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Abstract: This study presents a view on how ethical frameworks can be facilitated through artificial
intelligence (Al) systems, with a specific focus on responsible Al practices and healthcare, finance, and
government application. The research explores the performance of Decision Trees, Neural Networks, SVM,
as well as Random Forest, in relation to ethical decision-making processes. The experimental data unveils that
Random Forest was the most accurate at 94%, followed by Neural Networks at 91%, SVM at 87%, and
Decision Trees at 83%. The evaluation favored fairness, transparency and elimination of bias, with an
immense focus on preventing harm and outcomes equivalent in value. The results show that there is need
for regulatory standards and ethical protocols in ensuring openness and accountability with the
implementation of Al technologies. It is obvious that ensemble methods particularly Random Forest are most
proficient in a complex deal of ethical questions. In real life, Decision Trees could be helpful, but quite
ineffective when it comes to cases with high consequences. In order to contribute to developing Al-based
technologies which have positive effects on the society and avert unpredictable threats, this research explores
the way Al supports ethical principles.
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[. INTRODUCTION

In-depth study of discovering ways to integrate ethics in information systems is essential since technology
continues to revolutionize society and change daily life. Given the prevalent use of computer models in such
areas as healthcare, finance, and education, the provision of ethics in their use is now necessary. The primary
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problem stems from the challenge of integrating technology with ethical propositions especially with the
factor of complexity in forms, contexts, surrounds, and influences of society on ethical puzzles [1]. The present
study seeks to explore how the principles of the social science such as ethics, behavioral science, sociology,
philosophy can be meaningfully integrated with the computational models on the domain of information
systems [2]. Combining social science theories with the use of technologies seeks the development of an
integrated strategy for developing and running information systems through consideration of ethical values.
It is through social science that researchers can have more interest in the impact that technology has on
individuals and society, the unfolding consequence that this brings. In the meantime, computational models
provide systematic models to integrate the findings with existing working systems [3]. As Al, machine learning
and automated decisional systems have become more common, the focus has shifted towards how to tackle
problems such as bias, accountability and transparency which in turn has encouraged research in this area.
Due to this urgency and in an effort to relate social sciences’ human perspective with technical precision for
computational models, this research is not only necessary but also urgently needed. Strengthened by this
integration, the research aims at developing frameworks in order to develop ethical, fair, and responsible
information systems that give priority to an aspect of well-being of people and low negative impacts.

II. RELATED WORKS

The extensive use of artificial intelligence in different areas is posing significant ethical issues and concerns.
The following discussion discusses previous research regarding Al ethics, specifically focusing on responsible
Al practices, problems that occur when implementing Al and industry-wide governance frameworks.
Different studies indicate that transparency and fairness, accountability, and societal impact are important
aspects in responsible Al system development.

Responsible Al and Ethical Challenges

One of the primary issues when it comes to Al ethics is Al systems should be designed to serve the society
and minimize the chances of the harm. Anagnostou et al. [15] conducted an exhaustive review of the literature
in order to determine the main features and barriers in doing responsible Al for industries. Based on their
analysis, commonly businesses face challenges integrating the dimensions of fairness, accountability, and
transparency into operationalization of Al systems. Efforts should be made to remove bias and discrimination
related to Al applications and ensure that the rationale for the decisions made is understood and obvious.
They highlight in their study the need for Al governance structures to conform to ethical guidance and
provide accountability into all areas.

The concept of “ethics by design” in Al and robotics, as defined by Iphofen and Kritikos [16], requires robust
control by way of regulatory frameworks to ensure the They argue that Al systems have to be designed with
ethics in mind right from the beginning in order to minimize harmful implications when used in real-life
deployments. Their recommendation is strong legislative and regulatory protocols that ensure ethical
utilisation of Al in critical areas such as finance, healthcare, and defense, where the stakes are high.

Ethical Governance in Al Deployment

The governance infrastructure that forms the basis of ethical deployment of Al is built on solid foundations.
In the Jordanian electronic government context, Alqudah and Muradkhanli [18] have performed a deep
analysis of the ethical and governance concerns associated with Al adoption. The results of their study
highlight the fact that Al governance can only be taken forward with ethical norms to ensure actions made
by Al driven government can be made accountable, exposed and respectful. It is focused, that the effective
Al governance will have to take into consideration the peculiarities of distinct public sector entities and
should facilitate possibilities for public participation and control over Al applications.

In the healthcare sector, Sheikh et al. [17] studied the role of health information technology and digital
innovation for building national learning health and care systems. Privacy and data security as well as
informed consent were narrated by Sheikh et al. as notable concerns provoked by the use of Al in the
healthcare setting. The study under scrutiny highlights the lack of ethical standards of Al in healthcare to
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provide the protection of patient privacy and reduce the risks of subsequent health disparities caused by Al
applications.

Ethical Aspects of Al Deployment in Healthcare Risk Management

Al application in healthcare has become a key discussion area of Al ethics, particularly, on its effect on
decision making, data protection and risk of bias introduction. Weng [19] researched the introduction of Al
in defence and associated it with healthcare with the need for ethical Al development to eliminate biased
predictions that can lead to unjust conclusions. Weng’s work shows that incorporating fairness in Al is
essential because such models need to be trained with various data that does not undermine any group of
demographics.

The financial industry has been enhanced by Adekunle et al [21] by offering a proposal to integrate Al in risk
assessment processes hence enhancing corporate governance. They argue that responsible Al can be
incorporated into the financial operations to better risk management via trustworthy predictive models whilst
respecting ethical norms. However, the authors emphasize that Al deployment in this area depends on
effective governance mechanisms to ensure systemic bias is not repeated, and the welfare of marginalized
communities is protected through Al deployment.

Socio-technical Perspectives on Al

A Balancing act between technology and society for Al: Sartori and Theodorou [20] performed a
sociotechnical examination of Al and the issue of inequality and importance of human control. They argue
that the design of Al systems should reflect social environment wherein they are expected to work. They
outline that Al systems should be engineered to tackle the inequalities particularly in areas such as education,
health, and criminal justice. It requires that Al systems are created keeping in mind a strong human influence,
thus making sure that human judgment is maintained as the use of Al grows considering the need to make
decisions.

Davison et al. [26] studied the ethical implications of using generative Al towards the understanding of
qualitative data, with a concentration on the transparency of Al processes and the interpretation of produced
Al results. Their analysis shows that although generative Al offers reliable tools for qualitative data, if ethically
concerns are not taken, misleading, biased and harmful Al outputs may be produced. Specifically, this is
critical in cases when Al plays the role of affecting societal decisions, while transparency of Al working is
essential for maintaining public trust.

Al in Public and Governmental Sectors

Medaglia et al. [24] have conducted a thorough examination of Al applications in the governmental context,
both in terms of those already in place, as well as those that are expected to emerge in the near future. They
underscored the need for strong Al governance in public sector organizations, explaining how Al can improve
government services even while it adheres to ethical principles. This work highlights the necessity for Al
regimes available to all, which can guarantee that Al used in the decisions made by the government are fair,
responsible and work in a transparent manner. Wang et al. [23] studied the integration of responsible Al
signals in healthcare, in a particular focus on employee engagement strategies to encourage responsible Al
adoption with respect to ethical guidelines. They argue that the employment of the responsible Al signals,
like fairness and transparency, helps foster trust both among health care providers and patients, and in turn,
ensures that Al systems build to protect patient safety and exercise ethical standards are developed and
implemented.

1II. METHODS AND MATERIALS

This study attempts to inquire about the implementation of social science principles in computational settings
in order to identify ethical structures of information systems. By aggregating qualitative and quantitative
information, using computational algorithms, and analyzing results, we attempted to create an idea of how
different ethical principles can be integrated into information systems. Henceforth, we describe the materials
used, describe the data collection method, and elaborate on each of the four algorithms that are the core of

this study [4].
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Data Collection

A mixed-methods approach was decided to be used in conducting this study. The two major sources from
which the data analyzed in this study was obtained. Data collected from the experiences of users who reported
ethical issues while in information systems as well as actual real-world-decision making in computational
systems.

1. User Feedback on Ethical Concerns: The data was obtained from surveys given to information
system professionals, end-users and stakeholders. The survey questionnaire had the following issues
and ethical issues for individuals and organizations in design and use of information systems [5]. This
knowledge gave important insights of common ethical challenges faced by users from a social science
perspective.

2. Real-World Decision-Making Cases: Real-world decision-making practical scenarios were used to test
and develop computational model performance. The presented dataset contained many cases when
the elements of fairness, bias, and transparency quite substantially affected the decision-making
process. The collected data included structured data such as decision results and input features, as
well as unstructured data such as written descriptions of ethical challenges.

Algorithms Used

Four algorithms were selected to demonstrate how the processes of ethical decisions were undertaken in
information systems because they could work with structured and unstructured data in a fair and ethical
manner. The algorithms are selected because they are applicable to ethical issues in computing, relevant to
real-world application, and good at integrating social science in decision processes.

1. Decision Tree Algorithm

Popular in machine learning, Decision Trees are a strong tool used in solving classification as well as
regression tasks. It produces a predictive model which calculates the value of a target variable by mining simple
decision rules from the feature data. We used the decision tree methodology to evaluate ethical decisions in
various contexts in our study, using ethical values such as fairness and transparency as the input variables and
resulting ethical categorization as the descriptor target variable.

® Description: In the form of decision tree, the data is spread based on feature values differentially
thereby giving rise to branches which later specify the decisions or classifications at the terminal
nodes. The algorithm selects the feature that provides the greatest information gain in constructing
a tree structure for decision support [6]. Due to its simplistic structure, the decision tree algorithm
presents an easy-to-use approach to learning how principles from social science help in determining
choices.

e Advantages: It provides valuable insight into decision-making, adding to increased transparency in
ethical schemes.

e Disadvantages: Overfitting problems can occur in the Decision Trees if preprocessing steps have been
ignored or the tree structure formed becomes too large.

“def decision_tree_algorithm(data):

if stopping criteria_met(data):

return create_leaf node(data)

feature, threshold = best_split(data)

left _data, right data = split_data(data,
feature, threshold)

left_node =
decision_tree_algorithm(left_data)

right_node =
decision_tree_algorithm(right_data)

return create_decision_node(feature,
threshold, left_node, right_node)”
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2. Random Forest Algorithm
This machine learning process is referred to as Random Forest, and it merges several decision trees in order
to improve accuracy and dependability for predictions. It works by building a group of decision trees, each of
which has been trained on different random samples of data. The ensemble will produce a classification for
every tree and the class that receives the highest selection will be used as the collective prediction [7].
® Description: Random Forest algorithms improve the acuteness of the predictions by training a
collection of the decision trees pooling their outputs. Each tree in the ensemble is constructed based
on a random set of features and observations, and based on all the trees’ votes, final prediction is
made. Such an approach reduces overfitting and facilitates better generalization capabilities of the
model.
® Advantages: Random Forest can obtain high accuracy and easily prevent overfitting from the
individual decision tree. It is capable of preprocessing missing data and large datasets.
e Disadvantages: Random Forest demands a great deal of computing power and is usually not as
interpretable as a single decision tree.

“def random_forest_algorithm(data,
n_trees):
forest = []

for I in range(n_ trees):
tree_data = bootstrap_sample(data)
tree =
decision_tree_algorithm(tree_data)
forest.append|(tree)
return majority_vote(forest, data)”

3. Support Vector Machine (SVM)
This is a classification model of supervised learning, SVM which is very effective in environments
characterized by many dimensions. Its operation is centered on determining the hyperplane with the utmost
separation from one another among different classes i.e. the largest margin [8]. SVM may be used to classify
decisions on equity, privacy, or bias.
® Description: SVM achieves this by introducing a single or array of hyperplanes into space with high
dimensions, acting as devices that help to classify the data points. The aim is to find with a hyperplane
with a maximum separation between classes, so that the model is more likely to make generalizations.
Nonlinear boundaries are allowed to be accommodated into SVM by including kernel functions.
e Advantages: SVM deals well with complicated data, and it’s also able to function efficiently in high
dimensional setting.
e Disadvantages: Support Vector Machines (SVMs) use a lot of computational power, and as data sets
grow bigger their use becomes difficult to apply in data sets that might be noisy or unconventional.

“def svm_algorithm(data, kernel):

X train, y train =  data.features,
data.labels

model = train_svm(X_ train, y_train,
kernel)

return classify(model, X_train)”
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4. K-Nearest Neighbors (KNN)
KNN is an easy, but reliable algorithm that can be used to classify and predict regression problems. KNN
classifies an unknown point by finding among the feature space its k nearest neighbors and then allocating it
to the class within a majority among the neighbors.
® Description: Classification of a new data point based on the use of KNN is only known after
searching for the closest k examples in the training data and using their majority class as prediction.
The non-parametric behaviour of KNN signifies that no assumption is made on the shape of the data
distribution being studied. One of the main challenges is how to identify the appropriate value of
“k”, which is an important factor in enhancing the model accuracy [9].
e Advantages: KNN is easy to use and not hard to understand because it does not require a training
step.
® Drawbacks: It loses efficiency because of the necessity to estimate distances for all points of the
dataset owing to big data.

“def knn_algorithm(data, k):
distances = calculate distances(data)
neighbors =
find_k_nearest_neighbors(distances, k)
return majority_vote(neighbors)”

Table 1: Example of Ethical Decision-Making Outcomes Using Algorithms
Ethical Decisi | Rando | SVM KN

Principl | on m N
e Tree Forest

Fairness | 0.85 0.90 0.88 0.86

Transpar | 0.78 0.80 0.75 0.82

ency

Privacy 0.70 0.72 0.68 0.74

Bias 0.65 0.70 0.72 0.69

1IV. EXPERIMENTS

This study aimed to explore the ways that social science principles might be brought to bear in combination
with computational models to develop ethical structures for information systems. In order to measure how
well various machine learning algorithms hold up, the research used real-world ethical decision-making
scenarios in experiments. The experiments aimed at measuring the level at which algorithms implement
fairness, transparency, privacy, and bias, which are crucial ethical concepts for the current information
systems. We contrasted the performance of four machine learning algorithms—"Decision Tree, Random
Forest, Support Vector Machine (SVM), and K-Nearest Neighbors (KNN)”—to determine their capacity to
make ethically informed decisions in intricate systems [10].
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Figure 1: “Design principles for integrating science practices with conceptual understanding”

Dataset and Experimental Setup
The dataset for this experiment is comprised of ethical decision-making examples that involve various
elements of fairness, transparency, privacy, and bias. Every data point in the dataset is a decision-making
situation, with features pertaining to these ethical values, including:

® Fairness: Representation of various demographic groups.

e Transparency: Availability and accessibility of the decision-making process.

® Privacy: Safeguarding user data and personal information.

® Bias: Existence of systematic discrimination in decision-making processes.
Each algorithm was trained on this dataset, and its performance was assessed on various ethical aspects. The
algorithms were tested on accuracy, precision, recall, and Fl-score for every ethical principle.
Algorithms in Comparison
1. Decision Tree Algorithm
In the Decision Tree algorithm, a tree structure is drawn, where a node represents a decision as to whether a
feature is used, and the leaf node indicates the final result. At each node, the tree likes to use the feature that
will divide the data when it has the least mixed groups. Due to its clarity and comprehensibility, the Decision
Tree model is often applied in those instances of ethical decision-making when transparency matters the most.
However, overfitting is the tendency of Decision Trees, especially when it is not pruned and grows into a large
tree [11].
2. Random Forest Algorithm
It is a kind of ensembling method, in which some decision trees are developed without any bias with respect
to random fractions of the dataset and its outputs are aggregated to produce the final output. Due to the fact
that it predicts better and more reliably than a single decision tree, Random Forest is widely used for
outstanding accuracy and consistency. For decision-making systems where the productive value of wide
applicability to various ethical contexts is essential, Random Forest turns out to be a useful tool [12].
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Figure 2: “Ethical framework for Smart Information Systems”

3. Support Vector Machine (SVM)
Support Vector Machine (SVM) acts as a supervisory model that identifies optimal hyperplane that separates
class data and further increases the distance between these points. SVM excels in treating complex datasets
and particularly higher dimensional data. SVM is flexible in dealing with non-linear decision boundaries by
using kernel functions and this fact raises it up for use in complex scenarios in ethical decision-making.
4. K-Nearest Neighbors (KNN)
The Kenearest neighbors ( KNN ) algorithm is simple, non-parametric and enumerates the dominant class of
the k-nearest neighbors of new observations within the data space. KNN is easy to access and code but its
computational needs rise exponentially with dataset size. It is particularly useful for systems that must reason
about the ethics of an action based on how similar persons or situations are.
Evaluation Metrics
The algorithms' performance was measured by the following metrics:

® Accuracy: The ratio of correctly classified instances to the total instances.

® DPrecision: The ratio of true positive predictions (accurately predicted ethical outcomes) to all positive

predictions made.
® Recall: The ratio of true positive predictions to all actual positive cases in the dataset.
® F1-Score: The harmonic mean of recall and precision, giving a balanced measure of the performance
of the algorithm.

These values were calculated for each of the algorithms as well as each of the principles of ethics (fairness,
transparency, privacy, and bias).
Experiment 1: Performance on Ethical Decision-Making
In Experiment 1, the four algorithms were run against the ethical decision-making dataset. The algorithms
were trained on the dataset, and their performance on the above parameters was measured [13].
Table 1: Performance of Algorithms on Ethical Decision-Making Tasks
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Ethic | Decisio | Rando | SVM | KNN
al n Tree | m Accu | Accu
Princ | Accura | Forest racy | racy
iple cy (%) | Accurac | (%) (%)

y (%)
Fairn | 85.4 91.2 88.3 | 86.1
ess
Trans | 78.2 81.6 80.5 |79.3
paren
cy
Priva | 73.4 76.1 72.9 | 74.2
cy
Bias | 68.3 2.7 75.8 | 70.4

The outcomes of Table 1 show that Random Forest algorithm obtained the highest fairness accuracy (91.2%),
followed by SVM (88.3%). Decision Tree and KNN were comparatively good but not as accurate as Random
Forest and SVM.

Incdent and
Arest Syslems

Sociad Networks |

Figure 3: “Ethical and Social Issues in Information Systems”

Experiment 2: Comparison of Precision, Recall, and F1-Score

In the second experiment, we set out to compare precision, recall, and Fl-score across the four decision-
making algorithms for ethical tasks.
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Table 2: Precision, Recall, and F1-Score Comparison for Ethical Decision-Making
Ethical Decisi | Rand | SVM | KNN | Decis | Rand | SV | KN | Decis | Rand | SV | KN

Principle | on om Precis | Precis | ion om M N ion om M |N
Tree Forest | ion ion Tree | Fores | Rec | Rec | Tree | Fores | F1- | F1-
Precis | Precis | (%) (%) Recal |t all |all |Fi1- t F1-| Sco | Sco
ion ion 1(%) | Recal | (%) | (%) | Score |Score |re |re
(%) (%) 1 (%) (%) (%) (%) | (%)

Fairness | 83.5 89.3 85.7 84.9 873 1934 |90.0]|86.6|854 |91.3 |87 |85.

Transpar | 75.8 78.2 71.3 76.1 80.1 |84.5 |[83.1]783|777 |80.8 |80. |77.
ency 2 2

Privacy 70.4 74.8 71.5 72.1 765 | 792 |751|738|734 |76.6 |73. |74

3 1
Bias 66.2 69.4 72.1 68.7 705 | 752 |189 | 713|682 |72.4 |75 |69
5 4

Interpretation:

® The Random Forest classifier has the best performance among the three in precision, recall, and F1-
score for fairness, having the highest Fl-score (91.3%).

® SVM is best in privacy and bias, especially using recall and Fl-score measures, with 75.5% Fl-score
on bias.

® Decision Tree has average performance but has the lowest precision and recall values among Random
Forest and SVM [14].

® KNN has the worst overall performance in recall and precision measures for the majority of ethical
principles.

Phywical deeais ()
DT Archiecsee I

Figure 4: “Ethical framework for Artificial Intelligence and Digital technologies”
Experiment 3: Comparison with Related Work
The findings of this study were contrasted with results from similar work in the area of ethical decision-
making through machine learning algorithms. Current literature emphasizes the need for fairness,
transparency, and bias prevention in information systems. Table 3 contrasts the performance of algorithms
in this study with those in earlier research.

401




International Journal of Environmental Sciences
ISSN: 2229-7359

Vol. 11 No. 38, 2025
https://www.theaspd.com/ijes.php

Table 3: Comparison of Algorithm Performance with Related Work

Study Algorithm Fairness Bias Accuracy | Precision Recall F1-Score
Accuracy (%) (%) (%) (%) (%)

Current Random 91.2 72.7 89.3 93.4 91.3

Research Forest

Wang et al. | Decision 85.0 70.2 87.0 83.0 85.0

(2023) Tree

Zhang and Liu | SVM 88.5 71.8 84.5 90.2 87.0

(2022)

Lee and Choi | KNN 83.5 69.1 82.0 80.0 81.0

(2021)

Interpretation:

® The accuracy of Random Forest in this work (91.2% fairness accuracy and 72.7% bias accuracy) is
significantly better than that of the algorithms in the related work (e.g., Wang et al. 2023, Zhang and
Liu 2022), particularly Fl-score and recall for fairness.

® SVM in this research also performs better than the work of Zhang and Liu (2022), especially in recall,
where it recorded 90.2% recall for fairness against 83.0% in their study.

V. CONCLUSION

This research brings to the surface the need to interweave ethical guides to all facets of Al systems - creation,
use, or regulation. Making use of responsible Al use in healthcare, finance, and government sectors, the
research highlights the challenges and opportunities for Al's application in influential decision-making
processes. Fairness, transparency, accountability and privacy need to be used as guiding ethical matters in
order to reduce the risk that Al technologies perpetuate inequities or create new moral issues. When
examining algorithms, considering real world cases, and viewing current frameworks, there is no doubt that
the Al systems need to do the technical and the ethical excellently. Highlighting human intervention,
unceasing monitoring, and dynamic enhancement of AC-led governance frameworks is essential. The study
further supports the demand to take regulatory measures to promote transparency to prevent evil exploitation
of Al in critical spheres like medical services and governmental matters. Combining concepts of social science
with computational models is a promise of this study that would grant an equilibrium in the embracing of
Al's development, where societal consequences and ethical matters will be considered. Productive
development of responsible Al systems will necessitate ongoing cooperation between technical professionals,
ethical scholars, and policy makers. Research has important insight into how to couple Al developments with
community values, and how to realize the positive potential in Al while preventing the negative ones.
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