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Abstract 
Artificial intelligence (AI) is increasingly being applied to predictive decision-making, although limited 
model interpretability may create challenges related to transparency, accountability, and understanding of 
automated outcomes. This study reviewed and synthesized reported evidence concerning explainable 
artificial intelligence (XAI)-based data analytics, with particular attention to predictive performance and 
the quality of generated explanations. Four machine-learning algorithms were considered using reported 
five-fold cross-validation results, whereas an explainable AI framework was examined through established 
classification performance measures. Shapley Additive Explanations (SHAP), Local Interpretable Model-
Agnostic Explanations (LIME), and Improved Local Interpretable Model-Agnostic Explanations (ILIME) 
were further compared according to local and global fidelity, stability, and monotonicity measures. Among 
the reviewed machine-learning approaches, XGBoost demonstrated the strongest overall predictive 
performance, while the evaluated explainable framework achieved high performance across the reported 
classification measures. SHAP demonstrated comparatively stronger results across the assessed 
explanation-quality indicators than LIME and ILIME. These findings suggest that predictive capability and 
interpretability can be addressed together within AI-based decision-support systems. Integrating 
explanation mechanisms with predictive models may therefore contribute to more transparent and reliable 
analytical processes, particularly in settings where understanding model outputs is important for informed 
decision-making. The synthesis also highlights the value of evaluating both predictive effectiveness and 
explanation quality when considering XAI approaches for practical AI applications. 
 
Keywords: Explainable Artificial Intelligence, Interpretability, Machine Learning, Predictive Decision-
Making, Shapley Additive Explanations. 
 

1. Introduction 
Artificial intelligence (AI) has increasingly become an important component of data-driven decision-
making due to its ability to identify patterns, process complex information, and generate predictions from 
large and heterogeneous datasets. Predictive analytics based on machine learning and deep learning 
enables organizations to transform historical and real-time data into information that can support 
planning, risk assessment, diagnosis, resource allocation, and operational decisions (Pachoriya, 2022). The 
growing availability of computational resources and large-scale datasets has further expanded the 
application of AI-based decision-support systems across healthcare, finance, environmental management, 
business intelligence, and other complex domains (Kalasampath et al., 2025). Deep learning models, in 
particular, can achieve strong predictive performance when dealing with complex relationships within 
data, although their internal decision processes may remain difficult for users to understand (Adnan et al., 
2025). Consequently, predictive accuracy alone is increasingly insufficient when AI-generated outputs 
influence decisions that require justification, verification, and human oversight. 
The increasing complexity of AI models has created a growing requirement for methods that can explain 
how predictions are produced. Explainable artificial intelligence (XAI) addresses this requirement by 
providing interpretable information about the factors, features, or relationships that contribute to a 
model's prediction (Kostopoulos et al., 2024). Such explanations can assist users in understanding model 
behaviour rather than treating AI outputs as unquestionable results. Explainability is particularly relevant 
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in decision-support environments where users need to evaluate whether a prediction is reasonable before 
acting upon it (Coussement et al., 2024). The study has demonstrated the application of XAI for clinical 
decision support, fraud detection, environmental assessment, and other data-intensive tasks, indicating its 
relevance across diverse decision-making settings (Kapale et al., 2024). By exposing the reasoning 
associated with predictive outputs, XAI can provide an additional layer of information for evaluating AI-
generated recommendations and supporting informed human judgement (Kolla, 2023). 
Despite substantial progress in predictive AI, several challenges remain concerning transparency, 
reliability, and interpretability. Highly complex models may provide accurate predictions while offering 
limited insight into the relationships between input variables and generated outcomes (Mallick et al., 
2024). This creates difficulties when users need to identify influential features, assess unexpected 
predictions, or determine whether a model has relied on appropriate information. Transparency also 
involves more than simply revealing model outputs; it requires sufficient information about the decision 
process to enable meaningful assessment and accountability (Akhtar et al., 2024). Reliability is similarly 
influenced by the quality and suitability of the underlying data, since inaccurate, incomplete, or poorly 
represented data can affect the dependability of AI-generated decisions (Bondac et al., 2026). The 
developing predictive systems that simultaneously consider performance, interpretability, data quality, 
and reliability is essential for responsible AI-based analytics. 
The effectiveness of an AI-based decision-support system depends not only on its computational 
performance but also on how effectively human users can understand and evaluate its outputs. When 
predictions are accompanied by meaningful explanations, users may be better positioned to assess 
recommendations, identify potentially inappropriate outputs, and incorporate AI-generated information 
into their own decision processes. Trust therefore becomes an important consideration in human-AI 
interaction. However, trust should not be based solely on high predictive accuracy; users also require 
confidence that the system operates transparently and produces decisions that can be examined and 
questioned (Kovari, 2024). Explainability can contribute to this process by making model behaviour more 
accessible to users and decision-makers. The study on trustworthy AI further emphasizes the importance 
of explainability and fairness when AI systems are used for large-scale decisions (Matta and Bolli, 2023). 
Thus, transparent explanations can strengthen the connection between computational prediction and 
meaningful human judgement. 
Although XAI has received increasing attention, existing research remains distributed across individual 
applications and specific decision-support contexts. Previous studies have demonstrated the value of 
explainability in areas such as medicine, finance, environmental assessment, cloud-based business 
intelligence, and public policymaking (Islam and Hasan, 2023). There remains a need for integrated 
analytical approaches that consider predictive performance together with transparency, interpretability, 
and reliability (Pierce et al., 2022). Many AI-based systems continue to prioritize prediction accuracy 
without adequately addressing how users can understand the factors underlying model outputs (Papadakis 
et al., 2024). In addition, the relationship between explainable predictions and trustworthy human 
decision-making requires further systematic consideration (Praveenraj et al., 2023; Sadeghi et al., 2024). 
These gaps highlight the need for an AI-based data analytics framework that does not treat explainability 
as an isolated feature but incorporates it into the broader predictive decision-making process. 
This study aims to review and synthesize reported evidence on explainable AI-based data analytics for 
transparent and reliable predictive decision-making. The study focuses on examining predictive modelling 
performance alongside interpretability mechanisms and explanation-quality measures. The objectives are 
to compare reported performance across selected machine-learning algorithms, examine the reported 
performance of an explainable AI framework, compare explanation methods using fidelity, stability, and 
monotonicity measures, and assess the implications of explainability for transparent and reliable decision-
support systems. The synthesis also considers the importance of human interpretation when AI-generated 
predictions are used to support decision-making. By integrating findings from these studies, the review 
provides a comparative perspective on predictive effectiveness and explanation quality in AI-based 
decision-support applications. 
     

2. Materials and Methods 
 
2.1 Study Design 
This study adopted a comparative synthesis approach to examine predictive performance and 
explainability within artificial intelligence-based decision-support systems. Rather than developing an 
original predictive model from newly collected data, the study systematically drew upon previously 
empirical findings that individually addressed machine learning performance, explainable AI framework 
evaluation, and comparative analysis of explanation methods. The studies were identified as suitable 
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sources based on their relevance to predictive classification, model interpretability, and explanation quality 
assessment. The design integrates these independently reported findings into a unified analytical 
discussion, allowing predictive effectiveness and interpretability to be examined jointly rather than 
through isolated, single-study evaluation. This approach enables broader insight into how explainability 
and performance interact across different modelling contexts and application domains. 
2.2 Data and Source Selection 
The data examined in this study originate from three independently conducted and previously studies, each 
reporting empirical results relevant to predictive modelling or explainable AI evaluation. The first source 
reported machine learning classification performance across multiple algorithms evaluated through five-
fold cross-validation. The second source reported the performance of an explainable AI framework 
developed for high-stakes decision-making applications. The third source reported a comparative 
evaluation of explanation methods based on fidelity, stability, and monotonicity. These studies were 
selected because their reported metrics were directly comparable, enabling a structured, cross-study 
synthesis rather than requiring new data collection or original model training. 
2.3 Reported Machine Learning Performance 
The predictive performance data reviewed in this study reflect four machine learning algorithms Extreme 
Gradient Boosting, Random Forest, Logistic Regression, and Multi-Layer Perceptron as evaluated and 
reported in the corresponding source study using five-fold cross-validation. Reported metrics included 
accuracy, precision, recall, F1-score, and receiver operating characteristic–area under the curve. The 
results were examined comparatively to identify patterns in algorithmic performance across ensemble, 
linear, and neural-network-based approaches. No new model training, parameter tuning, or dataset 
processing was conducted as part of the present study; the reported values were instead analysed to draw 
broader conclusions regarding the relationship between model architecture and predictive effectiveness 
in classification tasks. 
2.4 Explainable Framework Performance 
To assess the explainability functions within high-stakes decision-support contexts, this study reviewed 
explainable AI framework performance reported in the corresponding source study. The reported 
framework combined predictive classification with interpretability mechanisms, and its performance 
metrics accuracy, precision, recall, F1-score, and AUC-ROC were examined to determine whether 
interpretability constraints affected predictive capability. These reported values were compared against 
previously reviewed machine learning performance data to evaluate whether explainability-oriented 
frameworks could match conventional, non-interpretable models in predictive strength, providing a basis 
for assessing the practical feasibility of transparent, high-stakes AI-based decision-support systems. 
2.5 Explanation Method Comparison 
The comparative evaluation of explanation methods reviewed in this study is based on findings reported 
in the corresponding source study, which assessed SHAP, LIME, and ILIME according to local and global 
fidelity, stability, and monotonicity. These reported metrics were examined to determine the relative 
reliability and consistency of each explanation technique in representing underlying model behaviour. This 
reported evaluation was incorporated to complement the previously reviewed predictive performance 
data, enabling the present study to assess not only whether AI models can be interpretable, but also 
whether the explanations generated are themselves dependable, stable, and trustworthy across different 
prediction contexts. 
 

3.Results 
 
3.1 Cross-Validation Performance of Machine-Learning Models 
The comparative assessment of machine-learning models using multiple predictive performance 
indicators. The findings show that ensemble-based approaches provide strong and consistent classification 
capability when evaluated through cross-validation as shown in Table 1. XGBoost demonstrates 
particularly effective predictive behaviour, while Random Forest also maintains competitive performance 
across the assessed measures. Logistic Regression provides a comparatively conventional modelling 
approach, offering stable classification capability despite its simpler structure. The Multi-Layer Perceptron 
further demonstrates the usefulness of neural-network-based learning for predictive analytics.  The 
comparison highlights the importance of evaluating several complementary metrics when selecting a 
predictive model, particularly for applications requiring dependable and consistent automated decision-
making. 
 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml                        International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.8s, 2026                                                                                                                                                                       1160 

Table 1. Five-Fold Cross-Validation Performance of Machine-Learning Models 
Machine-Learning 
Model 

Accuracy Precision Recall F1-Score ROC-AUC 

XGBoost 0.950909 0.925579 0.974407 0.949338 0.987967 
Random Forest (RF) 0.949605 0.922610 0.975057 0.948096 0.986458 
Logistic Regression 
(LR) 

0.942586 0.916440 0.966526 0.940804 0.984126 

Multi-Layer 
Perceptron (MLP) 

0.932155 0.921993 0.935490 0.928645 0.979606 

 
Source: Almazroei (2026)  
 

 
 
Figure 1. Comparative Performance of Machine-Learning Models Across Evaluation Metrics 

 
A visual representation of the performance distribution across the evaluated machine-learning approaches. 
The grouped bars reveal clear variation among the models and across the different evaluation criteria as 
shown in Figure 1. The performance pattern remains relatively consistent, with the measures showing 
distinct differences in their relative levels. The figure also makes it easier to observe the close positioning 
of some models, suggesting comparable predictive behaviour in several assessment dimensions. In 
contrast, wider separation between selected bars indicates areas where model performance differs more 
noticeably. The figure provides a concise visual interpretation of the comparative results and facilitates 
rapid identification of performance patterns across the evaluated metrics. 
 
3.2 Explainable AI Framework Performance in High-Stakes Decision-Making 
The framework provides strong classification behaviour across the reported evaluation measures, 
indicating its ability to distinguish relevant outcomes within its reported experimental setting. 
Incorporating explainability is particularly valuable in decision-making settings where users need to 
understand the reasoning associated with automated predictions as shown in Table 2. Such transparency 
may support the evaluation and interpretation of AI-generated recommendations, although direct user-
perceived trust was not assessed in the reviewed evidence. Therefore, explainable predictive frameworks 
show potential for reliable and accountable artificial intelligence applications. 
 
Table 2. Performance of an explainable AI framework for high-stakes decision-making 

Performance metric Published value 
Prediction accuracy 96.4% 

Precision 95.1% 
Recall 94.7% 

F1-score 94.9% 
AUC-ROC 94.9% 
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Source: Singh et al. (2026)  
 
3.3 Comparative Evaluation of XAI Methods on Fidelity, Stability, and Monotonicity 
The different explainable artificial intelligence techniques according to local and global explanation 
characteristics. The findings indicate that explanation methods differ considerably in their ability to 
represent model behaviour consistently and accurately as shown in Table 3. SHAP demonstrates stronger 
explanatory performance across the assessed dimensions, indicating stronger reported performance 
across the evaluated explanation-quality measures. LIME and ILIME also provide useful interpretive 
information, although their performance varies across local and global explanation settings. Assessing 
fidelity, stability, and monotonicity together provides a broader understanding of explanation reliability 
than considering a single interpretability measure. This comparative perspective is important for 
developing transparent AI systems where explanations must remain dependable across different 
prediction contexts. 
 
Table 3. Comparative evaluation of XAI methods based on explanation fidelity, stability, and 
monotonicity 

XAI 
Method 

Local 
Fidelity (%) 

Local 
Stability 

(%) 

Local 
Monotonicity 

Global 
Fidelity 

(%) 

Global 
Stability 

(%) 

Global 
Monotonicity 

LIME 45.32 78.45 0.21 50.25 82.10 0.25 
ILIME 67.89 83.22 0.31 70.55 85.67 0.40 
SHAP 98.76 95.14 0.54 99.15 96.70 0.42 

Source:  El Shawi & Jamel (2025) 
 

 
 
Figure 3A. Comparative Evaluation of XAI Methods Based on Local and Global Fidelity and Stability 
 
The figure compares reported fidelity and stability scores for LIME, ILIME, and SHAP across local and global 
explanation levels. SHAP consistently achieves the highest values across all four dimensions, exceeding 
95% in each case, indicating strong alignment between generated explanations and actual model behaviour 
as shown in Figure 3A. ILIME shows moderate performance, outperforming LIME across every metric but 
remaining below SHAP throughout. LIME records the lowest fidelity values, particularly at the local level, 
though its stability scores remain comparatively higher than its fidelity scores. This pattern suggests that 
explanation stability does not necessarily correspond with explanation accuracy, reinforcing the need to 
assess multiple interpretability dimensions jointly rather than relying on a single metric. 
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Figure 3B. Comparative Local and Global Monotonicity of XAI Methods 

 
The local and global monotonicity values obtained for LIME, ILIME, and SHAP. LIME demonstrates 
relatively low monotonicity, with local and global values of 0.21 and 0.25, respectively. ILIME shows higher 
values of 0.31 for local monotonicity and 0.40 for global monotonicity. SHAP achieves the highest local 
monotonicity value of 0.54, while its global monotonicity reaches 0.42 as shown in Figure 3B. The figure 
indicates that SHAP provides the strongest monotonicity performance among the evaluated explanation 
methods, whereas LIME records the lowest values. ILIME demonstrates intermediate performance across 
both local and global measures, positioned between LIME and SHAP. 
 

4. Discussion 
The study demonstrate that predictive performance and interpretability are not competing priorities but 
can be jointly optimized within a single analytical workflow. Among the four machine-learning algorithms 
compared through five-fold cross-validation (Table 1), XGBoost was reported to achieve the strongest 
overall performance (accuracy = 95.09%, ROC-AUC = 98.80%), closely followed by Random Forest, while 
Logistic Regression and the Multi-Layer Perceptron offered comparatively modest but still reliable 
classification capability. Figure 1 illustrates this pattern visually, showing clear but relatively consistent 
separation between models across the different evaluation metrics, with some models positioned closely 
together and others showing wider divergence, reinforcing the numerical findings in Table 1 and 
suggesting that ensemble-based tree methods are particularly well suited to structured, feature-rich 
datasets where nonlinear interactions between variables influence outcomes. 
The explainable AI framework summarized in Table 2 further reinforced this observation, with a reported 
96.4% accuracy alongside balanced precision (95.1%), recall (94.7%), F1-score (94.9%), and AUC-ROC 
(94.9%), indicating that high-stakes decision-support systems can retain strong discriminative ability even 
when interpretability constraints are incorporated into the modelling pipeline. Taken together with Table 
1, this suggests that the inclusion of explainability mechanisms does not come at a meaningful cost to 
predictive performance, and in some respects produces results competitive with the strongest baseline 
models. 
The comparative evaluation of explanation methods presented in Table 3 added an important dimension 
to these findings: SHAP consistently outperformed LIME and ILIME across both local and global fidelity, 
stability, and monotonicity (local fidelity = 98.76% and global fidelity = 99.15% for SHAP, compared with 
substantially lower values for LIME and intermediate values for ILIME). This confirms that not all 
explanation techniques offer equivalent reliability, and that the choice of interpretability method materially 
affects the trustworthiness of the explanations generated. Collectively, the findings across Table 1, Table 2, 
Figure 1, and Table 3 indicate that strong predictive accuracy, robust framework-level performance, and 
dependable explanation quality can be achieved simultaneously, supporting the broader argument that 
explainability should be treated as an integral component of predictive decision-making rather than a 
separate or secondary consideration. 
These findings are broadly consistent with, and extend, existing literature on explainable AI. Simuni (2024) 
similarly emphasized that transparency mechanisms in machine learning need not compromise predictive 
accountability, arguing instead that explainability strengthens rather than undermines model 
trustworthiness a pattern consistent with the reviewed evidence that explainable frameworks can match 
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or exceed the accuracy of baseline ensemble models. The superior fidelity and stability of SHAP observed 
in the reviewed findings also align with Talaat et al. (2025), who reported that SHAP-based explanations 
provided more consistent and interpretable outputs than perturbation-based alternatives when applied to 
complex decision-support systems in sustainability contexts. Similarly, Theodorakopoulos et al. (2025) 
found that integrating explainable systems into data-driven executive decision-making reduced cognitive 
bias and improved the perceived reliability of AI-generated recommendations, echoing this synthesis's 
emphasis on explanation quality as a determinant of decision confidence rather than a secondary technical 
feature. Uddin (2025) further reinforced the theoretical grounding of this synthesis by framing 
explainability as a core pillar of trustworthy AI alongside fairness and robustness, a framing that is reflected 
in the integration of reliability assessment alongside conventional performance metrics undertaken here. 
Collectively, these comparisons position the reviewed findings within an established and growing 
consensus that explainability is a functional requirement of dependable predictive systems. 
The findings carry several practical implications. For practitioners deploying AI in high-stakes domains 
such as healthcare, finance, or public policy, the reviewed results suggest that ensemble models paired with 
SHAP-based explanation offer a defensible balance between predictive strength and interpretability, 
supporting more accountable and auditable decision pipelines. For system designers, the marked 
performance gap between SHAP and LIME/ILIME in stability and monotonicity indicates that explanation-
method selection should be treated as a design decision with measurable consequences, rather than an 
interchangeable post-hoc addition. More broadly, this synthesis reinforces that transparency and reliability 
should be assessed as integral evaluation criteria alongside accuracy, precision, and recall when validating 
AI-based decision-support systems intended for real-world deployment. 
Several limitations should be acknowledged. This synthesis relied on the findings drawn from three 
separate sources, each based on different datasets and modelling contexts, which may limit the direct 
comparability of results and constrains generalizability across domains or data types, including 
unstructured or multimodal data. The explainability assessment reviewed here focused on SHAP, LIME, 
and ILIME, and did not examine other emerging interpretability techniques. Additionally, the evaluation of 
explanation quality in the reviewed sources relied on quantitative fidelity, stability, and monotonicity 
metrics rather than direct human-user assessment, meaning that the practical, user-perceived 
trustworthiness of the explanations remains untested. 
Future research should extend this line of inquiry to diverse and multimodal datasets to assess 
generalizability, incorporate user-centred evaluation to directly measure how explanations influence 
human trust and decision quality, and explore hybrid or emerging explainability techniques beyond SHAP 
and LIME. Longitudinal studies examining how explainable AI systems perform under real-world 
deployment conditions would further strengthen the translational value of this line of study. 
 

5. Conclusion 
This study reviewed and synthesized findings on explainable AI-based data analytics to examine how 
predictive accuracy and interpretability can be jointly supported in transparent and reliable decision-
making. Drawing together evidence from multiple recent studies, the synthesis indicates that predictive 
accuracy and interpretability can be achieved simultaneously rather than treated as competing objectives. 
Among the algorithms reviewed, XGBoost and Random Forest were reported to deliver the strongest 
predictive performance, while a dedicated explainable AI framework maintained comparably high accuracy 
and balanced classification behaviour, indicating that interpretability constraints do not necessarily reduce 
predictive effectiveness. The comparative evaluation of explanation methods further revealed that SHAP 
consistently provided more faithful, stable, and consistent explanations than LIME and ILIME, underscoring 
that the choice of interpretability technique meaningfully affects the dependability of the insights 
generated for end users. These findings reinforce the argument that explainability should be embedded as 
a fundamental component of predictive analytics pipelines, particularly in high-stakes decision-making 
environments where accountability and user trust are essential. This synthesis offers a practical foundation 
for understanding how AI-based decision-support systems can be both computationally effective and 
interpretable. Future work extending this line of inquiry to diverse datasets, incorporating human-centred 
evaluation of explanation quality, and exploring emerging interpretability methods would further 
strengthen the applicability and generalizability of explainable AI frameworks across real-world, high-
stakes decision-making domains. 
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