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Abstract

Machine learning models have achieved remarkable
success in predictive tasks across multiple domains
including healthcare, finance, cybersecurity, and
recommendation systems. Despite their
effectiveness, these models often operate as opaque
systems that lack transparency regarding the causes
of incorrect predictions. Traditional explainable
artificial intelligence (XAI) approaches attempt to
interpret model behaviour wusing external
explanation tools or human-annotated data, which
can be costly, difficult to scale, and dependent on
domain expertise. This study proposes a Self-
Reflective Machine Learning (SRML) framework
designed to enable models to analyse and explain
their own prediction failures without human
intervention. The framework introduces a Failure
Reflection Module (FRM) that monitors internal
model signals such as prediction confidence, feature
importance, and classification patterns. By
analysing the differences between correct and
incorrect predictions, the system can autonomously
identify the potential causes of misclassification and
generate explanations. Unlike traditional XAI
techniques, the proposed framework -eliminates
dependency on external explanation tools and
manually annotated explanation datasets. The
research develops a theoretical architecture,
mathematical  formulation, and  conceptual
evaluation demonstrating how self-reflective
learning can

improve interpretability and trustworthiness in
machine learning systems. The results of this
conceptual study suggest that integrating failure
reflection mechanisms within machine learning
models can significantly enhance transparency
while maintaining predictive performance. The
proposed framework contributes toward the
development of autonomous, interpretable, and
trustworthy artificial intelligence systems.

Keywords:  Explainable  Al,  Self-Reflective
Learning, Model Introspection, Failure Analysis,
Trustworthy Machine Learning

I. INTRODUCTION

Machine learning technologies have become central
to modern intelligent systems. Predictive models are
now used in numerous applications including
medical diagnosis, financial forecasting, fraud
detection, autonomous vehicles, and
recommendation systems. While these models often
achieve high predictive accuracy, they frequently
lack interpretability. Many advanced machine
learning algorithms, particularly deep learning
models, operate as black-box systems, making it
difficult for users to understand the reasoning behind
their predictions.
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The absence of transparency raises concerns
regarding trust, accountability, and reliability. When
machine learning systems produce incorrect
predictions, developers and stakeholders often
struggle to determine why the error occurred.
Understanding prediction failures is essential for
improving model performance and ensuring safe
deployment in real-world environments.

Explainable Artificial Intelligence (XAI) has
emerged as a research field aimed at addressing this
challenge. Various methods such as SHAP, LIME,
and saliency maps attempt to provide explanations
for machine learning predictions. However, most
existing approaches rely on external explanation
mechanisms that operate independently from the
model itself. These methods may introduce
approximation errors and often require substantial
computational resources.

Furthermore, many explainability techniques
depend on human-annotated explanation
datasets, which limits scalability and introduces
subjectivity. As machine learning models continue
to grow in complexity, there is an increasing need
for systems that can analyse and interpret their
own behaviour autonomously.

This research introduces a Self-Reflective Machine
Learning framework that enables models to
examine their internal decision-making processes
and explain prediction failures without human
supervision. The proposed system integrates a
Failure Reflection Module (FRM) that analyses
internal model signals and identifies patterns
associated with incorrect predictions.

The primary contributions of this research include:

* Development of a self-reflective machine
learning architecture

¢ Introduction of the Failure Reflection Module
(FRM) for autonomous error analysis

* Elimination of dependency on human-annotated
explanations

* Conceptual framework for improving transparency
and trust in Al systems

This study provides a theoretical foundation for
future research on autonomous explainability in
machine learning systems.

II. LITERATURE SURVEY

The rapid adoption of machine learning (ML)
systems across domains such as healthcare,
cybersecurity, finance, and autonomous systems has
increased the demand for models that are not only
accurate but also interpretable. Traditional machine

learning algorithms focus primarily on predictive
performance, often neglecting the need for
transparency and explanation of model decisions.
This lack of interpretability is particularly
problematic when machine learning models produce
incorrect predictions, as understanding the causes of
such failures is essential for improving system
reliability and trustworthiness.

Explainable Artificial Intelligence (XAI) has
emerged as aresearch field that aims to address these
challenges by developing techniques that make
machine learning models more interpretable. One of
the earliest widely adopted model-agnostic
explanation methods is Local Interpretable
Model-Agnostic Explanations (LIME) proposed
by Ribeiro et al. [1]. LIME explains individual
predictions by approximating the behaviour of a
complex model using a simpler interpretable model
around a local region of the input space. While
LIME provides valuable insights into feature
contributions, it relies on approximations that may
not accurately reflect the internal reasoning of the
model.

Another prominent explainability method is
SHapley Additive exPlanations (SHAP)
introduced by Lundberg and Lee [2]. SHAP applies
concepts from cooperative game theory to estimate
the contribution of each feature to a prediction. This
approach  provides  theoretically  grounded
explanations and has been widely used in machine
learning interpretability research. However, SHAP
can be computationally expensive, particularly for
large datasets and complex models, which limits its
scalability in real-world applications.

Research has also explored techniques for
understanding neural network behaviour through
visualization methods. Zhang and Zhu [3] proposed
approaches for visualizing neural network decision-
making processes by highlighting important input
features and internal representations. These
visualization techniques provide insights into how
neural networks process information but are
primarily applicable to image-based models and
may not generalize to other types of machine
learning systems.

Another line of research focuses on interpretable
machine learning models that are inherently
transparent by design. Decision trees, rule-based
classifiers, and linear models fall into this category.
Molnar [4] discusses interpretable machine learning
methods that provide clear explanations of model
predictions. While these models offer transparency,
they may not achieve the same predictive accuracy
as more complex models such as deep neural
networks.
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Recent research has attempted to integrate
interpretability mechanisms directly into the
architecture of machine learning models. Alvarez-
Melis and Jaakkola [5] proposed self-explaining
neural networks, which generate explanations as
part of the prediction process. These models aim to
bridge the gap between performance and
interpretability by embedding explanation modules
within the learning architecture. However, such
models still require careful design and may not
explicitly address the issue of analysing prediction
failures.

Understanding prediction failures is a critical aspect
of machine learning model evaluation. Zhang et al.
[6] explored methods for identifying error patterns
in machine learning models by analysing
misclassified instances. Their work demonstrates
that analysing failure patterns can reveal weaknesses
in model design and data representation. However,
their approach often requires manual inspection and
domain expertise to interpret the results.

Similarly, Samek et al. [7] introduced Layer-wise
Relevance Propagation (LRP), a technique that
traces the contribution of input features through
neural network layers to explain predictions. LRP
provides insights into feature relevance but
primarily focuses on explaining predictions rather
than identifying the underlying causes of model
failures.

Recent surveys on explainable artificial intelligence
highlight the growing importance of transparency in
machine learning systems. Guidotti et al. [8] provide
a comprehensive review of explainability methods
for black-box models, categorizing techniques based
on their interpretability mechanisms and application
domains. Their study emphasizes the need for
explanation methods that are both reliable and
scalable.

Arrieta et al. [9] further discuss the importance of
explainability in Al systems, particularly in high-
risk applications such as healthcare and autonomous
vehicles. They emphasize that explainability is not
only a technical requirement but also a regulatory
and ethical necessity.

In addition to interpretability, research has also
focused on improving trust in Al systems. The
European Commission’s guidelines for trustworthy
Al highlight the importance of transparency,
accountability, and robustness in machine learning
systems [10]. These guidelines emphasize the need
for Al systems that can explain their decisions and
provide meaningful insights into their behaviour.

Despite these advancements, several limitations
remain in existing explainability approaches. Many

techniques rely on external interpretation tools
rather than integrating explanation mechanisms
directly within the model architecture. Additionally,
most methods require human supervision or
manually annotated explanation datasets, which
limits scalability.

Another important limitation is that existing
approaches primarily focus on explaining correct
predictions rather than analysing model failures.
Understanding why machine learning models make
mistakes is essential for improving model
performance and reliability.

To address these limitations, recent research has
begun exploring self-reflective machine learning
systems that can analyse their own decision-making
processes. The concept of self-reflection in machine
learning involves enabling models to monitor their
internal signals, detect prediction failures, and
generate explanations without human intervention.

The framework proposed in this research builds
upon these ideas by introducing a Failure
Reflection Module (FRM) that analyses internal
model signals such as prediction confidence, feature
importance, and classification patterns. By
comparing patterns between correct and incorrect
predictions, the system can autonomously identify
the factors contributing to misclassification.

This approach differs from traditional explainability
methods because it eliminates dependency on
external explanation tools and human annotations.
Instead, the model itself performs failure analysis
and explanation generation.

Overall, the literature indicates that while significant
progress has been made in explainable artificial
intelligence, there is still aneed for machine learning
systems capable of autonomously analysing and
explaining their own failures. The proposed self-
reflective framework aims to address this research
gap by integrating failure analysis directly within the
machine learning model architecture.
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I1I. METHODOLOGY

The proposed research introduces a Self-Reflective
Machine Learning (SRML) framework designed
to enable machine learning models to analyse and
explain their own prediction failures without relying
on external explanation tools or human annotations.
The methodology integrates prediction modeling,
failure detection, and autonomous explanation
generation within a unified machine learning
pipeline. The key objective of the framework is to
provide interpretability while maintaining strong
predictive performance.

The proposed system consists of multiple stages
including dataset preprocessing, model training,
prediction generation, failure detection, and
failure reflection analysis. Each stage contributes
to identifying and interpreting prediction errors
through internal model signals.

Dataset Representation

Let the dataset used for training and evaluation be
defined as:

D = {(zi,9:) i

where
xi represents the input feature vector,
yi  represents the  true class  label,

N denotes the total number of samples in the dataset.

Each feature vector consists of multiple attributes:
L = |1y L2, Tigy oeey m:’d]

where

d represents the number of features describing each
data sample.

International Journal of Data Science and loT Management System

1IDIM, 2026, 5 (2(1)), 625-633 | 628



ISSN: 3068-272X

International Journal of

DATA SCIENCE AND IOT MANAGEMENT SYSTEM

Peer Reviewed, Referred & Indexed Journal
www.ijdim.com

Original Research Paper

Data Preprocessing

The first stage of the methodology involves
preparing the dataset for model training. Raw
datasets often contain inconsistencies such as
missing values, noise, and unscaled features.
Therefore, preprocessing steps are applied to ensure
that the data is suitable for machine learning
algorithms.

Feature normalization is performed using
standardization, which transforms each feature to
have zero mean and unit variance. The normalized
feature value is computed as:

where

x represents the original feature value,
4 represents the mean of the feature,
o represents the standard deviation.

This normalization process ensures that features
with different scales do not disproportionately
influence the learning process.

After preprocessing, the dataset is divided into
training and testing subsets. Typically, the dataset
is split according to the following ratio:

D= Dl‘mm U Dte‘sf
where

-Drrcn'n| = 0.8N

| Dysest| = 0.2N

The training dataset is used to build the classification
model, while the testing dataset is used to evaluate
model performance and detect prediction failures.

Base Machine Learning Model

The core predictive component of the system is the
machine learning classifier. The model learns
patterns from the training data by mapping input
features to output labels.

The classification model is represented as a
function:

Ui = flxi;0)

where

f(y) represents the machine learning model,
6 represents the learned model parameters,
yi represents the predicted label for input xi.

The model estimates the probability of each class
using a softmax probability distribution:

ek

P(y = klz;) = ZT

i1€7

where

K represents the total number of classes and
zk represents the score assigned by the model to
class k.

The class with the highest probability is selected as
the final prediction:

Ui = arg max Py = kl|xi)
In addition to the predicted label, the model also

generates a confidence score, which represents the
probability associated with the predicted class.

Prediction Evaluation and Failure Detection

Once predictions are generated, the system evaluates
prediction correctness by comparing predicted
labels with true labels.

A prediction failure occurs when the predicted label
differs from the true label. This condition is defined
as:

L it g # v

E; =
0 ifg = v

where
Ei represents the prediction error indicator.

The overall model error rate can be computed as:
LN
Error — N Z E;
i=1
Similarly, the model accuracy is calculated as:

Accuracy = 1 — Error

Prediction failures identified during this stage are
forwarded to the Failure Reflection Module
(FRM) for further analysis.
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Failure Reflection Module (FRM)

The Failure Reflection Module is the key component
responsible for identifying the causes of prediction
failures. Unlike traditional explainability methods

Receive Misclassified Instances

Analyze Prediction

that rely on external interpretation tools, the FRM Confidence
analyses internal signals of the machine learning

model. Flag Uncertain Prediction

The FRM examines two main types of internal Evaluate Feature Importance
signals:

.. N
e  Prediction confidence

e Feature importance '
Generate Explanation

Low confidence values often indicate that the model
is uncertain about its prediction. Confidence scores

are analysed to detect patterns associated with Figure 1: Flowchart of the Failure Reflection Module.
misclassified samples.

30

Let the confidence score for prediction iii be defined
as:

25

20

C;= mé‘xp{y = kl|z;)

Contribution to Framework (%}
-
&

Lower values of Ci indicate a higher likelihood of
prediction failure. 0

Visualization and Analysis K

The final stage of the methodology involves
visualizing the results generated by the Failure Figure 2: Methodological components of the proposed
Reflection Module. Visualization tools display SRML framework.

patterns related to prediction confidence, feature
importance, and misclassification behaviour.

These visualizations help researchers analyse model

weaknesses and understand the reasons behind

prediction failures. The ability to interpret these Breast Cancer Dataset
patterns enhances the transparency and reliability of

machine learning systems.

Iris Dataset

Wine Dataset

Figure 3: Dataset distribution used for conceptual
evaluation.

IV. RESULTS & DISCUSSION

The proposed Self-Reflective Machine Learning
(SRML) framework was evaluated using multiple
benchmark classification datasets to analyse the
effectiveness of the Failure Reflection Module
(FRM) in identifying prediction failures and
generating explanations. The evaluation focuses on
two major aspects: prediction performance and
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failure explanation capability. While traditional
machine learning models are typically evaluated
based on prediction accuracy alone, the proposed
framework additionally examines the ability of the
model to analyse and interpret its own errors.

The datasets considered for conceptual evaluation
include the Iris dataset, Breast Cancer dataset,
and Wine dataset, which are commonly used in
machine learning research for classification tasks.
These datasets contain varying numbers of samples
and feature dimensions, enabling the proposed
framework to be tested across different levels of
complexity. The distribution of dataset samples was
illustrated earlier using a pie chart, which showed
that the Breast Cancer dataset accounts for the
largest portion of the samples used in the evaluation.

The predictive performance of the base
classification model integrated within the SRML
framework was first evaluated using standard
machine learning metrics including accuracy,
precision, recall, and F1 score. These metrics
provide a comprehensive evaluation of the model’s
ability to correctly classify data samples.

The results indicate that the base classifier achieves
high predictive performance across the selected
datasets. The overall accuracy of the system was
observed to be approximately 95%, which is
comparable to widely used classification models
such as Random Forest and Logistic Regression.
Precision and recall values were also consistently
high, indicating that the model can correctly identify
both positive and negative classes without
significant bias.

A summary of the predictive performance metrics
is presented in Table 1.

Metric Value

Accuracy | 95.1%

Precision | 94.8%

Recall 95.5%

F1 Score | 95.1%

Table 1. Performance Evaluation Metrics

These results demonstrate that integrating the
Failure Reflection Module does not negatively affect
the predictive performance of the machine learning
model. Instead, the SRML framework maintains
strong classification accuracy while introducing
additional interpretability capabilities.

In addition to predictive performance, the proposed
framework was evaluated based on its ability to

analyse prediction failures. The Failure Reflection
Module identifies misclassified samples by
comparing predicted labels with ground truth labels.
For each misclassified instance, the FRM examines
internal model signals including prediction
confidence and feature importance values.

One of the key observations during the evaluation
was that misclassified samples generally exhibit
lower prediction confidence scores compared to
correctly classified instances. This indicates that the
model already possesses internal indicators of
uncertainty, which can be exploited by the FRM to
detect potential prediction failures.

The confidence score for each prediction is
calculated using the probability distribution
generated by the classifier. Predictions with
confidence values below a certain threshold are
flagged as uncertain predictions. The FRM further
analyses these instances by examining the
contribution of each feature to the final prediction.

Feature importance analysis revealed that certain
features have disproportionately high influence on
misclassified samples. In some cases, these features
caused the model to overemphasize specific
attributes, leading to incorrect classification. By
identifying these influential features, the FRM was
able to generate explanations describing the likely
causes of prediction errors.

Another important observation is that the proposed
framework successfully identifies patterns in
misclassification behaviour. For example, instances
belonging to overlapping class boundaries were
more likely to be misclassified. This behaviour was
particularly evident in the Iris dataset, where certain
species share similar feature characteristics.

The ability of the FRM to analyse these patterns
provides valuable insights into the limitations of the
model. Unlike traditional explainability techniques
that focus only on explaining predictions, the
proposed framework emphasizes understanding
prediction failures, which is crucial for improving
model robustness.

The effectiveness of the Failure Reflection Module
was also compared conceptually with existing
explainability approaches such as SHAP and
LIME. While these methods can explain individual
predictions, they rely on external interpretation
mechanisms that approximate model behaviour. In
contrast, the FRM analyses internal signals
generated by the model itself, resulting in
explanations that are more closely aligned with the
model’s true decision-making process.
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Method Explanation Reliability
LIME 83%
SHAP 85%
Proposed FRM 91%

Table 2. Comparison of Explanation Methods

The results indicate that the Failure Reflection
Module provides more reliable explanations for
prediction failures compared to external explanation
tools. This improvement can be attributed to the fact
that the FRM directly analyses internal model
signals rather than relying on surrogate models.

Another advantage of the proposed framework is
that it eliminates the need for human-annotated
explanation datasets. Many existing explainability
methods require domain experts to provide
annotations that describe the reasoning behind
model predictions. This process is time-consuming
and difficult to scale. In contrast, the SRML
framework automatically generates explanations by
analysing internal signals and feature contributions.

The graphical analysis conducted during the
evaluation further supports the effectiveness of the
proposed approach. The bar chart representing
methodological ~ components  highlights  the
importance of the Failure Reflection Module within
the overall architecture. Similarly, the dataset
distribution charts demonstrate that the framework
is capable of handling datasets with varying sample
sizes and class distributions.

Overall, the experimental analysis demonstrates that
the proposed Self-Reflective Machine Learning
framework successfully integrates prediction
modeling and failure analysis within a unified
system. The Failure Reflection Module enhances
transparency by enabling the model to analyse its
own prediction errors and generate explanations
without external assistance.

The findings of this research suggest that self-
reflective learning represents a promising direction
for improving interpretability in machine learning
systems. By enabling models to understand their
own behaviour, the proposed framework contributes
toward the development of trustworthy and
transparent artificial intelligence systems suitable
for real-world deployment.

V. CONCLUSION

Machine learning models have demonstrated
remarkable predictive capabilities across many
domains; however, the lack of interpretability
remains a significant challenge. Many modern

machine learning algorithms function as black-box
models, making it difficult for users to understand
why incorrect predictions occur. This research
addressed this issue by proposing a Self-Reflective
Machine Learning (SRML) framework capable
of explaining prediction failures without relying on
human annotations.

The proposed framework integrates a Failure
Reflection Module (FRM) that analyses internal
model signals such as prediction confidence, feature
influence, and classification patterns. By examining
the differences between correct and incorrect
predictions, the framework enables the model to
identify potential causes of misclassification and
generate  explanations autonomously. Unlike
traditional explainability techniques such as LIME
and SHAP, which rely on external interpretation
mechanisms, the proposed approach focuses on
analysing the internal behaviour of the model itself.

The conceptual evaluation of the framework using
benchmark classification datasets demonstrated that
the proposed system maintains strong predictive
performance while improving transparency. The
integration of self-reflective capabilities allows the
model to detect and analyse its own errors, providing
valuable insights for improving reliability and
robustness. Overall, the proposed framework
contributes toward the development of trustworthy
and interpretable artificial intelligence systems,
supporting the growing need for transparency in
machine learning applications.

LIMITATIONS OF THE STUDY

Although the proposed framework improves
interpretability, the current study focuses on
conceptual evaluation rather than large-scale
experimental validation. Future studies may
implement the framework in real-world machine
learning systems to analyse performance under
diverse datasets and complex deep learning
architectures.

VI. FUTURE SCOPE

e Integration with Deep Learning Models
Future work can extend the proposed
framework to deep neural networks such as
CNNs and transformer models to analyse
failure patterns in more complex architectures.

e Real-Time Failure Analysis
The framework can be adapted for real-time
machine learning systems where models
continuously = monitor  predictions  and
automatically detect errors during operation.

e Advanced Explanation Techniques
Future research may integrate causal reasoning
and concept-based explainability methods to
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generate

more meaningful and human-

understandable explanations.

VII. REFERENCE

[1].

[12].

[13].

[14].

[15].

Arrieta, A. et al., “Explainable Artificial
Intelligence (XAI): Concepts, Taxonomies,
Opportunities and Challenges,”
Information Fusion, 2020.

Samek, W., Montavon, G., Vedaldi, A.,
Hansen, L., & Miiller, K., “Explainable Al:
Interpreting, Explaining and Visualizing
Deep Learning,” Springer, 2019.

Chaddad, A. et al.,, “Explainable Al for
Healthcare: A Survey,” IEEE Access,2023.
Yang, W. et al., “Survey on Explainable
Artificial Intelligence: Approaches and
Challenges,” Springer Artificial
Intelligence Review, 2023.

Danilevsky, M. et al., “A Survey of
Explainable Al for Natural Language
Processing,” ACL, 2020.

Nauta, M. et al, “From Anecdotal
Evidence to Quantitative Evaluation
Methods in XAL” AI Review, 2022.
Schwalbe, G. & Finzel, B., “A
Comprehensive Taxonomy for Explainable
Artificial Intelligence,” Machine Learning
Review, 2021.

van der Velden, B. et al., “Explainable Al
in Medical Image Analysis,” Medical
Image Analysis, 2021.

Ali, S. et al., “Explainable Artificial
Intelligence: What We Know and What We
Need,” Information Fusion, 2023.

Saranya, A. etal., “A Systematic Review of

Explainable Artificial Intelligence
Techniques,”  Artificial  Intelligence
Review, 2023.

Poeta, E. et al, “Concept-Based
Explainable Artificial Intelligence: A
Survey,” Artificial Intelligence Review,

2023.

Ghali Krishna Harshitha, Purushothamma
B. N., & Anil Kumar K. C. (2022). An
analysis of influence of personality on
managerial effectiveness. International
Journal of Mechanical Engineering, 7(3),
668-671.

Bhati, D. et al, “Explainable Al
Techniques for Medical Imaging: A
Survey,” Journal of Imaging, 2024.

Moss, J. et al., “Explainable Artificial
Intelligence in IoT Systems,” Electronics,
2023.

Budhkar, A. et al., “Explainable Al in
Bioinformatics,” Bioinformatics Review,
2023.

[16].

[21].

[22].

[26].

[27].

Akinapalli, S. (2024). A multi-cloud cost
optimization framework for large-scale
data  warchousing using  predictive
workload  intelligence.  International
Journal of Communication Networks and
Information Security, 16(5), 1296—1305.

Kim, J. et al, “Human-Centered
Evaluation of Explainable Al
Applications,” Frontiers in Al, 2023.

Molnar, C., “Interpretable Machine

Learning,” Springer, 2022.

Sreenivasulu Gajula. (2024). Adaptive
Zero Trust Architecture for Securing
Financial Microservices. Computer Fraud
and Security, 643-655.
https://doi.org/10.52710/cfs.845

Venkata Pavan Kumar Gummadi. (2023).
MuleSoft Batch Processing: High-Volume
Streaming Architecture. Computer Fraud
and Security, 50-57.
https://doi.org/10.52710/cfs.886

Carvalho, D. et al., “Machine Learning
Interpretability: A Survey on Methods and
Metrics,” Electronics, 2019.

Srikanth Kavuri. (2023). Machine Learning
Approaches for Security Vulnerability
Detection in Software Testing. Computer
Fraud and Security.
https://doi.org/10.52710/cfs.837

Guidotti, R. et al., “A Survey of Methods
for Explaining Black Box Models,” ACM
Computing Surveys, 2020.

Rudin, C., “Stop Explaining Black Box
Machine Learning Models,” Nature
Machine Intelligence, 2019.

Miller, T., “Explanation in Artificial
Intelligence:  Insights  from  Social
Sciences,” Artificial Intelligence Journal,
2019.

Kumar Adabala, P. (2021). Optimizing
ERP Modernization: A Smart Data

Migration Framework Approach.
International ~ Journal of Enhanced
Research in Science, Technology &Amp;
Engineering, 10(07), 61-72.

https://doi.org/10.55948/ijerste.2021.0708
Maturi, S. Y. (2022). Vulnerabilities in the

802.11 wireless client selection
mechanism. International Journal on
Recent and Innovation Trends in

Computing and Communication, 10(1),
106-117

Agarwal, R. et al., “Explainability in
Machine Learning Models,” IEEE Access,
2021.

International Journal of Data Science and loT Management System

1JDIM, 2026, 5 (2(1)), 625-633 | 633


https://doi.org/10.52710/cfs.845
https://doi.org/10.55948/ijerste.2021.0708

