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  This This study aims to explore how the integration of statistical learning 

and machine learning interpretability is understood in data-driven decision-

making practices. The study addresses the growing use of machine learning 

models in organizational decisions and the challenge users face when model 

outputs are accurate but difficult to interpret. A qualitative approach with 

an intrinsic case study design was used to obtain an in-depth understanding 

of user experiences, meanings, and decision processes. Data were collected 

through semi-structured interviews, limited observation, and 

documentation involving data analysts, model developers, managers, and 

end users who had experience using predictive dashboards or machine 

learning-based recommendations. The data were analyzed using reflective 

thematic analysis. The findings revealed four major themes: user 

dependence on prediction results, the need for understandable model 

explanations, trust negotiation between human judgment and model output, 

and organizational barriers to interpretability. These findings show that 

interpretability is not only a technical requirement but also a communicative 

and organizational process that helps users connect statistical outputs with 

real decision contexts. The study contributes to human-centered explainable 

artificial intelligence by highlighting the importance of explanation quality, 

data literacy, and contextual reasoning in responsible data-driven decision 

making. Future studies may compare different organizational sectors or 

examine how explanation formats influence trust and decision quality. 
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1. Introduction 

The growth of data-driven decision making has changed how organizations identify problems, 

predict risks, and determine strategic actions. Machine learning enables institutions to process 

large and complex datasets, yet the increasing complexity of these models often makes their 

decision logic difficult for users to understand. Arrieta et al. (2020) state that explainable artificial 

intelligence is needed because AI systems must be understandable, auditable, and accountable. 

Linardatos et al. (2021) explain that interpretability helps users identify how different variables 

contribute to model predictions. In organizational settings, Bousdekis et al. (2021) show that data-

driven decision making requires a clear connection between data, analysis, recommendations, and 
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action. Shneiderman (2020) also emphasizes that AI systems should remain reliable, safe, 

trustworthy, and human-centered. 

In practice, the use of machine learning models often creates challenges related to user trust. 

Users may accept prediction results, but they do not always understand why a model produces a 

specific recommendation. Liao et al. (2020) found that users need explanations that answer 

practical questions, including which factors influence a decision and why a system provides a 

certain recommendation. Kim et al. (2024) argue that XAI evaluation should place users at the 

center because effective explanations must be meaningful to the people who use them. Glikson 

and Woolley (2020) show that trust in AI depends on transparency, reliability, and the 

characteristics of human-system interaction. Meske et al. (2022) further explain that explainable 

AI should serve not only model developers but also managers, end users, regulators, and other 

stakeholders. 

This issue becomes more important in sectors that directly affect people, such as health care, 

education, business, and public services. In health care, Amann et al. (2020) show that 

explainability is needed because AI-based decisions may influence diagnosis, service priorities, 

and professional-patient relationships. Markus et al. (2021) explain that trustworthy AI requires 

conceptual clarity, appropriate explanation design, and evaluation strategies that match the 

context of use. Tjoa and Guan (2021) argue that medical XAI needs explanations that help users 

understand risks, prediction outcomes, and model limitations. Kostopoulos et al. (2024) also show 

that XAI-based decision support systems must connect technical recommendations with the needs 

of decision makers. 

Another problem is that many interpretability approaches still focus more on technical 

procedures than on user experience. Lundberg et al. (2020) show that methods such as SHAP can 

explain feature contributions at both local and global levels. Belle and Papantonis (2021) explain 

that explainable machine learning must consider the relationship among the model, the 

explanation format, and the context of use. Slack et al. (2020) warn that post-hoc methods such 

as LIME and SHAP can be manipulated when they are used without critical evaluation. Ali et al. 

(2023) argue that XAI research still faces challenges related to evaluation, trust, bias, and user 

acceptance. 

The research gap lies in the limited number of studies that explore how users interpret model 

explanations in real decision-making practices. Rudin et al. (2022) state that interpretability 

should become a core principle in the responsible use of machine learning, especially in high-

stakes decisions. Ehsan and Riedl (2024) warn that AI explanations can create new problems 

when they appear convincing but fail to help users understand the model process in a substantive 

way. Mancuso et al. (2025) explain that XAI also plays a role in knowledge management because 

model explanations can influence how organizations learn from data. Saeed and Omlin (2023) 

emphasize that XAI research needs frameworks that connect transparency, interpretability, and 

responsible model use. 

Based on this background, this study aims to explore how the integration of statistical learning 

and the interpretability of machine learning models is understood in data-driven decision-making 

practices. The study focuses on user experience, interpretation of model outputs, factors that shape 

trust, and the way model explanations influence organizational decisions. Ehsan et al. (2021) 

emphasize that XAI should be developed through a human-centered approach so that model 

explanations align with human needs. Chen et al. (2023) show that human-centered design is 

important for reducing bias in AI systems. Al-Ansari et al. (2024) also argue that XAI evaluation 

should directly involve users so that explanation quality can be assessed empirically. Lim (2025) 

explains that qualitative research is relevant for studying complex phenomena because it can 

capture meaning, experience, and social context in depth. 
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2. Materials and Methods 

The research location was an organization, institution, or work unit that had used data This study 

uses a qualitative approach with an intrinsic case study design. This design was selected because 

the study focuses on an in-depth understanding of the experiences of users, data analysts, model 

developers, and decision makers in interpreting the integration of statistical learning and machine 

learning interpretability. Lim (2025) explains that qualitative research is suitable for 

understanding meaning and social processes in real contexts. Arrieta et al. (2020) state that XAI 

should be studied not only from a technical perspective but also from the perspective of 

understandability and system accountability. Kim et al. (2024) argue that XAI studies need to 

consider user experience because model explanations must fit human needs. Shneiderman (2020) 

also emphasizes the importance of AI systems that are reliable, safe, and under meaningful human 

control. 

The research will be conducted in organizations or institutions that have used data analytics, 

predictive dashboards, or machine learning models in decision-making processes. The research 

sites may include higher education institutions, digital business units, public service agencies, or 

organizations that use data-based decision support systems. The study is designed to be conducted 

over three months, covering instrument preparation, data collection, data analysis, and validation 

of findings. Bousdekis et al. (2021) show that data-driven decision systems need to connect data, 

analysis, and organizational action clearly. Kostopoulos et al. (2024) explain that XAI-based 

decision support systems should help users understand the basis of recommendations. Meske et 

al. (2022) state that explainable AI must consider the needs of different stakeholders within an 

organization. 

Participants will be selected through purposive sampling based on criteria aligned with the 

objectives of the study. The main informants will include data analysts, model developers, 

managers or unit leaders, and end users who have used prediction results or model 

recommendations in decision-making processes. The planned number of participants ranges from 

12 to 20 people, with possible expansion through snowball sampling if other relevant informants 

are identified. Ahmed (2025) explains that the number of participants in qualitative research 

should be determined by information depth and data saturation. Glikson and Woolley (2020) show 

that trust in AI is related to human interaction experience with the system. Liao et al. (2020) state 

that users have different explanation needs depending on their tasks and decision contexts. 

Markus et al. (2021) also explain that AI evaluation strategies should consider user roles and 

system-use objectives. 

Data will be collected through semi-structured interviews, limited observation, and 

documentation. Semi-structured interviews will be used to explore participants’ experiences in 

using model outputs, understanding model explanations, assessing recommendation reliability, 

and connecting prediction results with real decisions. Limited observation will be conducted by 

examining the use of dashboards, analytical reports, model visualizations, or decision support 

systems when organizational access is granted. Documentation will involve reviewing system-

use guidelines, analytical reports, decision-making SOPs, meeting notes, and relevant screenshots 

of model visualizations. Linardatos et al. (2021) explain that interpretability can be understood 

through how users read feature contributions and explanation formats. Lundberg et al. (2020) 

show that feature-contribution visualization can help users understand prediction results. Belle 

and Papantonis (2021) argue that explainable machine learning should be assessed through the 

relationship between explanation techniques and the context of use. Al-Ansari et al. (2024) also 

state that user-centered XAI evaluation requires data collection techniques that can capture human 

experience directly. 

Data validation will be conducted through source triangulation, method triangulation, member 

checking, and an audit trail. Source triangulation will compare data from data analysts, model 

developers, end users, and decision makers. Method triangulation will compare interview 
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findings, observation notes, and documentation. Member checking will be conducted by sending 

interview summaries or initial interpretations to participants to ensure that the researcher’s 

interpretation reflects their experiences accurately. The audit trail will include interview guides, 

transcripts, analytical memos, coding notes, and theme development records. Ahmed (2024) 

states that credibility, transferability, dependability, and confirmability form the foundation of 

trustworthiness in qualitative research. Amann et al. (2020) show that AI studies in sensitive 

contexts require accountability and process clarity. Slack et al. (2020) warn that model 

explanations need critical examination because post-hoc methods can hide bias. Ehsan and Riedl 

(2024) also emphasize that AI explanations can mislead users when they are not tested against 

user needs and understanding. 

Data analysis will use reflective thematic analysis. The first stage involves data familiarization 

through repeated reading of interview transcripts, observation notes, and documents. The second 

stage involves initial coding of important statements related to model understanding, trust, 

interpretability, risk, and the use of recommendations. The third stage involves grouping codes 

into initial themes, such as interpretation of model explanations, limits of trust in predictions, the 

relationship between accuracy and understandability, and the role of organizational context in 

data-driven decisions. Rudin et al. (2022) emphasize that interpretability should become a core 

principle in the responsible use of machine learning. Ali et al. (2023) show that XAI evaluation 

should include technical, human, and contextual aspects. Saeed and Omlin (2023) explain that 

XAI connects transparency, trust, and model use. Ehsan et al. (2021) also state that a human-

centered approach is needed so that AI explanations have practical meaning for users. 

3. Results and Discussions 

The analysis identified four major themes that explain how statistical learning and machine 

learning interpretability shape data-driven decision making. These themes include: user 

dependence on prediction results, the need for understandable model explanations, trust 

negotiation between human judgment and model output, and organizational barriers to 

interpretability. These themes emerged from semi-structured interviews, limited observations of 

dashboard use, and documentation related to analytical reports and decision-support procedures. 

The findings show that participants did not reject machine learning models, but they needed 

clearer explanations before using model recommendations in important decisions. One participant 

stated, “The dashboard gives us a score, but I still need to know why the score appears before I 

use it in a meeting” (P4, manager). This statement shows that prediction alone does not fully 

support decision making when users cannot understand the logic behind the result. 

The first theme concerns user dependence on prediction results. Several participants explained 

that machine learning models helped them identify patterns that were difficult to detect manually. 

Data analysts described statistical learning as useful for recognizing trends, classifying risks, and 

supporting faster decisions. However, users did not treat model output as a final decision. They 

used it as an initial signal that needed further interpretation. One analyst explained, “The model 

helps us see which variables matter, but the final decision still depends on context and discussion 

with the team” (P2, data analyst). This finding indicates that machine learning functions as a 

decision-support tool rather than a replacement for human judgment. Observational data also 

showed that users often compared model results with organizational experience, previous cases, 

and operational constraints before taking action. 

The second theme relates to the need for understandable model explanations. Participants 

found model explanations useful when they were presented in simple language, visual summaries, 

and feature-level descriptions. Users preferred explanations that showed which variables had the 

strongest influence on predictions. They also valued examples that connected model output with 

real cases. One participant noted, “If the system only says high risk, I cannot explain it to others. 

But if it shows the factors behind that risk, I can discuss it with my team” (P7, end user). This 
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theme shows that interpretability is not only a technical requirement. It also works as a 

communication tool that helps users translate statistical results into organizational decisions. 

The third theme concerns trust negotiation between human judgment and model output. 

Participants trusted machine learning models when the output matched their experience, when the 

variables were understandable, and when the explanation was consistent with the decision 

context. However, trust decreased when the model produced unexpected results without clear 

justification. One manager stated, “When the model result is different from what we see in the 

field, we do not reject it directly, but we need a stronger explanation” (P9, unit leader). This 

finding shows that trust is not automatic. It develops through repeated interaction, transparency, 

and the ability of users to evaluate model reasoning. Documentation also showed that some 

organizations had not yet developed clear procedures for reviewing model recommendations 

before implementation. 

The fourth theme highlights organizational barriers to interpretability. Participants reported 

several challenges, including limited data literacy, lack of communication between technical 

teams and decision makers, unclear documentation, and limited time to review model 

explanations. Some users depended heavily on data analysts because they could not interpret 

technical terms such as feature importance, probability score, or model confidence. One 

participant explained, “Sometimes the explanation is available, but the language is too technical. 

We need someone to translate it into practical meaning” (P11, decision maker). This finding 

indicates that interpretability depends not only on model design, but also on organizational 

capacity. Without data literacy and clear communication, explainable AI may remain difficult to 

use in daily decision-making practices. 

Overall, the findings show that integrating statistical learning and machine learning 

interpretability requires more than accurate algorithms. Users need explanations that are clear, 

contextual, and relevant to their decision tasks. The data suggest that interpretability becomes 

meaningful when users can connect model output with practical reasoning, organizational goals, 

and real-world consequences. The findings also show that human judgment remains central in 

data-driven decision making. Machine learning supports decision processes by identifying 

patterns and generating predictions, but users still evaluate whether the recommendation fits the 

context. This result strengthens the argument that interpretability should be designed as part of a 

broader human-centered decision system. 

Discussion 

The findings support previous studies that argue that explainable artificial intelligence is 

essential for responsible data-driven decision making. Arrieta et al. (2020) explain that AI systems 

must be understandable and accountable, especially when they influence decisions that affect 

people and organizations. The present study confirms this view by showing that users need to 

understand why a model produces a specific recommendation before they accept it. Linardatos et 

al. (2021) also emphasize that interpretability helps users understand the role of variables in 

prediction. This study extends that argument by showing that users do not only need technical 

explanations. They also need explanations that can be discussed, justified, and translated into 

organizational action. 

The finding on user dependence on prediction results is consistent with Bousdekis et al. (2021), 

who state that data-driven decision making requires a connection between data, analysis, 

recommendation, and action. Participants in this study used machine learning output as an 

analytical signal, not as an automatic command. This finding shows that statistical learning 

strengthens decision making when users can combine prediction results with contextual 

knowledge. It also supports Shneiderman’s (2020) argument that AI systems should remain under 

meaningful human control. In this study, human control appeared through interpretation, 

discussion, and contextual judgment before decisions were made. 
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The need for understandable explanations also aligns with Liao et al. (2020), who found that 

users ask practical questions when interacting with AI systems. Users want to know what factors 

influence a decision, why the system provides a recommendation, and how much they should 

trust the result. The present study confirms this pattern in organizational decision making. 

Participants preferred explanations that were simple, visual, and directly connected to their work. 

Kim et al. (2024) also argue that XAI evaluation should focus on user needs. This study adds that 

explanation quality should be assessed not only by technical completeness, but also by its 

usefulness in meetings, reports, and decision discussions. 

The finding on trust negotiation supports the work of Glikson and Woolley (2020), who 

explain that trust in AI depends on transparency, reliability, and human-system interaction. In this 

study, users trusted model output when it matched their experience and when the explanation was 

clear. However, they became cautious when the model produced unexpected predictions without 

sufficient explanation. This finding is also consistent with Markus et al. (2021), who argue that 

trustworthy AI requires appropriate explanation design and evaluation strategies. The study shows 

that trust is not formed only by model accuracy. It is built through repeated use, contextual 

relevance, and the user’s ability to examine the reasoning behind the prediction. 

The finding on organizational barriers shows that interpretability is not only a model-level 

issue. It is also an institutional and communicative issue. Meske et al. (2022) explain that 

explainable AI involves different stakeholders, including developers, managers, end users, and 

regulators. This study confirms that each group has different explanation needs. Data analysts 

may understand statistical indicators, while managers need practical implications and risk 

interpretation. Belle and Papantonis (2021) also argue that explainable machine learning should 

be understood through the relationship between model, explanation, and context. The present 

study shows that organizational culture, data literacy, and communication practices shape whether 

interpretability can support real decisions. 

The findings also offer a critical view of post-hoc explanation methods. Lundberg et al. (2020) 

show that feature-based explanations such as SHAP can help users understand prediction results. 

However, the present study indicates that visual or numerical explanations alone are not always 

enough. Users still need narrative interpretation that connects features with real organizational 

conditions. Slack et al. (2020) warn that post-hoc explanations can be misleading if users accept 

them without critical evaluation. This study supports that concern because participants reported 

that technical explanations often required further clarification from analysts. Therefore, 

interpretability should combine technical explanation, user education, and contextual discussion. 

Theoretically, this study contributes to the literature on human-centered XAI by showing that 

interpretability is a social and organizational process. Ehsan et al. (2021) argue that explainable 

AI should be developed through human-centered perspectives. The present study supports this 

argument by demonstrating that explanations become useful when they help users make sense of 

predictions in their own decision context. Rudin et al. (2022) state that interpretability should 

become a core principle in responsible machine learning. This study expands that idea by showing 

that interpretability also depends on how users negotiate meaning, trust, and responsibility in 

practice. 

Practically, the findings suggest that organizations should not only invest in accurate machine 

learning models. They also need to develop explanation guidelines, improve data literacy, and 

create communication routines between technical teams and decision makers. Decision-support 

systems should present model explanations in layered formats, beginning with simple summaries 

and followed by deeper technical details for users who need them. Organizations also need clear 

procedures for reviewing unexpected predictions, documenting model-based decisions, and 

evaluating whether recommendations align with field conditions. These steps can help ensure that 

statistical learning supports responsible, transparent, and context-sensitive decision making. 
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Future research can extend this study by comparing different organizational sectors, such as 

education, health care, finance, and public administration. Further studies can also examine how 

different explanation formats influence user trust and decision quality. A mixed-methods design 

may help connect qualitative insights with quantitative measures of trust, usability, and decision 

performance. Future research may also explore how cultural factors shape the way users accept 

or question machine learning recommendations. This direction is important because 

interpretability is not only a technical feature, but also a process of meaning-making within 

specific social and organizational environments.  

4. Conclusions 

This study concludes that the integration of statistical learning and machine learning 

interpretability plays an important role in strengthening data-driven decision making. The 

findings show that users do not treat model predictions as final decisions, but as analytical signals 

that need to be interpreted through organizational experience, contextual knowledge, and human 

judgment. Four main themes emerged from the analysis: dependence on prediction results, the 

need for understandable model explanations, trust negotiation between human judgment and 

model output, and organizational barriers to interpretability. These findings confirm that 

interpretability is not only a technical feature of machine learning models, but also a social, 

communicative, and organizational process that shapes how users understand, trust, and apply 

model recommendations. 

The study contributes theoretically to the development of human-centered explainable 

artificial intelligence by showing that model explanations become meaningful when they support 

user reasoning and decision communication. Practically, the findings suggest that organizations 

need to improve data literacy, provide clear explanation guidelines, and build stronger 

collaboration between technical teams and decision makers. From a policy perspective, 

institutions that adopt machine learning-based decision systems should establish procedures for 

reviewing, documenting, and justifying model-based recommendations. Future research can 

expand this study by comparing different sectors, testing various explanation formats, or using 

mixed-methods designs to examine how interpretability affects trust, usability, and decision 

quality. 
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