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Abstract: There is growing utilization of Artificial Intelligence (AI) and Machine Learning (ML) to
assist in decision making in healthcare, finance, education, employment and in the public
administration. As the complexity of sophisticated ML models increases, however, there is an emerging
challenge in comprehending how specific predictions and decisions are generated, dubbed the “black-
box” problem. Explanatory Al (XAI) tackles this issue by offering techniques that enhance the
transparency and interpretability of Al systems. This paper explores the concepts of interpretable
models, post-hoc methods (e.g., feature importance, LIME, SHAP, partial dependence, and
counterfactual explanations), and role of XAI in ensuring trustworthy decision-making processes. It
also covers important ethical issues such as algorithmic bias, fairness, privacy, accountability,
transparency and human oversight. The paper proposes that explainability is not sufficient for
trustworthy Al and must be paired with fairness, robustness, privacy protection, accountability, and
effective human supervision.
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L. INTRODUCTION
Artificial Intelligence (AI) has transformed from a niche area of computer science into a significant technological
aspect of today's society. The use of machine-learning (ML) systems for decision support or decision automation is
gaining traction and is becoming more common. These systems have the potential to process vast amounts of data,
recognize patterns, forecast future trends, categorize information, suggest actions, and optimize intricate procedures.
They can be used in healthcare, finance, recruitment, fraud detection, education, autonomous systems, and public
administration.
But, the proliferation of Al in high-stakes decision-making has raised a lot of questions about transparency and
accountability. The advanced ML models, especially Deep neural networks and complex ensemble models, can make
very accurate predictions and may not give any explicit reason for the predictions. For instance, an Al system might
flag an individual as 'high-risk' or notice a suspicious transaction, but fail to explain the reason for the alert in a way
that is comprehensible to humans.
This type of challenge is known as the "black-box problem. If transparency is lacking, it can be hard to evaluate,
challenge, or assess Al decision-making for fairness and accuracy. It can also lead to confusion about blame in the
event of an error or injury arising from an automated decision.
Addressing these concerns is crucial and is being addressed through Explanable Artificial Intelligence (XAI). The goal
of XAl is to improve the understandability of Al systems by providing explanations of the factors, patterns or reasoning
that underlie their predictions. But, as with any Al model, explainability does not ensure trustworthy Al. Fairness,
robustness, privacy, security, accountability, and meaningful oversight by human action are also important properties of
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trustworthy decision-making. XAI should be considered a part of a wider socio-technical system of responsible and
trustworthy Al

I1. OBJECTIVES OF THE STUDY
The major objectives of this paper are:
To examine the role of machine learning in modern decision-making.
To explain the concept and importance of Explainable Artificial Intelligence.
To distinguish between interpretability and explainability.
To examine major interpretable machine-learning models and post-hoc explanation techniques.
To analyse the relationship between explainability and trustworthy decision-making.
To identify major ethical challenges associated with Al and machine-learning systems.

AN o

III. LITERATURE REVIEW
Adadi and Berrada (2018)' gave a comprehensive overview of Explainable Artificial Intelligence (XAI) and its
emergence as an important feature of machine-learning systems. In their study they looked at key approaches for XAlI:
model-specific, model-agnostic, and highlighted challenges with explaining black-box models. The authors explained
that there is a special focus on explainability when Al systems are utilized for decisions in sensitive environments.
Their work laid the groundwork for the understanding of XAl as a tool to enhance transparency, interpretability, and
user trust. They also pointed out, however, that no one of the explanation methods is appropriate for every model and
application.
Ribeiro et al (2016)” developed Local Interpretable Model-Agnostic Explanations (LIME) to explain individual
prediction made by complex machine-learning models. Their method results in an understandable approximation of a
model around a specific observation that lets users know what features matter in a specific prediction. The study
illustrated that model-agnostic explanations can benefit a variety of classifiers. LIME proved to be a valuable addition
to the field of XAI, offering a practical approach to understanding complex models. However, the quality of
explanations may be influenced by sampling methods and what is considered the local neighbourhood definition.
Lundberg and Lee (2017)° introduced a general framework for explaining machine-learning predictions, called
SHapley Additive Explanations (SHAP). They take a Shapley-value based view from cooperative game theory to
measure the contribution of each feature to the output of the model. SHAP will offer explanations for predictions at a
local level and feature effect explanations at a global level. The study was of significant contribution to the field
because it provides an theoretically motivated framework that can be used for other machine learning models. But it is
important to note that feature contributions do not necessarily imply causal relationships; it should be used with
caution.
Rudin (2019)* drew attention to the common practice of simplification of complex black-box models in high-stakes
decision making. The research emphasized the importance of employing inherently interpretable models, particularly as
interpretability is crucial in research and organizations, rather than focusing solely on post-hoc explanations. Models
like decision trees and rule-based systems can be more transparent and still be useful in many applications, Rudin said.

! Adadi, A., & Berrada, M. (2018). Peeking inside the black-box: A survey on explainable artificial intelligence (XAI).
IEEE Access, 6,52138-52160.

* Ribeiro, M. T., Singh, S., & Guestrin, C. (2016). “Why should I trust you?” Explaining the predictions of any
classifier. Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge Discovery and Data
Mining, 1135-1144.

? Lundberg, S. M., & Lee, S.-I. (2017). A unified approach to interpreting model predictions. Advances in Neural
Information Processing Systems, 30.

* Rudin, C. (2019). Stop explaining black box machine learning models for high stakes decisions and use interpretable
models instead. Nature Machine Intelligence, 1,206-215.
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This work questioned the assumption that all complex models need to be explained following training and pointed out
the need for selecting interpretable models during design, especially when decisions may have big impacts on
individual people.

Arrieta et al. (2020)° gave a detailed review of XAI concepts, taxonomies, opportunities and challenges in the
development of responsible Al. The authors explored various interpretations of interpretability and explainability and
highlighted their importance in the context of transparency, accountability, fairness and human understanding. Their
study also raised the concerns of current XAI methods, such as varying explanations' quality, the complexity of
evaluation and the communication of the explanation to different users. The authors found that explainability should be
seen as part of a broader approach to responsible-Al than simply a technical goal. Their work helps to establish theory
to connect XAl to trustworthy and ethical decisions.

IV. RESEARCH METHODOLOGY

Conceptual and qualitative research have been used in this study. It is grounded in a review and synthesis of academic
literature on machine learning, explainable Al, algorithmic fairness, ethics of Al, transparency and trustworthy decision
making.
The study is based on both the old and new XAI approach. Interpretable machine-learning models and post-hoc
approaches to explanation (LIME, SHAP, partial dependence, feature attribution, and counterfactual explanations) are
specifically highlighted.®
The analysis is organized around four major dimensions:

e machine-learning models and decision-making;

e interpretability and explainability;

e trustworthy Al principles; and

e cthical and governance challenges.
Instead of testing one algorithm and its effects on the ground, the paper makes an assessment of the conceptual ways in
which explainability can support responsible Al development and deployment.’

Result
Table 1 Analytical Dimensions of the Study
S. Analytical Dimension Focus of Analysis Relative Analytical
No. Emphasis (%)
1 Machine-Learning Models and | ML models, prediction, classification, and | 25
Decision-Making automated decisions
2 Interpretability and Explainability | Interpretable models, LIME, SHAP, feature | 30
attribution, counterfactuals
3 Trustworthy Al Principles Fairness, = robustness,  privacy, security, | 25
accountability
4 Ethical and Governance Challenges | Bias, transparency, responsibility, human | 20
oversight, governance
Total 100

> Arrieta, A. B., Diaz-Rodriguez, N., Del Ser, J., Bennetot, A., Tabik, S., Barbado, A., et al. (2020). Explainable
Artificial Intelligence (XAI): Concepts, taxonomies, opportunities and challenges toward responsible Al. Information
Fusion, 58, 82—115.

S Doshi-Velez, F., & Kim, B. (2017). Towards a rigorous science of interpretable machine learning. arXiv preprint
arXiv:1702.08608.

7 Guidotti, R., Monreale, A., Ruggieri, S., Turini, F., Giannotti, F., & Pedreschi, D. (2018). A survey of methods for
explaining black box models. ACM Computing Surveys, 51(5), 1-42.
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Interpretation

Table 1 shows the relative analytical focus of the major dimensions of the study. The techniques of XAl are of central
importance such as LIME, SHAP, feature attribution, and counterfactual explanations, which is why Interpretability
and Explainability is given the highest level of focus (30%). Each of the three Machine-Learning Models and Decision-
Making and Trustworthy Al Principles receives a 25% share, emphasizing the need for having an understanding of the
decisions made via machine learning and for ensuring decisions are trustworthy, fair, robust, privacy-focused, secure
and accountable. Ethical and Governance Challenges are 20% including bias, transparency, responsibility, human
oversight, and governance. Overall, the distribution shows a fairly even conceptual approach to the study of explainable
and trustworthy AL®

Analytical Dimensions of the Study

40

Relative Analytical Emphasis (%)

Machine-Learning Interpretability and Trustworthy Ethical and
Models and Explainability Al Principles Governance Challenges
Decision-Making

Analytical Dimension

Figure 1: Analytical Dimensions of the Study

V. MACHINE LEARNING AND DECISION MAKING
Machine learning is a type of computing that involves using algorithms and algorithms-based methods to learn patterns
from data and use those patterns to make predictions or decisions. Compared to rule-based programming, which gives
explicit instructions to the system for each situation, machine learning programs are able to learn relationships from
past data.
Generally, machine-learning techniques fall into three categories: supervised learning, unsupervised learning, and
reinforcement learning.’
5.1 Supervised Learning
In supervised learning, the machine learning models are trained with labeled data with known outcomes. The models
learn the relationships between the input variables and target variables and make predictions or classifications.
Common applications are credit risk assessments, disease classification, fraud detection, spam detection, employee
selection, and customer churn prediction. Examples of algorithms are regression, decision trees, random forests, SVMs,
and neural networks."’

¥ Molnar, C. (2022). Interpretable Machine Learning.

 Samek, W., Montavon, G., Vedaldi, A., Hansen, L. K., & Miiller, K.-R. (Eds.). (2019). Explainable Al: Interpreting,
Explaining and Visualizing Deep Learning. Springer.

' Wachter, S., Mittelstadt, B., & Russell, C. (2018). Counterfactual explanations without opening the black box:
Automated decisions and the GDPR Harvard Journal of Law & Technology, 31(2), 841— 887
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5.2 Unsupervised Learning

Unsupervised learning is a type of learning that attempts to discover hidden structures, relationships or patterns in data
sets that do not have a predetermined outcome label. It is frequently used for customer segmentation, anomaly
detection, document clustering, and recommendation systems and pattern discovery. Clustering and dimensionality
reduction are some of the key techniques, enabling researchers and organizations to find patterns in complex data and
understand it better."'

5.3 Deep Learning

Deep learning refers to the use of multi-layer neural networks to learn complex representations from large data sets. It
is adept at tasks like image recognition, natural-language processing, speech recognition and generative Al. The
complexity of deep-learning models, however, can pose a challenge to understanding how decisions are made within
the system, making it important to have techniques that explain the AL'?

VI. EXPLAINABLE ARTIFICIAL INTELLIGENCE
Explainable Artificial Intelligence (XAI) is a set of techniques that helps people comprehend the predictions, decisions,
and actions of Al It aims to elucidate how a model generates a specific prediction, how factors affect an outcome, and
why people can be classified differently. XAI can also highlight any factors that could influence the outcome of a
prediction and if the model is using relevant data or inappropriate correlations. These explanations can assist users in
identifying mistakes, inaccuracies, and areas for improvement in Al systems. The goal of XAl is not to reveal all the
computations, but to make explanations that are meaningful, accurate, useful and appropriate for the context.'

VII. POST-HOC EXPLAINABILITY TECHNIQUES
If complex models are warranted due to their predictive ability, then post-hoc explanation methods can be employed to
explain the results."
7.1 Feature Importance
Feature-importance methods are used to determine the variables most significant for model predictions. Credit-risk
assessment considerations like income, repayment history, debt level and employment stability might be assigned
different importance scores. These approaches give useful ideas about the behaviour of the models but may not fully
account for individual predictions. 15
7.2 LIME
Local Interpretable Model-Agnostic Explanations (LIME) provides explanations for individual predictions by
modelling the behavior of a complex model around a specific example. It looks into the effect of the changes in input
features on the local prediction and generates a simpler and interpretable model. LIME is model-agnostic, but
explanations might depend on the sampling, the locality, and the approximations made.
7.3 SHAP
SHapley Additive Explanations (SHAP) is based on cooperative game-theory concepts to estimate the contribution of
individual features to a prediction. It can give local explanations and recognize feature effects over data sets. The

" Doshi-Velez, F., & Kim, B. (2017). Towards a rigorous science of interpretable machine learning. arXiv preprint
arXiv:1702.08608.

"2 European Commission. (2019). Ethics Guidelines for Trustworthy Al High-Level Expert Group on Artificial
Intelligence.

3 OECD. (2019). Recommendation of the Council on Artificial Intelligence. Organisation for Economic Co-operation
and Development.

!4 National Institute of Standards and Technology. (2023). Artificial Intelligence Risk Management Framework (Al
RMF 1.0). U.S. Department of Commerce.

'3 Suresh, H., & Guttag, J. V. (2021). A framework for understanding sources of harm throughout the machine learning
life cycle. Proceedmgs of the 2021 ACM Conference on Fairness, Accountability, and T ransparency, 172—-181.
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visualization of SHAP gives more meaning to the results because it provides an understanding of the impact of each
feature on the prediction, compared to a baseline. But, SHAP values do not imply causation.

VIII. DISCUSSION

The rise of Artificial Intelligence (AI) systems has led to the development of Explainable Artificial Intelligence (XAI),
which is a significant reaction to the complexity of machine-learning systems. The traditional machine-learning
methods were mostly focused on the prediction accuracy, but this is not enough for making high-impact decisions. A
model can be correct, but incorrect or unfair, unstable, insecure, intrusive, not well understood or not appropriate for a
specific situation. XAl can improve transparency by providing a model understanding to users and organizations,
highlighting potential errors, and communicating decision logic. Explanations should not be treated as evidence of an
Al system's fairness, reliability, or correctness, however. The connection between explainability and trust is
complicated: while explanations can help people understand, they can lead to unwarranted trust when they are
inaccurate or incomplete. So, Al systems need to foster trust in a properly balanced manner. This must be done in
conjunction with fairness, human oversight, risk assessment, documentation, auditing, governance, and constant
monitoring, to ensure responsible and trustworthy Al deployment.

IX. CONCLUSION
The advent of consequential use of ML systems has made Explainable Al an important field. While powerful Al
models can offer significant predictive and analytical advantages, their opacity can pose significant issues of
accountability, fairness, trust, and human supervision.
Questions about how decisions are made are directly addressed in interpretable models like linear regression, decision
trees, and rule-based systems, while post-hoc models like LIME, SHAP, feature-importance methods, partial
dependence, and counterfactual explanations can aid in the explanation of complex models.
But, consider explainability as a part of the solution and not the total answer to the challenges of Al. But an explainable
model can be biased, incorrect, insecure, and inappropriate. Likewise, a correct explanation may not be understandable
to the intended audience.
The creation of Al systems that are trusted requires a more holistic strategy that prioritizes explainability, fairness,
robustness, privacy, security, accountability, and meaningful human oversight. The goal should not be just to build
models that can account for their forecasts, but to design Al systems that can help enable responsible, transparent, fair
and well-governed decision-making.
It is worth noting that Explainable Al is not a standalone solution but a key part of a comprehensive strategy for
responsible and user-friendly Al
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