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. This study aims to explore the role of machine learning model
Recc?lved : 30 January 2026 interpretability in improving the quality of strategic decision-making. The
Revised :2 April 2026 study addresses the growing use of machine learning in organizational
Accepted : 23 April 2026 decision processes and the problem of limited transparency in Al-generated
recommendations. A qualitative case study approach was used to examine
how decision-makers understand, evaluate, and apply model explanations

Keyword: in strategic contexts. Data were collected through semi-structured
Machine learning interviews, non-participant observation, and document analysis involving
interpretability; managers, strategic planners, data analysts, data scientists, Al project
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Strategic decision-making; identified four main themes: interpretability as a basis for trust formation,
Human-centered ai; interpretability as a bridge between technical analysis and managerial
Decision quality judgment, interpretability as a tool for reducing uncertainty, and

interpretability as a mechanism for accountability and justification. The
findings show that decision-makers use model explanations not merely to
understand algorithmic outputs, but also to negotiate meaning, validate
recommendations, and align Al-supported insights with organizational
priorities. This study contributes to human-centered explainable Al and
strategic decision-making theory by showing that interpretability functions
as a social, managerial, and organizational process. The findings imply that
organizations should develop Al systems and decision policies that
prioritize clear explanations, contextual relevance, uncertainty disclosure,
and accountability. Future research should compare interpretability
practices across sectors and examine how data literacy and organizational
culture influence Al-supported strategic decisions.
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1. Introduction

The rapid adoption of machine learning has changed how organizations make strategic decisions
in uncertain and data-intensive environments. Machine learning models can process large data
sets, detect complex patterns, and produce predictions that support strategic planning, risk
assessment, market analysis, and resource allocation. Barredo Arrieta et al. (2020) explain that
explainable artificial intelligence emerged because many Al systems produce decisions that users
cannot easily understand. Rai (2020) adds that explainability moves Al from a black-box system
toward a more transparent system that can support human judgment. Ali et al. (2023) further argue
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that trustworthy Al requires transparency, interpretability, and accountability because users need
to understand how a model reaches its output.

In organizational practice, the main issue is not only whether machine learning can produce
accurate predictions, but also whether decision-makers can understand and justify those
predictions. Strategic decisions require more than technical accuracy because they affect
organizational direction, stakeholder interests, financial risk, and long-term performance.
Coussement et al. (2024) state that explainable AI can enhance decision-making when
explanations help users evaluate and act on Al outputs. Enholm et al. (2022) show that Al creates
business value when organizations connect technical capabilities with organizational processes
and managerial goals. Raisch and Krakowski (2021) also emphasize that Al in management
creates a tension between automation and human augmentation, which makes interpretability
important for responsible decision-making.

The problem becomes more complex because decision-makers often use prediction scores,
automated recommendations, risk labels, or dashboard visualizations without fully understanding
the assumptions behind them. Liao et al. (2020) argue that explainable Al systems should answer
the kinds of questions that users actually ask when interacting with Al. Kaur et al. (2020) show
that even data scientists can face difficulties when interpreting machine learning explanations in
practical work settings. Ehsan et al. (2021) also highlight the need for social transparency because
explanations are shaped by communication, institutional context, and user expectations. Kim et
al. (2024) add that human-centered XAl evaluation should consider explanation quality, human-
Al interaction, and decision performance.

Model interpretability is important because strategic decision-making involves judgment, not
only computation. A model may generate a statistically strong prediction, but decision-makers
still need to assess whether the prediction is relevant, ethical, contextual, and aligned with
organizational priorities. Hase and Bansal (2020) show that explanations do not always help users
predict model behavior, which means explanation quality must be evaluated carefully. Mohseni
et al. (2021) explain that explainable Al requires multidisciplinary design and evaluation because
different users need different forms of explanation. Nauta et al. (2023) also argue that XAI
evaluation needs systematic methods because anecdotal claims are not enough to prove that
explanations improve understanding or decision quality.

Studies in strategic management have started to examine how artificial intelligence affects
strategic analysis, opportunity evaluation, and organizational decision processes. Keding (2021)
explains that Al has become increasingly relevant in strategic management because it changes
how organizations gather information and formulate decisions. Csaszar et al. (2024) show that Al
can support strategic decision-making by helping entrepreneurs and investors generate and
evaluate strategic alternatives. Doshi et al. (2025) also find that generative Al can support the
evaluation of strategic alternatives, although its outputs still need careful human review. These
studies show that Al can improve strategic work, but they also indicate that human interpretation
remains central to decision quality.

However, previous studies still leave an important qualitative gap. Many studies discuss
explainable Al from technical, conceptual, or evaluation perspectives, but fewer studies examine
how decision-makers experience interpretability in real organizational settings. Angelov et al.
(2021) describe explainable Al as a key direction for making intelligent systems more transparent
and reliable. Vilone and Longo (2021) show that XAl research has grown rapidly, but many
evaluation practices still focus on technical explanation methods. Longo et al. (2024) argue that
XAl research needs stronger interdisciplinary attention because real-world explainability involves
technical, ethical, legal, organizational, and social dimensions. Rong et al. (2024) also emphasize
that user studies are needed to understand how people actually interact with model explanations.

Based on this gap, this study aims to explore the role of machine learning model
interpretability in improving the quality of strategic decision-making. The study focuses on how
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decision-makers understand model explanations, how they evaluate the reliability of machine
learning outputs, and how they integrate algorithmic recommendations with managerial
judgment. Nauta et al. (2023) emphasize that explanation quality should be assessed through
systematic and transparent evaluation. Kim et al. (2024) argue that human-centered explainability
depends on user needs, task context, and decision environment. Coussement et al. (2024) further
show that explainable Al can strengthen decision-making when explanations support user
understanding and action. Theoretically, this study contributes to human-centered explainable Al
and strategic decision-making literature. Practically, it offers insight for organizations that want
to build more transparent, accountable, and useful Al-supported decision systems.

2. Materials and Methods

This study used a qualitative case study approach to examine the role of machine learning model
interpretability in improving the quality of strategic decision-making. A qualitative approach was
selected because the study explored meanings, experiences, perceptions, and decision processes
rather than statistical relationships. Lim (2025) explains that qualitative research helps researchers
examine complex phenomena through context-sensitive inquiry. Busetto et al. (2020) also state
that qualitative methods are suitable for answering how and why questions in real-life contexts.
Hamilton and Finley (2020) add that qualitative methods can explain how people experience,
implement, and evaluate complex interventions in practical settings.

The case study design was chosen because machine learning interpretability is closely tied to
organizational context, technical infrastructure, managerial routines, and decision culture. This
design allowed the researcher to investigate how Al explanations were understood, discussed,
questioned, and used by decision-makers in strategic situations. Ali et al. (2023) explain that
explainable Al includes model explainability, data explainability, post-hoc explainability, and
explanation assessment. Barredo Arrieta et al. (2020) show that XAI connects technical
transparency with responsible Al use. Coussement et al. (2024) also emphasize that explanation
value depends on whether users can apply explanations in decision-making processes.

The research was conducted in organizations that had used machine learning-based decision
support systems for strategic or managerial decisions. The research sites may include technology
firms, financial institutions, educational organizations, public service agencies, or business units
that use predictive analytics for planning, risk assessment, customer analysis, performance
evaluation, or policy formulation. The study was planned for four months, covering participant
recruitment, interviews, observation, document collection, transcription, coding, and
interpretation. Participants were selected through purposive sampling because the study required
informants with direct experience in Al-supported decision-making. Adeoye-Olatunde and
Olenik (2021) state that semi-structured interviews are useful when researchers need detailed
accounts from participants with relevant professional experience. Magaldi and Berler (2020)
explain that semi-structured interviews allow researchers to combine focused questions with
flexible probing. O’Connor and Joffe (2020) also stress that systematic coding procedures can
improve the transparency of qualitative analysis.

The participants consisted of individuals who had direct involvement in using, interpreting,
developing, or evaluating machine learning outputs in organizational decision processes. They
included senior managers, strategic planners, data analysts, data scientists, Al project leaders, risk
officers, and policy decision-makers. The estimated number of participants ranged from 12 to 20
informants, depending on data saturation and the richness of the information obtained. Snowball
sampling was used when initial participants recommended other informants who had deeper
knowledge of model explanations, Al dashboards, or strategic decision workflows. Liao et al.
(2020) emphasize that explainable Al should be designed around user questions and decision
needs. Kaur et al. (2020) show that practical use of interpretability tools depends on how users
understand and integrate explanations into their work. Rong et al. (2024) also argue that user
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studies are important because explanation effectiveness depends on real interaction between users
and Al systems.

Data were collected through semi-structured interviews, non-participant observation, and
document analysis. Semi-structured interviews served as the main technique because they allowed
participants to explain their experience with model interpretability, trust, uncertainty, explanation
usefulness, and decision quality. Observation was conducted during relevant organizational
activities when access was granted, such as dashboard review sessions, strategy meetings, risk
analysis discussions, and Al-supported planning forums. Document analysis included internal
reports, decision memos, Al model documentation, dashboard screenshots, standard operating
procedures, policy notes, and meeting records related to machine learning-supported decisions.
Ahmed (2024) explains that credibility in qualitative research can be strengthened through
triangulation, prolonged engagement, and transparent documentation. Johnson et al. (2020) also
emphasize that rigor in qualitative research depends on clear procedures, credible interpretation,
and systematic reporting. Mohseni et al. (2021) add that explainable Al evaluation should
consider the relationship between users, explanation design, and decision context.

Data validity was strengthened through source triangulation, method triangulation, member
checking, peer debriefing, and audit trail. Source triangulation was conducted by comparing
information from managers, technical staff, documents, and observation notes. Method
triangulation was applied by comparing interview findings with observation records and
organizational documents. Member checking was conducted by returning selected interview
summaries or preliminary themes to participants to confirm whether the interpretation reflected
their intended meaning. Peer debriefing was used to discuss emerging codes, categories, and
themes with other qualitative researchers or methodological reviewers. Ahmed (2024) explains
that trustworthiness requires credibility, transferability, dependability, and confirmability.
Johnson et al. (2020) state that qualitative rigor improves when researchers document decisions
and provide evidence for interpretation. Busetto et al. (2020) also stress that transparent reporting
helps readers assess the quality and relevance of qualitative findings.

Data were analyzed using thematic analysis supported by an interactive process of data
reduction, data display, and conclusion drawing. The analysis began with verbatim transcription,
repeated reading of transcripts, note-taking, and familiarization with interview, observation, and
document data. Naeem et al. (2023) explain that thematic analysis can be conducted through
transcription, coding, theme development, conceptual interpretation, and model development.
Christou (2023) states that thematic analysis helps researchers identify patterns of meaning across
qualitative data. O’Connor and Joffe (2020) also explain that systematic coding can improve
communicability and transparency in qualitative analysis. Initial codes included trust in
explanation, model uncertainty, managerial judgment, explanation usefulness, technical
dependency, strategic accountability, and human-Al negotiation. These codes were grouped into
broader themes that explained how interpretability contributed to the quality of strategic decision-
making. The final themes were interpreted in relation to human-centered explainable Al and
strategic decision-making theory.

3. Results and Discussions

The analysis produced four main themes that explain how machine learning model
interpretability contributes to the quality of strategic decision-making. These themes were
developed from semi-structured interviews, observation notes, and organizational
documents related to Al-supported decision processes. The first theme was
interpretability as a basis for trust formation. Participants explained that they were more
willing to consider machine learning outputs when they could understand the factors that
shaped the recommendation. A senior manager stated, “I do not need to know every line
of code, but I need to know why the system gives that recommendation.” This statement
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shows that decision-makers did not reject machine learning, but they required a level of
explanation that helped them assess whether the output was reasonable. This finding
supports Barredo Arrieta et al. (2020), who explain that explainable artificial intelligence
helps users understand the logic behind Al-based predictions. Rai (2020) also argues that
explainability changes Al from a black-box system into a more transparent system that
can support human judgment.

The second theme was interpretability as a bridge between technical analysis and
managerial judgment. Participants often described machine learning outputs as useful but
incomplete. They viewed model explanations as inputs that needed to be combined with
experience, organizational priorities, and contextual information. One participant from a
strategic planning unit said, “The model gives us a direction, but the final decision still
depends on the market situation, budget limits, and leadership priorities.” Observation of
internal strategy meetings also showed that model outputs were rarely accepted directly.
Managers discussed prediction results, asked technical teams to explain the main
variables, and compared the outputs with previous organizational experience. This pattern
indicates that interpretability helps translate technical prediction into managerial
reasoning. Coussement et al. (2024) state that explainable Al can improve decision-
making when explanations help users evaluate and act on Al outputs. Raisch and
Krakowski (2021) also emphasize that Al in management involves a relationship between
automation and human augmentation.

The third theme was interpretability as a tool for reducing uncertainty in strategic
decisions. Participants explained that strategic decisions often involved incomplete
information, time pressure, and possible long-term consequences. In this context,
machine learning explanations helped them identify which variables had the strongest
influence on predictions. A data analyst stated, “When leaders see the most influential
variables, they can discuss whether those variables make sense in the real situation.”
Document analysis also showed that several decision memos included model explanation
summaries, such as key predictors, risk scores, and sensitivity notes. These documents
helped managers compare alternative decisions and reduce uncertainty before making
final recommendations. Hase and Bansal (2020) show that explanations can help users
predict model behavior when the explanation is clear and useful. Mohseni et al. (2021)
also explain that explainable Al must be evaluated based on user needs, system goals, and
decision context.

The fourth theme was interpretability as a mechanism for accountability and
justification. Participants stated that strategic decisions supported by machine learning
still needed to be explained to other stakeholders, such as executives, clients, regulators,
or internal teams. A risk officer explained, “If we make a decision based on Al, we must
be able to explain it in a meeting. We cannot only say that the model recommends it.”
This finding shows that interpretability plays an important role in organizational
accountability. It helps decision-makers justify why a certain strategy is selected, why a
risk is accepted, or why a recommendation is rejected. Meeting documents also showed
that explainable outputs were used as supporting evidence in strategic reports. Ali et al.
(2023) argue that trustworthy Al requires transparency and accountability. Ehsan et al.
(2021) also show that social transparency is important because explanations are shaped
by communication between users, systems, and institutional actors.

Although participants valued interpretability, the study also found several
challenges. Some participants felt that explanations were too technical, especially when
they contained statistical terms, feature importance scores, or algorithmic descriptions
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that were difficult for non-technical managers to understand. One participant said,
“Sometimes the explanation is available, but it is still written in a technical language that
managers cannot use directly.” Other participants noted that simple explanations could
be misleading when they failed to show model limitations, data quality problems, or
uncertainty levels. This finding shows that interpretability does not automatically
improve decision quality. It must be designed according to the user’s role, decision task,
and organizational context. Kaur et al. (2020) show that even data scientists can struggle
when using interpretability tools in practice. Kim et al. (2024) also emphasize that human-
centered XAI evaluation must consider explanation quality, user needs, and decision
environment.

Discussion

The findings show that machine learning model interpretability improves strategic
decision-making by supporting trust, contextual judgment, uncertainty reduction, and
accountability. This result confirms the argument that explainability is not only a
technical feature, but also a social and organizational process. Barredo Arrieta et al.
(2020) define explainable Al as a way to make Al decisions more understandable to
humans. The present study extends this view by showing that decision-makers use
interpretability to negotiate meaning between algorithmic outputs and organizational
realities. In practice, participants did not treat machine learning recommendations as final
answers. They used explanations to evaluate whether the output matched their experience,
strategic priorities, and stakeholder expectations.

The theme of trust formation is consistent with previous studies that link
explainability with user confidence in Al systems. Rai (2020) argues that explainable Al
supports trust because users can see the reasoning behind model outputs. However, the
present study shows that trust was not built only from the availability of explanations.
Trust emerged when explanations were relevant, understandable, and aligned with
decision-makers’ practical concerns. Participants were more willing to use model outputs
when explanations answered questions such as why a recommendation appeared, which
factors influenced the result, and whether the result made sense in the organizational
context. This finding adds a qualitative perspective to Nauta et al. (2023), who argue that
XAI evaluation should move beyond anecdotal claims and assess explanation usefulness
more systematically.

The findings also show that interpretability connects machine learning with
managerial judgment. This result supports Coussement et al. (2024), who explain that
explainable Al can enhance decision-making when it helps users evaluate and act on Al
outputs. In this study, decision-makers did not separate technical analysis from human
reasoning. They combined model explanations with experience, organizational goals, and
situational knowledge. This finding is relevant to Raisch and Krakowski’s (2021)
automation-augmentation paradox. Al can automate parts of analysis, but strategic
decisions still need human interpretation because they involve values, priorities, risk
tolerance, and social consequences.

The study also found that interpretability helps reduce uncertainty. Strategic
decisions often require action before all information is complete. In this situation,
explanations helped participants understand which variables shaped model outputs and
whether the prediction was consistent with field realities. This result is in line with Hase
and Bansal (2020), who show that explanations can help users predict model behavior
when they are designed effectively. However, the study also found that explanations can
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create new uncertainty when they are too technical or too simplified. This finding
supports Mohseni et al. (2021), who argue that explainable Al must be designed and
evaluated through a multidisciplinary framework that considers users, goals, and
contexts.

Accountability also emerged as a major contribution of interpretability. Participants
needed explanations not only for personal understanding, but also for reporting,
defending, and communicating decisions to stakeholders. This finding supports Ali et al.
(2023), who place accountability as a core element of trustworthy Al It also extends
Ehsan et al. (2021), who emphasize social transparency in Al systems. In the
organizational setting, explanation does not end at the interaction between user and
machine. It moves into meetings, reports, policy discussions, and stakeholder
communication. Therefore, interpretability functions as a form of organizational evidence
that helps decision-makers justify strategic choices.

The findings differ from studies that treat model interpretability mainly as a
technical evaluation issue. Angelov et al. (2021) describe explainable Al as a research
direction for improving system transparency and reliability. Vilone and Longo (2021)
also discuss XAl through explanation methods and evaluation approaches. The present
study does not reject these technical perspectives, but it shows that interpretability has a
broader organizational meaning. Participants valued explanations when they could use
them in real decision processes, not only when the explanations were technically correct.
This means that interpretability should be assessed through its practical contribution to
decision quality, communication, and strategic accountability.

Theoretically, this study contributes to human-centered explainable Al by showing
that explanation quality depends on the interaction between model output, user
interpretation, and decision context. Kim et al. (2024) argue that human-centered XAI
must consider user needs, task characteristics, and decision environments. The findings
support this view because participants needed explanations that were specific to their
managerial role and strategic problem. The study also contributes to strategic decision-
making literature by showing that interpretability can strengthen the quality of decisions
through clearer reasoning, stronger justification, and better integration between data-
driven insight and human judgment. Keding (2021) explains that AI changes how
organizations collect information and formulate decisions. This study adds that
interpretability determines whether Al-supported information can become meaningful
strategic knowledge.

Practically, organizations should not only invest in machine learning accuracy.
They also need to design explanation processes that fit managerial needs. Explanations
should use clear language, show the most relevant variables, state model limitations, and
indicate the level of uncertainty. Technical teams should also be trained to communicate
model outputs in ways that decision-makers can understand and question. Internal
decision documents should include short explanation summaries, data limitations, and
justification notes when Al outputs influence strategic decisions. This practice can
improve transparency, reduce blind reliance on automated recommendations, and
strengthen organizational accountability.

Future research can deepen this topic by comparing different organizational sectors,
such as finance, education, healthcare, public administration, and digital business. Future
studies can also examine how different groups interpret model explanations, including
executives, data scientists, middle managers, regulators, and end users. Longo et al.
(2024) argue that XAl research needs interdisciplinary development because real-world
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Al use involves technical, ethical, legal, and social dimensions. Based on the present
findings, future research should also explore how organizational culture, leadership style,
data literacy, and regulatory pressure shape the use of interpretable machine learning in
strategic decision-making. This direction can help build a more complete understanding
of how explainable Al supports responsible and high-quality decisions.

4. Conclusions

This study concludes that machine learning model interpretability plays an important role in
improving the quality of strategic decision-making. The findings show that interpretability
supports four key aspects of decision quality: trust formation, integration between technical
analysis and managerial judgment, reduction of uncertainty, and accountability in strategic
justification. Decision-makers did not treat machine learning outputs as final decisions. They used
model explanations to assess whether algorithmic recommendations were relevant, reasonable,
and aligned with organizational goals. This finding strengthens the literature on human-centered
explainable Al by showing that interpretability is not only a technical feature, but also a social
and organizational process that helps users transform predictive outputs into meaningful strategic
knowledge.

The study offers theoretical, practical, and policy implications. Theoretically, it contributes to
explainable Al and strategic decision-making literature by showing how model explanations
shape human judgment in organizational contexts. Practically, organizations need to design Al-
supported decision systems that provide clear, contextual, and user-oriented explanations.
Technical teams should communicate model outputs in accessible language, include uncertainty
information, and explain the main variables that influence recommendations. From a policy
perspective, organizations need internal guidelines that require transparency, documentation, and
accountability when machine learning outputs influence strategic decisions. Future research can
compare different sectors, examine larger groups of decision-makers, and explore how
organizational culture, data literacy, and regulatory pressure shape the use of interpretable
machine learning in strategic decision-making.
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