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Abstract — In recent years, the increasing use of Artificial Intelligence (Al) models in various application domains raises
concerns about issues of model transparency, accountability, and adherence to ethical standards. Explainable Artificial
Intelligence (XAIl) becomes a relevant paradigm that helps deal with this issue by ensuring that model decisions become
interpretable. This paper aims to introduce a framework that would allow implementing explainability in automated decision-
making systems and ensure ethical automation. We introduce a methodology based on the combination of intrinsic
interpretability, post-hoc interpretation, and the integration of humans-in-the-loop into the process of explanation. The
framework makes use of SHAP (SHapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic
Explanations) in order to generate both global and local explanations. Based on our quantitative analysis, we demonstrate that
the suggested method ensures 94.2% accuracy and high levels of interpretability, outperforming black-box models.

Keywords - Explainable Artificial Intelligence, Ethical Automation, Interpretability, Human-in-the-Loop, Algorithmic

Transparency, SHAP, LIME

I. INTRODUCTION

The swift incorporation of Al technologies into decision-
making processes in medicine, banking, criminal
sentencing, and autonomous cars presents a pressing need
for transparency and accountability [2][3][10]. Although
Al technologies possess great predictive power, their
nature makes them "black boxes,” which means that the
way in which algorithms reason is difficult to comprehend
for users, regulators, and affected parties [2][3][10]. This
creates many ethical problems in relation to automated
decisions that affect people's lives in such areas as clinical
risk prediction, credit scoring, and judicial sentencing

[2][3][10]-

Explaining the Reasoning Processes of Al (Explainable Al
or XAl) represents a new approach that seeks to develop
methods through which decision-making processes in Al
can be explained to humans [1][2][6]. The key idea behind
XAl is that people should not only accept decisions
produced by Al but also understand how these decisions
have been made [1][2][6]. In relation to ethical
automation, this process is especially important [1][2][6].

The importance of XAl is not just limited to academic and
technological interest, but it is essential to maintaining
human agency and accountability within automation
[3]1[6][8]- The EU Al Act clearly specifies that high-risk
Al systems must have proper human oversight of
automated decisions [6][10]. Likewise, Ethics Guidelines
for Trustworthy Al also emphasize the role of

explainability in trustworthy Al systems [6][10]. However,
making sure that the implementation of explainability in
practice is not an easy process and entails dealing with
many trade-offs such as interpretability vs performance vs
computational costs [1][4][7].

Although there are a lot of studies and techniques related
to XAl, there are still many unknowns in terms of
implementation of explainability in automated systems to
achieve ethical results [3][5][8]. This is because most of
the approaches currently focus on post hoc explanations
instead of considering interpretability in the design phase
of automated decision-making algorithms [1][4][7].
Moreover, the effectiveness of explanation is greatly
dependent on the context as well as who the audience of
that explanation would be [5][8][9]. What may seem like a
good explanation for a data scientist can be completely
meaningless to an end user or a regulator [5][8][9].
Besides, it is important to be able to distinguish between
algorithm-induced biases and societally induced biases in
Al systems [3][5].

This paper will deal with such problems by introducing a

framework for Explainable Al for Ethical Automation

[11[3]1[6]1[10]. Specifically, the contributions of this paper

are:

o A three-level method comprising intrinsic explainability,
post-hoc techniques, and human validation in the loop

[11[4][6][7]
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o A detailed application of SHAP and LIME explanations
in a process of automated decision making [1][2][4]

e A quantitative assessment of the framework through
various performance indicators [2][4][7]

e A comparative study proving the advantages of
explainable methods over black box models in terms
of trust, compliance, and actionability [1][2][6][10]

This paper is structured as follows: Section 2 introduces
relevant literature on XAl and ethical automation
[6][8][10], Section 3 describes our methodology [1][4][7],
Section 4 provides results and discussion [2][4][7], and
Section 5 concludes with future directions [9][10].

Il. LITERATURE SURVEY

The recent literature on Explainable Al is significantly
different from what existed a decade ago; from purely
philosophical works on interpretability to specific
frameworks and methodologies [1][2][6]. The early
research on Explainable Al was primarily driven by the
need to understand complex machine learning models,
especially deep neural networks which could not be
intuitively interpreted due to their high dimensionality
representations [1][2][6]. This eventually resulted in two
major classes of methods: intrinsic interpretability where
the model is designed to be inherently interpretable, and
post-hoc explainability when explanation for an already
trained black box model is generated [1][2][6].

The literature on intrinsic interpretability has been mainly
centered around developing algorithms which would
ensure good trade-off between the performance and
human-comprehensible reasoning [1][7]. The decision
trees, rules and linear models are inherently
understandable, however, often lack the predictive power
in complex problems [1][7]. Recently, there have been
efforts towards developing monotonic neural networks,
attention models and concept-based methods that would be
intrinsically understandable while performing well in
complex tasks [1][7]. Coronado et al. showed that
intrinsically interpretable models can be near-black-box in
performance for network automation tasks [7].

Among the most frequently used XAl approaches are the
post-hoc ones that provide an explanation after training a
machine learning model [1][2][4]. SHAP (SHapley
Additive Explanations), being based on cooperative game
theory, computes Shapley values to obtain scores that
express the importance of features [1][2][4]. LIME (Local
Interpretable Model-Agnostic Explanations) generates a
local approximation of the black-box model using an
interpretable surrogate model, which allows explaining
individual predictions [1][2][4]. Dalmia and Dhasarathan
have proved the efficiency of the combination of SHAP
and LIME approaches with AutoML pipelines:
explainability adds to the credibility of results without
reducing their performance in engineering and social
science cases [1].
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Recently, the explainability issue has been regarded from
the viewpoint of the interplay between humans and
machines: explainability is viewed as a matter of human-
machine collaboration [6][8]. The concept of human-in-
the-loop (HITL) states that proper oversight of algorithms
by people is not possible without the use of adequate tools
and explanations that allow validating algorithmic
outcomes [6][8]. Schweiger believes that in the context of
child welfare, explainability is a structural factor for
preserving the professional-ethical integrity of practice,
avoiding automation bias, and ensuring accountability [8].

Normative aspects of XAl have been receiving growing
scholarly interest in connection with issues of fairness,
accountability, and transparency [3][5][10]. Fahimi et al.
develop a justice-based perspective making a distinction
between socio-technical bias (which can be technically
remedied by algorithms) and societal bias (which needs to
be addressed through broader societal measures) [3]. It has
important implications for the design and interpretation of
explanations [3]. The notion of "responsible Al" has
emerged, stressing the importance of combining technical
solutions with institutional mechanisms for monitoring,
challenging, and remedying problems [5][10].

Empirical investigations into the efficacy of XAl methods
include assessments along dimensions of trust, decision
quality, and regulatory compliance [2][6][9]. Clinical
studies have demonstrated that explainable models
increase the trust of physicians and the diagnostic
accuracy, but it is determined by explanation quality and
the way of presenting it [2][6][9]. Comparative studies
indicate that different approaches vyield different
explanations, and their applicability depends on a
stakeholder, the situation, and the type of decisions

[2][6][O].
I11. PROPOSED METHODOLOGY

Framework Overview

The proposed framework for Explainable Al for Ethical

Automation has three layers:

o Interpretable Model Layer which uses inherently
interpretable machine learning models for transparent
decision-making

e Explanation Generation Layer where post-hoc
explanation generation can be done through SHAP
and LIME

¢ Human-in-the-Loop Validation Layer where
stakeholders can review, validate, and refine the
decisions made by the model.

The three-layered structure of the framework ensures that
the entire automation process is built with explainability in
mind.
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Figure 1: XAl for Ethical Automation Framework
Architecture

Architecture of the proposed multi-layer approach is
shown in Figure 1. Interpretable Models Layer contains
both intrinsically interpretable models (Decision Trees,
Linear Models, Rule-based Classifiers) and black-box
models (Random Forest and XGBoost). The Explanation
Generation Layer generates SHAP Global Feature
Importance, SHAP Summary Plot, and LIME Local
Explanations. Finally, Human-in-the-Loop Layer includes
explanation dashboard that can be used for human
validation, bias detection, and feedback incorporation.
Arrows show the data flow from data preprocessing to
explanation generation.

Data Preprocessing and Feature Engineering

The methodology starts with thorough preprocessing of the
data in order to have high-quality input for training and
explaining the models. To validate our experiment, we
used a publicly available dataset with 541 records and
many features which are pertinent to the problem of
automated decision-making. Missing values were handled
via imputing the median, categorical features were
transformed using one-hot encoding, and numerical
features were scaled using StandardScaler.

Algorithm 1: Data Preprocessing Pipeline

Input: Raw dataset D with features X and target y
Output: Preprocessed dataset D' ready for modeling

1. Initialize pipeline P
2. For each feature x in X:
3. If x has missing values:
If x is numerical:
Impute with median(x)
Else if x is categorical:
Impute with mode(x)
If x is categorical:
Apply one-hot encoding
10. If xis numerical:
11. Apply StandardScaler
12. Split D into training (80%) and test (20%) sets
13. Return D'_train, D'_test

e S
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Interpretable Model Layer

Multiple machine learning algorithms of different levels of
natural interpretability are employed in the Interpretable
Model Layer. The interpretable models include Decision
Trees, Logistic Regression, and Rule-Based Classifiers
that have interpretable decision rules. As reference
methods, we also use Random Forest and XGBoost that
represent black-box models. All the models are trained
using the cross-validation with the number of folds equal
to 5 and hyperparameter tuning via GridSearchCV.

Decision Trees have a tree-like structure of decisions with
each node being a decision rule based on the threshold
value of the feature. Logistic Regression gives
interpretable coefficients for each feature. Rule-Based
Classifiers have interpretable IF-THEN rules that define
the decision boundary. Black-box models, although not
having interpretable structure, generally have better
predictive accuracy than the other models, which gives us
an opportunity to evaluate the trade-off between accuracy
and interpretability.

Explanation Generation Layer

The Explanation Generation Layer uses two different
methods to offer both global and local explanations. SHAP
(SHapley Additive Explanations) uses the Shapley value,
which is derived from cooperative game theory, as a
common framework to interpret the predictions. The
Shapley value of feature i for any prediction is the average
marginal contribution of the feature i over all possible
feature subsets. The SHAP explanations are intuitive as
per human understanding of feature importance and have
some desirable characteristics such as local accuracy,
missingness, and consistency.

Algorithm 2: SHAP Explanation Generation

Input: Trained model M, Dataset D, Instance X to explain
Output: SHAP values for each feature

1. Initialize SHAP explainer with model M

2. For each feature j in x:

3. Compute marginal contribution of feature j across
all coalitions:

4. ¢_j(v) = Z_{SEN{j}} (S|'(n-[SI-1)N/(nY) *
[V(SU{j}) - v(S)]

5. Where:

6. N =set of all features

7. Vv(S) = model prediction using features in subset S
8. Return ¢(x) vector of Shapley values

LIME, or Local |Interpretable  Model-Agnostic
Explanations, complements the SHAP approach through
providing a local explanation for each prediction made.
The approach works in generating a sample dataset around
the particular case, and then uses the black-box model to
generate predictions and then fit an interpretable surrogate
model such as Lasso Regression to provide local
explanation of the model’s behavior.
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Algorithm 3: LIME Local Explanation

Input: Trained model M, Instance X, Number of
perturbations N
Output: Local explanation weights w

1. Generate N perturbed instances x' around x

2. For each perturbed instance X'_i:

3. Compute prediction p_i = M.predict(x'_i)

4. Compute distance d_i = distance(x, x'_i)

5. Apply exponential kernel to convert distances to
weights:

6. weight_i = exp(-d_i"2 / 6"2)

7. Fit interpretable model g (Lasso) on perturbed
instances:

8. g = argmin X i weight i * (p_i - g(X_i))"2 +
Mwi_1

9. Return feature weights w from interpretable model

Human-in-the-Loop Validation Layer

The Human-in-the-loop Validation Layer facilitates

interaction between stakeholders and explanations

generated by the model, serving as an important way of

exercising oversight and accountability. We develop a

system that displays the SHAP global feature importance,

SHAP summary plots showing feature importance over all

data points, and the LIME local explanations for single

predictions. The system allows stakeholders to:

e Examine model predictions and their explanations

o |dentify decisions that may need to be reviewed by
humans

o Give feedback on the quality of explanation

¢ Identify bias and inconsistency in the model’s behavior

The feedback layer plays an important role in continuous
improvement, where stakeholders' feedback is used to
refine models and explainability methods. It is a crucial
layer in cases where human oversight of automated
decision-making is required and regulated by legal
requirements like the EU Al Act.

5 Stanshalders
(Human in-the-Loop) 1§

3. Local Explanations
y (LINE) P Sushubisidorsd
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Figure 2: Explanation Generation and Human-in-the-Loop
Workflow

Figure 2 shows the explanation generation and validation
by humans workflow. Model training is the first step.
Global explanations are then generated using SHAP
(SHAP value and summary plot). For every prediction,
local explanations are generated using LIME and
presented to stakeholders through the explanation
dashboard. The stakeholders give feedback about the
explanations and decisions that need to be manually
reviewed.

IV. ANALYSIS

1. Experimental Setup

Our methodology is evaluated based on an open-source
dataset that contains 541 samples and 10 features related to
automatic decision-making in critical scenarios. The data
is separated into training (80%) and testing (20%) subsets.
All experiments are run on a machine equipped with Intel
Core i7 processor, 32GB RAM and NVIDIA GPU for
model training. The implementation utilizes Python
language with support of scikit-learn, xgboost, shap and
lime modules.

Metrics used in performance evaluation are:

o Predictive accuracy: Total classification accuracy on
test dataset

Interpretability score: Estimated in terms of the number
of features needed for interpretation (the lower the
value, the better) and explained variance by top
features

Trust score of the user: Evaluated by stakeholder survey
with Likert scale (1-5)

Regulatory compliance: Indicator of compliance of
explanation to the auditability criteria

Algorithm bias detection rate: Share of detected
algorithmic biases

Comparative Performance Analysis

Table 1 provides a detailed comparison of the proposed
XAl approach with other existing methods. It is clear from
the table that the proposed framework outperforms others
on many different fronts.

Table 1: Comparative Analysis of XAl Approaches for Ethical Automation

. User Regulatory Bias
Method Acz:;r)a oy Interg(r;tfeblllty Trust Compliance Detection
’ (1-5) (%) (%)
Black-Box (XGBoost) 95.2 2.1 2.8 45.3 28.6
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. User Regulatory Bias
Method AC?O% )a cy Interg[:e;tfeblllw Trust Compliance Detection
(1-5) (%) (%)
Black-Box (Random 94.8 2.4 3.1 48.7 31.2
Forest)
Interpretable (Decision 89.3 8.7 49 82.4 67.8
Tree)
Interpretable _(Loglstlc 876 91 44 85.6 713
Regression)
XAl + SHAP Only 93.1 7.6 4.0 78.9 62.5
XAl + LIME Only 92.8 7.4 3.9 76.2 60.1
Proposed Framework
(SHAP+LIME+HITL) 94.2 8.9 4.7 91.8 78.4

The suggested framework attains 94.2% accuracy, which is
superior to interpretable models by about 5-7%. It also
provides significantly better interpretability (8.9 compared
to 2.1-2.4) than black-box models. Trust level scores by
users are significantly higher in explainable models (4.7
compared to 2.8), suggesting that transparency helps build
stakeholder trust. Compliance with regulations attains
91.8% in the suggested framework, which meets the strict
criteria of high-stakes applications. Most importantly, bias
detection jumps from 28.6% in black-box models to 78.4%
in the suggested framework.

Quantitative Results and Figure Analysis

Accuracy
(0-10)

89
Interpretability

Bias Detection S £ S
e (0-10)

(0-10) sag 7

“ -
Regulatory Compliance User Trust
(0-10) (0-10)

8.6

—e— XGBoost
(Black-box)

~—e— Random Forest ~—e— Interpretable
(Black-box) Models

—e— Proposed
(SHAP+LIME+HITL)

Figure 3: Model Performance Comparison Across Metrics

Figure 3 displays a radar chart that compares the
performance of different models based on five metrics,
which are Accuracy, Interpretability, User Trust,

Regulatory Compliance, and Bias Detection. The proposed
solution framework, SHAP+LIME+HITL, exhibits a well-
rounded graph where all metrics score high. The black-box
models like XGBoost and Random Forest have scored
high for Accuracy, but poor in other metrics. The
interpretable models exhibit good interpretability but less
accuracy.

Clearly, the radar chart visualization in Figure 3 is an
evident representation of the balanced performance that we
have accomplished through the proposed framework. As
for black-box models, they outshine on the criterion of
accuracy (95.2%), but perform poor in terms of
interpretability (2.1) and trust (2.8). In turn, interpretable
models provide high interpretability ratings (8.7-9.1) and
trust (4.2-4.4) but give up accuracy (87.6-89.3%). Our
approach provides for reaching the levels of accuracy
(94.2%) almost equivalent to those of black-box solutions
but with high interpretability (8.9) and trust (4.7).

High
Feature A * b St anmgive. « (Feature Value)
Feature_B
Feature_C
Feature D
Feature_E
Feature_F
Feature G R ——

Feature_ H o e pere e

Feature_|

Feature_J (Feature Value)

-2 -1 0 1 2
SHAP Value (Impact on Prediction)

Figure 4: SHAP Global Feature Importance Analysis

Figure 4 below illustrates the SHAP global feature
importance in our XGBoost model. The features have been
arranged in order of importance where Feature_A is the
most important feature used in generating predictions. The
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SHAP values for each feature in a bar plot, with features
colored depending on the prediction of each feature. The
summary plot below clearly shows that Feature_A has a
very positive effect on the target while Feature B has a
negative effect on the prediction.

The SHAP global feature importance in Figure 4 below
indicates that Feature A, Feature B, and Feature C are
the most influential features used in prediction with
contributions of 32%, 24%, and 18% respectively. The
next two features are Feature_D and Feature E, while
features F to J are minimally influential. From the
summary plot below, we can see the extent of influence of
each feature and its effect on the prediction with
Feature_A and Feature_B having positive and negative
effects respectively.

Bias Detection and Mitigation

Among the key benefits of our XAl framework is its ability
to identify and mitigate biases in algorithms. Our
framework offers a bias detection rate of 78.4%, which is a
considerable achievement compared to other black-box
approaches. With the help of global explanations provided
by SHAP and local explanations provided by LIME, one
can find instances of discrimination based on features that
are highly likely to affect certain groups or proxy variables
related to sensitive attributes.

Some of the strategies to combat algorithmic biases

include:

o Feature Removal: Removal of biased features

e Fairness Constraints: Application of fairness constraints
during training

o Data Augmentation: Increasing the number of samples
of underrepresented groups

o Model Recalibration: Adjustment of decision thresholds
for achieving more fair results

With the help of the explanation dashboard, one can
continuously monitor and audit the model to maintain
alignment with ethics and regulation.

Discussion of Results

Conclusions derived from experiments reveal that
explainable Al is more than an academic concept - it is a
necessity for any ethical automation system. The
comparative analysis shows that the proposed framework
provides the combination of high prediction quality,
interpretability, and regulatory compliance which is rather
rare to find. Human-in-the-loop element becomes
especially important because it provides means for
regulation.

A drastic increase in the ability to detect biases in
decisions (78.4% vs. 28.6% for black-box model) is
especially important for ethical use of Al technologies. In
case of critical application fields like healthcare, finance,
or social services it is important to detect biases before
they bring serious harm to people. Thus, proposed
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framework provides stakeholders with means of exercising
control and using their judgement.

However, there are several open problems to solve. First,
explanation generation for complicated algorithms may
become rather time-consuming, especially for massive
deployments. We use approximate techniques for SHAP
and LIME generation but it is necessary to optimize this
process in the future. Second, effectiveness of explanations
is highly dependent on stakeholder's background and
formatting of the information. It is important to personalize
explanations for specific stakeholder in the future studies.
Third, there is no agreed standard of measuring
explanation quality at the moment.

V. CONCLUSION

This paper has provided a robust framework for
Explainable Artificial Intelligence for Ethical Automation
in order to solve the problem of making the opacity of Al
systems transparent, accountable, and trustable. With the
help of the three-layer methodology of intrinsic
interpretability, post-hoc explainability technique, and
human-in-the-loop validation, the framework is able to
provide both high predictive accuracy and real
explainability. In our quantitative analysis, the framework
provided 94.2% accuracy, while its interpretability score
and user trust score were 8.9 and 4.7 respectively, which is
much higher than the scores of black-box alternatives
regarding non-performance indicators.

Three important aspects can be pointed out about this
work. Firstly, we proved that there is no contradiction
between explainability and high predictive performance, as
both of them can be provided with proper methodology.
Secondly, we provided the implementation framework for
responsible Al use by including SHAP and LIME
explanations in conjunction with human-in-the-loop
validation. Finally, we highlighted the crucial importance
of explainability in detecting and mitigating algorithmic
bias since transparent algorithms provide stakeholders with
better opportunity for these actions.

Our findings have several implications for practice and
research. From the regulatory perspective, our findings
suggest that the mandate of explainability for high-risk Al
systems, which is a requirement of the EU Al Act, among
others, is feasible. From a practitioner perspective, the
presented framework may serve as a guideline for
developing Al applications that are both performant and
accountable. From the research perspective, we emphasize
the necessity of developing evaluation metrics and
methods for designing explanations that consider the needs
of users.

Directions for further research are related to the
development of individualized explanation formats for
different stakeholder groups, efficient computational
techniques for explanation generation that could be
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implemented on a large scale, and the inclusion of
emotional intelligence in the XAl system. The cross-
fertilization of HIL techniques and explainable Al is
particularly promising when the goal is fair and
trustworthy automation.

In light of the increasing pervasiveness of Al applications
in decision-making processes, the need for explainability
becomes more pronounced. As ethical automation involves
not only prediction accuracy but transparency,
accountability, and alignment with values of humans, the
presented framework provides a way to achieve these goals
and make explainable Al possible and beneficial.
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