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This study aims to analyze the integration of artificial intelligence and user
experience in information systems as a strategy for improving the quality
of organizational decision-making. The issue examined in this study
concerns the gap between the technical potential of Al and the actual
experience of users who must understand, trust, and apply Al
recommendations in organizational contexts. This study used a qualitative
case study approach involving users of Al-based information systems,
managers or unit leaders, and information technology staff in organizations
that had implemented analytical dashboards, recommendation systems,
chatbots, or decision support systems. Data were collected through semi-
structured interviews, non-participant observation, and documentation, then
analyzed using reflexive thematic analysis. The findings reveal five main
themes: Al as a decision accelerator, trust in system recommendations, UX
as a bridge between data and action, organizational readiness, and human
control in Al-supported decisions. These findings show that decision
quality is not produced by Al alone, but through the interaction between
system capability, interface design, user interpretation, organizational
culture, and human accountability. The study contributes to human-
centered Al and information systems literature by emphasizing UX as a
critical factor in decision support. Practically, the findings suggest that
organizations need transparent, explainable, and user-oriented Al systems,
supported by data governance, user training, and clear decision validation
procedures.
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1. Introduction

The integration of artificial intelligence (Al) into information systems has changed the way
organizations manage data, identify patterns, and make decisions. Information systems no longer
function only as tools for recording, storing, and reporting administrative data. They now develop
into analytical infrastructures that can provide recommendations, predict risks, and help managers
determine strategic choices. Mikalef and Gupta (2021) explain that Al capability can strengthen
organizational creativity and firm performance because Al improves an organization’s ability to
process information. Enholm et al. (2022) state that the business value of Al emerges when
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technology connects with organizational processes, resources, and goals. Benbya et al. (2021)
also show that Al creates new opportunities for information systems, especially in automation,
user engagement, decision-making, and innovation. Therefore, the quality of organizational
decision-making does not depend only on technological sophistication. It also depends on the
organization’s ability to integrate Al with user needs and work contexts.

In modern organizations, the use of Al in information systems has become more important
because managerial decisions occur in complex, fast-changing, and data-driven environments.
Coussement et al. (2024) emphasize that explainable Al plays an important role in decision
support systems because users need to understand the reasons behind system recommendations.
Shneiderman (2020) argues that reliable, safe, and trustworthy Al must keep humans at the center
of design. In the national context, organizations in Indonesia also face strong pressure to
implement digital transformation in education, public services, health care, finance, and business
sectors. Dashboards, chatbots, analytical applications, and recommendation systems are
increasingly used to support decision-making. However, this implementation often does not align
with data readiness, digital literacy, organizational culture, and user experience. This condition
shows that the integration of Al and user experience (UX) in information systems is not only a
technical issue. It is also a socio-organizational issue.

Field problems indicate that Al technology does not always directly improve decision quality.
Johnk et al. (2021) found that organizational Al readiness is not determined only by technology.
It also depends on strategy, structure, human resources, data governance, and organizational
culture. Al-Surmi et al. (2022) explain that Al-based decision-making can improve operational
performance when organizations align technology strategy with business processes. Raisch and
Krakowski (2021) state that Al creates a paradox between automation and augmentation because
organizations must decide when machines can assist decisions and when humans must remain in
control. In organizational practice, users often face system recommendations that are difficult to
understand, analytical displays that are too technical, or prediction results that are not easy to
translate into work decisions. These problems can reduce user trust, slow adoption, and limit the
benefits of Al for organizations.

The relationship between humans, interfaces, and Al recommendations is an important factor
in the quality of decision-making. Zhang et al. (2020) found that information about model
confidence can help users calibrate trust in Al, although this trust does not always improve
decision accuracy. Buginca et al. (2021) show that users may experience overreliance, which
occurs when they accept Al suggestions even when those suggestions are incorrect. Shin (2021)
explains that explainability and causability influence users’ perceptions, trust, and acceptance of
Al systems. Glikson and Woolley (2020) also emphasize that trust in Al is influenced by cognitive
factors, emotional factors, system representation, and the level of machine intelligence perceived
by users. These findings show that user experience cannot be understood only through usage rates,
adoption levels, or satisfaction scores. It needs to be examined through meaning, perception,
interaction, and the ways users interpret system outputs in decision-making processes.

User experience in Al-based information systems includes transparency, ease of understanding
recommendations, perceived safety, user control, and system fairness. Haque et al. (2023) explain
that users’ explanation needs in XAl include explanation format, completeness, accuracy, and
timeliness of information. Nakao et al. (2023) show that responsible Al interfaces should help
users assess fairness and the impact of decisions. Al-Ansari et al. (2024) found that user-centered
evaluation of XAI still faces methodological challenges, especially in participant selection,
evaluation techniques, and the interpretation of human experience. Kostopoulos et al. (2024)
emphasize that XAl-based decision support systems need to explain prediction processes so users
can assess the strengths and limitations of system recommendations. Thus, UX is not merely a
matter of visual display. UX becomes a bridge between data, algorithms, user understanding, and
organizational decisions.
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Although studies on Al information systems, and decision support systems continue to grow,
there is still a gap in understanding user experience in depth. Many previous studies focus more
on algorithm accuracy, technology acceptance, or the quantitative impact of Al on organizational
performance. Capel and Brereton (2023) show that the concept of human-centered Al still has
diverse meanings and requires clearer mapping regarding the position of humans in Al design.
Jiang et al. (2024) emphasize that human-Al interaction research needs to give broader attention
to user groups, Al roles, task types, and research methods. Arrieta et al. (2020) explain that
explainable Al needs to be developed as part of responsible Al so that systems can be understood
and held accountable. Meske et al. (2022) state that XAl must be viewed through different
objectives, stakeholders, and user needs. Mohseni et al. (2021) also show that the design and
evaluation of XAI require a multidisciplinary approach. Based on this gap, this study aims to
analyze the integration of Al and UX in information systems as a strategy for improving the
quality of organizational decision-making. This study focuses on user experience, the meaning of
trust in Al, the interpretation process of system recommendations, and interface design factors
that support more accurate, transparent, and responsible decisions.

2. Materials and Methods

This study uses a qualitative approach with a case study design. This approach was chosen
because the study focuses on an in-depth understanding of the integration of artificial intelligence
and user experience in organizational information systems. A case study design is appropriate
because the phenomenon is contextual, occurs in real work settings, and involves interactions
among technology, users, business processes, and organizational culture. Priya (2021) explains
that qualitative case studies can be used to understand complex social phenomena by analyzing
actors, processes, and contexts. Alam (2021) emphasizes that qualitative case studies need clear
research questions, systematic data collection procedures, and an explanation of data saturation.
Therefore, the case study design is relevant for exploring user experience, interaction patterns
with Al-based systems, and the ways users interpret system recommendations in organizational
decision-making.

This research is designed to be conducted in Indonesian organizations that have used Al-based
information systems, such as analytical dashboards, recommendation systems, internal chatbots,
or decision support systems. The research location may include organizations in education, public
services, health care, finance, or business sectors that have implemented digital information
systems in managerial processes. The research period is designed for three months, from May to
July 2025, covering instrument preparation, data collection, data validation, and thematic
analysis. The research subjects consist of Al-based information system users, managers or unit
leaders, information technology staff, and parties directly involved in decision-making processes.
Campbell et al. (2020) explain that purposive sampling is appropriate for qualitative research
because it allows researchers to select informants who have relevant experience in line with the
research objectives.

Informants are selected through purposive sampling based on several criteria. Informants must
have at least six months of experience using Al-based information systems, be involved in
evaluation or decision-making processes, understand the functions of the system used, and be
willing to provide in-depth information. The planned number of informants is 12 to 18 people,
consisting of operational users, decision-makers, and system administrators. If the initial
informants do not provide sufficient data depth, the study may use snowball sampling by asking
previous participants to recommend additional informants. Bouncken et al. (2025) emphasize that
purposeful sampling and saturation need to be explained transparently, especially in management
research involving individuals, work units, and organizations. In this study, data saturation is
reached when additional interviews no longer produce new themes related to user experience,
trust in Al, usage barriers, and the contribution of the system to decision quality.
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Data collection techniques include semi-structured interviews, non-participant observation,
and documentation. Semi-structured interviews are used as the main technique because they allow
the researcher to explore the experiences, perceptions, and meanings constructed by informants
when interacting with Al-based information systems. Interview questions cover system usage
experience, understanding of Al recommendations, user trust, perceptions of interface usability,
decision-making barriers, and organizational strategies in using analytical outputs. Non-
participant observation is conducted by observing how users access the system, read data
visualizations, discuss recommendations, and make decisions in work activities. Documentation
is carried out by reviewing system user guides, dashboard screenshots, meeting minutes, decision
reports, digital standard operating procedures, and organizational policy documents. This
combination of techniques is used so that the data do not rely only on informant statements, but
are also supported by activity traces and organizational documents.

Data validation is conducted through source triangulation, method triangulation, member
checking, and audit trail. Source triangulation is conducted by comparing information from
operational users, unit leaders, and information technology staff. Method triangulation is
conducted by comparing interview results, observation notes, and documentation. Member
checking is conducted by confirming interview summaries or initial findings with informants to
ensure that the researcher’s interpretation aligns with participants’ experiences. Ahmed (2024)
explains that credibility, transferability, dependability, and confirmability are key pillars in
maintaining the trustworthiness of qualitative research. An audit trail is maintained by storing
interview guides, transcripts, observation notes, supporting documents, coding results, analytical
memos, and interpretive decisions. This procedure aims to maintain research transparency and
allows readers to assess the relationship between raw data, the analysis process, and research
findings.

Data analysis uses reflexive thematic analysis. The first stage involves transcribing interview
results and reading the data repeatedly to understand the context of informants’ experiences. The
second stage involves assigning initial codes to data segments related to user experience, trust in
Al, understanding of recommendations, interface usability, user control, and decision quality. The
third stage involves grouping codes into initial themes, such as “trust as the basis of Al
acceptance,” “UX as a bridge between data and decisions,” “transparency of system
recommendations,” and “the risk of dependence on Al outputs.” Braun and Clarke (2021)
emphasize that the quality of thematic analysis is determined by the consistency between research
questions, data, coding processes, and theme construction. Braun and Clarke (2022) also explain
that thematic analysis requires conceptual thinking and clear analytical design so that the themes
produced are not only summaries of data, but meaningful interpretations. Through these
procedures, this study is expected to produce an in-depth understanding of Al and UX integration
in information systems as a strategy for improving the quality of organizational decision-making.

3. Results and Discussions

The findings show that the integration of artificial intelligence and user experience in information
systems shaped organizational decision-making through five main themes. These themes were:
Al as a decision accelerator, trust in system recommendations, UX as a bridge between data and
action, organizational readiness, and human control in Al-supported decisions. These themes
emerged from interviews with users, managers, and information technology staff, supported by
observation of dashboard use, internal documents, and system-related procedures.

The first theme shows that Al was viewed as a tool that accelerated decision-making, but not
as a full replacement for human judgment. Participants explained that Al-based information
systems helped them process large volumes of data, detect patterns, and prepare decision
alternatives more quickly. A unit manager stated, “The system helps us see patterns faster, but the
final decision still depends on our discussion in the team” (P3). This statement shows that users
positioned Al as an analytical assistant. Observations also showed that managers used system

Journal Homepage: https://ejournal.globalterasfana.com/gjinf



https://ejournal.globalterasfana.com/gjinf

The Integration of Artificial Intelligence and User Experience in Information Systems as a Strategy for
Improving Organizational Decision-Making Quality 45

recommendations as an initial reference before holding internal discussions. The documentation
review found that Al-generated reports were often attached to meeting notes, but final decisions
still required managerial approval. This pattern indicates that Al improved the speed of
information processing, while organizational decision-making remained a human and collective
process.

The second theme concerns trust in Al recommendations. Participants did not automatically
trust system outputs. Their trust depended on data accuracy, clarity of explanation, and previous
experience with the system. Some users trusted the system when the recommendation matched
their field knowledge. Others felt uncertain when the system displayed results without clear
reasons. One operational user explained, “When the dashboard only shows a score, I still have to
ask what makes the score high or low” (P7). This finding shows that users need more than
numerical output. They need understandable explanations that help them evaluate the logic behind
the recommendation. In several observations, users compared Al recommendations with manual
reports, previous records, or direct field experience before accepting them. This practice reflects
a verification culture in which Al output becomes one source of evidence, not the only basis for
decisions.

The third theme shows that UX played an important role in translating Al output into practical
decisions. Users responded more positively to systems that had simple layouts, clear
visualizations, readable indicators, and accessible explanations. Several participants reported that
complex interfaces made them hesitant to use Al-based features, even when they understood the
potential benefits of the system. One participant stated, “The data is useful, but if the display is
too technical, we need more time to explain it to other staff” (P10). This finding indicates that
poor UX can reduce the practical value of AI. Observations showed that users preferred
dashboards with color-coded indicators, short summaries, and drill-down features that allowed
them to trace the source of a recommendation. Therefore, UX acted as a bridge between technical
analysis and organizational action.

The fourth theme relates to organizational readiness. The use of Al-based information systems
was strongly influenced by data quality, digital literacy, leadership support, and work culture.
Participants explained that Al recommendations became less useful when the input data were
incomplete or inconsistent. One IT staff member stated, “The system can only give good
recommendations if the data entered by each unit is complete and updated” (P12). This statement
shows that Al implementation depends on the daily discipline of users across organizational units.
The study also found that some staff still preferred manual decision practices because they felt
more familiar and safer. In this context, resistance did not always emerge from rejection of
technology. It often emerged from limited training, unclear procedures, and fear of making
mistakes when using system recommendations.

The fifth theme shows the importance of human control and accountability. Participants
believed that Al should support decision-making, but the responsibility for decisions should
remain with humans. Managers emphasized that organizational decisions have social, financial,
and ethical consequences that cannot be left entirely to machines. One manager stated, “Al can
recommend options, but we are responsible for the impact of the decision” (P2). This finding
indicates that users understood the limits of automation. They expected Al-based information
systems to provide recommendations, risk signals, and evidence, while humans remained
responsible for interpretation, ethical judgment, and final approval. This theme was also
supported by document analysis, which showed that organizational procedures still required
human validation before decisions were implemented.

Overall, the findings indicate that the integration of Al and UX in information systems
improved decision-making quality when three conditions were met. First, Al had to provide
relevant and accurate recommendations. Second, the interface had to help users understand and
evaluate the recommendation. Third, the organization had to develop a culture that supported data
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use, critical reflection, and human accountability. These findings show that decision quality was
not produced by Al alone. It emerged from the interaction between system capability, user
experience, organizational readiness, and human judgment.

Discussion

The findings confirm that Al can improve organizational decision-making when it functions as a
decision-support mechanism rather than a decision replacement tool. This result supports Mikalef
and Gupta (2021), who explain that Al capability can improve organizational performance when
it strengthens information processing and decision support. It also aligns with Enholm et al.
(2022), who argue that Al creates business value when organizations connect technology with
processes, resources, and strategic goals. In this study, Al helped users identify patterns and
prepare alternatives more quickly. However, final decisions still involved human discussion and
managerial approval. This finding strengthens the view that Al creates value through
augmentation, not only through automation.

The finding on human control also supports the automation-augmentation paradox discussed
by Raisch and Krakowski (2021). Organizations need to balance machine efficiency with human
judgment. In the field, users did not reject Al. They used it carefully and placed it within existing
decision routines. This pattern suggests that Al adoption in organizations is not only a matter of
technical implementation. It also involves negotiation between algorithmic recommendations,
professional experience, and organizational responsibility. This finding offers a qualitative
perspective on how users interpret Al in real work settings.

Trust emerged as a central factor in Al-supported decision-making. Users trusted Al when
they understood the basis of its recommendations and when the output matched organizational
experience. This finding is consistent with Shin (2021), who shows that explainability and
causability influence trust and acceptance of Al systems. It also supports Glikson and Woolley
(2020), who state that trust in Al is shaped by cognitive, emotional, and system-related factors.
However, this study adds that trust was not formed only through system performance. It was also
formed through repeated verification, peer discussion, and comparison with organizational
knowledge. In other words, trust in Al developed through social and practical processes.

The study also found that unclear explanations could produce uncertainty or overreliance.
Some users questioned Al recommendations when the system only presented scores without
reasons. Others tended to accept recommendations when the output looked formal or technical.
This finding is relevant to Zhang et al. (2020), who found that confidence information can affect
trust calibration in Al-assisted decision-making. It also supports Buginca et al. (2021), who warn
that users may overrely on Al suggestions when systems do not encourage critical thinking. In
this study, users needed explanations that helped them ask better questions, not only explanations
that made the system appear more advanced.

The role of UX in this study strengthens the argument that user experience is a strategic
component of Al-based information systems. Haque et al. (2023) explain that user needs in
explainable Al include explanation format, completeness, accuracy, and timeliness. The findings
show that these elements directly affected how users understood and used Al recommendations.
When dashboards were simple, visual, and traceable, users could translate system outputs into
practical actions. When interfaces were too technical, users needed more time and support. This
confirms that UX is not limited to visual design. UX shapes the way users interpret data, build
trust, and make decisions.

The findings also support Nakao et al. (2023), who emphasize the importance of responsible
Al interfaces that help users assess fairness and consequences. In this study, participants expected
systems to provide clear indicators and allow users to review the source of recommendations.
This expectation reflects the need for transparency and accountability in Al-supported decisions.
Al-Ansari et al. (2024) also note that user-centered evaluation of XAl remains methodologically
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challenging. The present study contributes to this discussion by showing that user-centered
evaluation should not only assess whether users like the system. It should also assess whether
users can understand, question, and responsibly use Al recommendations.

Organizational readiness became another important finding. The study found that Al-based
systems were useful when data were complete, procedures were clear, and users received enough
training. This supports Johnk et al. (2021), who explain that Al readiness depends on strategy,
structure, human resources, data governance, and culture. It also aligns with Al-Surmi et al.
(2022), who found that Al-based decision-making improves operational performance when
technology strategy aligns with business processes. The present study adds that readiness is
experienced by users in daily practices, such as data entry discipline, confidence in using
dashboards, and willingness to discuss Al outputs across units.

The findings provide theoretical and practical implications. Theoretically, this study
strengthens the human-centered Al perspective by showing that decision quality emerges from
the relationship between Al capability, UX, user trust, and organizational culture. This supports
Capel and Brereton (2023), who argue that human-centered Al needs clearer attention to the role
of humans in Al design. It also aligns with Jiang et al. (2024), who call for broader human-Al
interaction research that considers user groups, task types, and organizational contexts.
Practically, organizations need to design Al-based information systems that are explainable, easy
to use, transparent, and aligned with work routines. Training should not only teach technical
operation. It should also develop critical awareness, data literacy, and ethical responsibility.

This study offers a new perspective by showing that the quality of organizational decision-
making is not produced by Al alone. It is produced through an interaction between system
intelligence and human interpretation. Al can improve speed, consistency, and analytical depth.
UX helps users understand and act on Al outputs. Organizational culture determines whether the
system becomes part of decision routines. Human judgment ensures that decisions remain
accountable. Future studies can expand this research by comparing different organizational
sectors, examining user experience across levels of digital maturity, or using mixed methods to
connect qualitative user experiences with measurable indicators of decision quality.

4. Conclusions

This study concludes that the integration of artificial intelligence and user experience in
information systems improves the quality of organizational decision-making when Al functions
as a decision-support tool rather than a replacement for human judgment. The findings show that
Al helps organizations process data faster, identify patterns, and prepare decision alternatives.
However, decision quality depends on user trust, interface clarity, data readiness, organizational
culture, and human accountability. The study confirms that UX plays a strategic role in helping
users understand, evaluate, and translate Al recommendations into practical organizational
actions.

Theoretically, this study contributes to the development of human-centered Al, human-Al
interaction, and information systems research by showing that decision quality emerges from the
interaction between system intelligence, user interpretation, and organizational context.
Practically, the findings suggest that organizations should design Al-based information systems
that are transparent, explainable, easy to use, and aligned with real work routines. From a policy
perspective, organizations need internal guidelines on Al use, data governance, user training, and
human validation in decision-making. Future research can compare different sectors, examine
organizations with different levels of digital maturity, or use mixed methods to measure the
relationship between Al-based UX and decision quality more broadly.
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