explanations are collaborative and iterative processes,
often involving repeated question—answer exchanges in which participants can refine their
understanding [51]. By making it a dynamic experience, users do not simply receive an
explanation once; they reflect, reinterpret, and test the outcome as time progresses.

The workflow findings capture how explainability is operationalized across decisions,
coordination structures, and broader systems use over time. This trustworthiness is built
through an explanation’s alignment with decisions to ensure successful transitions of
work practices and roles [70]. Explanations must therefore be temporally aligned with the
workflow itself. Some are most useful before action, when users are identifying the problem
or deciding which decision-support system works best for the stated problem [29]. Some
have utility during action to facilitate team discussions [71]. Others are more useful after
action, where Al inferences are provided after initial task assessments have been made [72]
or as an after-action debriefing [71].

This strengthens our point about iterative sensemaking. Literature related to workflow
highlights iterative design—evaluation cycles in which explanation strategies are contin-
uously being refined for effectiveness, trust calibration, and team performance [45]. At
the team level, team members interpret Al outputs and compare them against unfolding
events, updating the team’s understanding through successive cycles of interaction [62,73].
From this perspective, explainability functions as a reoccurring resource embedded in a
loop of interpretations and actions rather than as a one-time explanation delivered at the
point of prediction [40].

Temporal dimensions of explainability are especially relevant when linked to shared
mental models. Shared mental models are not static cognitive artifacts. Instead, they
are maintained through perception, communication, inference, and synchronization [51].
Shared mental models can also degrade when they are not refreshed or coordinated through
action [51]. This suggests that explainability in human—AI teams should support not only
initial understanding but should also provide continuous updating and synchronization
across the lifecycle of tasks. Technically accurate but poorly timed explanations can hamper
team performance, whereas explanations that are both accurate and timely improve team
effectiveness [40,51].

Interaction decision-support examples illustrate this well. For example, users may
first receive a recommendation, then decide to explore counterfactuals, and later revisit
explanation maps during an after-action review [61,74]. Other studies provided a parallel

https:/ /doi.org/10.3390/systems14070862


https://doi.org/10.3390/systems14070862

Systems 2026, 14, 862

22 of 28

processing technique where one team member queries the Al, another contributes contex-
tual knowledge, and the remaining team member determines whether or not to act [51].
Similarly, workflow-oriented studies show evidence that explanations have utility when
they are embedded into ongoing work rather than added as an alternative artifact or added
after the fact [64].

This interactional and temporal perspective can also clarify why static explanations
often fail. A feature ranking, saliency map, or confidence score may be informative in
principle. However, if it is delivered at a point when the user cannot meaningfully act on
it, it may be ignored or may impose unnecessary cognitive burden [13,45]. Explanations
that are delivered too frequently or provide too much information can also be ignored, as
shown in studies that looked at information overload during real-time operations [40]. Rec-
ommendations are made to provide information that is critical and timely, while preventing
cognitive overload of agents.

4.4. Designing for Human—AlI Team Performance and Appropriate Reliance

Another key implication of this review is that explainability should be evaluated
according to its contribution to team-level performance rather than solely individual under-
standing. The reviewed literature suggests that effective human-AI teams are characterized
by complementary performance, in which the combined capabilities of humans and Al
exceed what either could achieve independently. In this context, explainability supports
coordination, adaptive collaboration, collective performance, and ethical practice rather
than only providing retroactive analyses [51,62,67].

This reinforces the distinction between trust and appropriate reliance. Explanations
may increase confidence, but they can also increase overreliance or automation bias if they
are overly persuasive or insufficiently transparent about uncertainty [1,64,72,73]. Studies
of human-AlI decision support show that collaborative user involvement can mitigate
knowledge asymmetries and improve decision quality, while imperfect or misleading X-Al
can impair judgment and performance [42,55,75]. In some cases, collaborative reasoning
among people supported by Al appears to outperform settings where Al is treated as an
authoritative teammate whose outputs are simply followed [64]. These findings suggest
that the design goal should not be to maximize trust but to support informed and context-
sensitive judgments about when and how to rely on Al outputs. In these instances, trust
becomes an emergent property dependent on how well the Al supports human agents or
team members.

Interactive and workflow-integration approaches appear especially promising. Al-
lowing users to interrogate outputs, compare alternatives, and test assumptions help to
promote active engagement with Al recommendations rather than treating them pas-
sively [1,76]. In team contexts, this also enables distributed cognition, allowing different
team members to contribute complementary capabilities, question the Al from different
perspectives, and jointly determine when to defer and when to intervene [7,43,51,63]. This
aligns with arguments calling for Al to be treated as a collaborative member embedded
within the team rather than as an autonomous actor [64].

4.5. Implications for Theory and Future Research

Findings suggest that explainability should be theorized less as a static property of Al
systems and more as a situated feature of human-AlI interaction embedded in collaborative
teams [5,13]. The literature reviewed for the current study indicated that several X-Al
techniques were developed primarily to make model behavior visible to individual users,
often through post hoc visualization or local explanations. However, the requirements
of human-AlI teams introduce a broader set of concerns involving shared mental mod-
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els, situation awareness, transactive memory systems, workflow timing, and calibrated
reliance [15,40,46,51,77]. Building on these findings, future research should advance theory
and empirical work in the following areas.

Before turning to specific directions, it is important to distinguish what this review es-
tablishes from what it proposes. The literature-supported findings concern how explainabil-
ity functions are distributed across individual and team levels, the prevalence of visual and
post hoc methods at the individual level, the role of interactive and workflow-integrated
approaches in team settings, and documented risks of overreliance on explanations. In
contrast, the constructs of shared mental models, distributed cognition, and transactive
memory systems were not coded categories in the current review. These constructs were
introduced for future research rather than as findings for the current review. The studies
we draw on acknowledge that the supporting evidence in human—AlI teams is still lim-
ited [15,51]. We are stating this clearly so that the framework’s team-level claims are read
as hypothetical, requiring further testing. The research directions that follow are offered in
that spirit.

4.5.1. Team-Oriented Explainability

One theoretical implication of the current study is that current X-Al frameworks
remain underdeveloped at the team level. Existing work has made substantial progress
in classifying explanation methods, types, and purposes. Unfortunately, most of this
progress has been primarily focused on individual comprehension, trust, and prediction
capabilities. In contrast, the human—Al teaming literature emphasizes shared mental
models, mutual predictability, and complementary performance as defining features of
successful teaming [29,55]. This suggests a need for theory that explicitly explains how
X-Al functions as a coordination resource within teams rather than as an interpretive aid
for individual users.

Future research should concentrate on collaborative X-AI (C-XAI) artifacts that sup-
port team cognition (distributed cognition). Andrews et al. [51] argued that shared mental
models in human-AlI teams remain theoretical, lacking consistent conceptualization and
measurement. Similarly, Merry and colleagues [46] suggested that explainability must
be defined relative to audience, language, and purpose, making team-level explainability
significantly different compared to individual-level explainability. Endsley’s [40] work
further supports this position by arguing that transparency and explainability are valuable
if they support situation awareness and effective human-AI coordination dynamically. To-
gether, these sources support the need for a more explicit theory of team-level explainability
grounded in team cognition, role interdependence, and collective action.

4.5.2. Distributed Cognition

Future research should be directed toward explanations of distributed cognition in
team and collaborative settings. The literature reviewed repeatedly highlighted shared
mental models, transactive memory systems, and distributed cognition as relevant con-
structs. However, these concepts and models lack empirical testing. This creates a gap
between conceptualized and realized explainability models for teams. Future studies
should investigate whether explanations help teams build shared cognitive knowledge
structures that are both accurate and similar. Other research should look at how knowledge
and understanding are distributed across team members. Andrews et al. [51] noted that
shared mental models provide a strong conceptual bridge between human factors and X-AlL
However, they also emphasized that empirical evidence is limited to fully support such
models. Bienefeld et al. [15] added that human—AI teaming can be strengthened through
transactive memory systems and speaking up; however, they indicated that research on
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X-Al and human-Al teams is lacking. They recommended further research around trans-
active memory systems to better assess team members’ interpretations of Al content and
its impact at the team level. The literature suggests further research around distributed
cognition relating to explainability and its impact at the team level.

A related direction concerns the cognitive capacity of the non-human members of
the team. This review treated explainability as a property that makes Al understandable
to its human teammates, but a distributed cognition account also implies the reverse:
the Al and its supporting tools need some working model of the task, the context, and
the human collaborator. This is the focus of the emerging literature on cognitive digital
twins, which extend conventional digital twins with reasoning, learning, and semantic
knowledge so that they can adapt and support decision-making rather than only mirror the
systems they represent [78,79]. In human-aware applications, a cognitive digital twin of
the human collaborator anticipates the person’s situational understanding and intentions,
complementing the twin of the technical system to form a more integrated human-machine
team [78,79]. This work maps onto the interactive workflow quadrant of the I-D framework:
explanation makes the Al understandable to the human, while the Al's own modeling
makes the human and the task understandable to the Al, and effective team cognition
likely depends on both. Integrating cognitive digital twin research with X-Al is therefore a
promising direction for extending the team-level account developed here.

4.5.3. Limitations and Status of the Framework

Several limitations could be noted, and together they define the current status of the
I-D framework as a conceptual, organizing model rather than as empirically validated
theory. First, the framework was derived inductively from a synthesis of the literature and
has not yet been tested through case studies, expert evaluation, Delphi panels, survey data,
or controlled experiments. The quadrants and worked examples (Section 3.5) demonstrate
that the framework can organize and classify existing systems, but this does not constitute
validation. Future research should evaluate the framework empirically. For example,
this could be achieved through an expert Delphi study assessing the completeness and
discriminant validity of the two dimensions or through experiments testing whether
quadrant-aligned design choices improve team-level outcomes.

Second, as noted in the methodology section, classifications were established through
structured consensus rather than independent double-coding, so formal inter-rater reliabil-
ity coefficients were not computed. Third, the search was scoped to two core constructs
and did not incorporate adjacent terms such as “interpretable SI” or “human-autonomy
teaming,” which may have excluded some relevant studies. Finally, several team-level
implications rest on constructs (e.g., shared mental models, distributed cognition) that were
used as interpretive lenses and remain empirically underdetermined in human-AlI settings.
We therefore present the I-D framework as a foundation for theory-building and a guide
for practice, while explicitly highlighting that further validation and testing are required.
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