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Abstract— The rapid changes in the fields of artificial intelligence (AI)
and big data analytics have transformed an algorithmic decision-
making system (ADMS) with considerable uses in the government
sector and the medical field. Nevertheless, there is growing interest in
the literature on ADMS that is still scattered across disciplines and
offers conflicting findings regarding its effectiveness. The socio-
technical relationship of ADMS, the ethical issues, and organizational
impact are complex, yet they are not comprehensively studied, even
though the use of ADMS grows. The study will provide a thorough
review of the literature that will bring together interdisciplinary
viewpoints on the creation, adoption, and impacts of ADMS in these
essential sectors. The paper integrates both empirical and theoretical
sources to explain such key considerations that affect algorithmic
judgments, including accuracy, fairness, transparency, human
oversight, and governance systems, based on a comprehensive
search and rigorous selection process. The findings provide
inconsistency in efficiency gains, transfer of power, and
dehumanization-anthropomorphism dialectic in the
organizational setting, which presents significant contradictions
between technological efficacy and socio-ethical issues. The
paper focuses on the need to have balanced approaches to
ensure that human agency is safeguarded as algorithmic
abilities are used, extending theoretical concepts of fairness
beyond measures of accuracy to consider equity and legitimacy.
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This synthesis is informative of future research activities
focused on conducting empirical validation, assessing harm,
adaptive governance, and inclusive design. Ultimately, the
work contributes to the understanding of the interdisciplinary
character of ADMS and gives essential guidance towards
moral, accountable, and just algorithmic decision-making in
high-stakes areas.

Keywords: Automation Decision-making, Algorithmic decision
making, healthcare, public administration, Algorithm aversion

L INTRODUCTION:

Individuals and organizations can now turn to algorithmic
decisions due to the continued sophistication of digital
technology, the booming growth of big data analytics, and the
continued development of artificial intelligence (Al)
technologies such as machine learning (ML) and natural
language processing. Nowadays, algorithms are becoming
applicable to decision-making in various scenarios, both
objective and associated with subjective decision-making [1].

Algorithms have an effect on our daily lives. It can be what
music to listen to [2], where to eat supper [3], or what we
believe we like to do, as evidenced by our browsing history [4].
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Algorithms are widely applied to derive information out of so-
called big data and advance decision-making in various
segments, such as financial markets [5], traffic management [6],
and surveillance [7]. In recent times, natural language
generation (NLG) systems, including the Generative Pre-
trained Transformer 3 model (also known as GPT-3), have
created a new field of human-algorithm communication [8].

[9] describe ADMS as information systems that collect,
process, and analyze data based on algorithms to enhance (data-
driven) decisions. ADMS is the general concept, and it
incorporates the existing computing technologies that inform,
augment, and automate human decision-making and acting so
as to create value. There is a need to deliver the fundamental
elements of ADMS to the different regions. Decision-making
data and algorithms are interdisciplinary concepts due to their
presentation of opportunities and challenges across a broad
field of high-impact areas of application, such as business,
science, technology, ethics, politics, economics, and society
[10].

ADMS is by nature such a complicated and transdisciplinary
phenomenon that it is difficult to imagine the concept [11].
However, this conceptual ambiguity was regularly solved by
recent studies, which pointed out Al and BDA as the two
primary components of ADMS. There are a number of
technologies and applications that have been associated with
ADMS in the past. Al means those devices that are self-reliant
and self-enhancing [12]. It includes many automation
technologies, robotics, machine learning, natural language
processing, and rule-based expert systems [13]. BDA is
characterized by a wide range of processing and analytics
techniques, such as descriptive, predictive/prescriptive
analytics [14], [11]. It is associated with massive data, which is
not necessarily a requirement of Al [15]. Stated differently,
ADMS is an emerging concept that explains the application of
advanced methods of computer technology in making decisions
at a given time. Actually, BDA has been called the new frontier
of data science [16], and the volume and complexity of data
must continue to increase to deliver data management, storage,
analysis, and visualization [17]. Similarly, Al is the culmination
of the long tradition of building machine capabilities at least
comparable to those of human beings [18] and the border point
of computational innovations that refer to human capabilities
[12].

Altogether, ADMS is a very generalized concept that uses
the most recent advances in computers (Al and BDA) to the
decision-making problems. This stance aligns with the
definition of ADMS without reducing its complexity and
dynamism into a concise statement, the apparent multiplicity of
views regarding ADMS, and the sheer number of ideas
spawned under Al and BDA. Although there seem to be some
differences in views, the fact that both Al and BDA are
considered as two aspects of ADMS developments suggests

DOI: 10.5281/zenodo.19541953

that the two are eventually linked to informing, improving, and
automating the process of decisions and activities. [19] and [20]
state that BDA helps in the process of cyclical development,
collection, and transformation of big and complex data to
information and knowledge to make informed decisions
through predictions and/or causal conclusions. On the same
note, at varying degrees of automation, the point of Al is
essentially about decision-making [12], [21]. The ability to
combine extensive volumes of complex data and arrive at
decisions independently allows distinguishing between new
computer-based approaches to decision-making and old
systems [17], [22].

Although different, Al and BDA are connected concepts of
computers [23]. This fact is an adequate reason to unite Al and
BDA within the umbrella of ADMS, as researchers are
becoming more aware of how their expertise can be integrated
[11], [24]. As a matter of fact, both concepts are also
inseparable as BDA employs Al-related technologies, such as
machine learning, to process the constantly increasing amount
of complex data and make decisions. Finally, an ADMS has
both Al and BDA [25].

Most studies only take into account potential benefits, which
is not enough to make informed decisions about
implementation [26]. The manner in which these numerous
levels relate and impact one another is missing because ADM
studies may focus on one of the levels. This responds to the
need to consider ADM as a moving phenomenon that sees a
larger picture and moves beyond the point of decision-making
[27].

On the other hand, research studies that focus on damages
commonly do not provide homogeneous operationalization in
the measurements of harm; hence, it cannot be claimed to make
the necessary assertions regarding non-maleficence. Based on
previous technological research, benefits as well as harm
evaluation of implementation possibilities should comply with
accepted standards [28].

To achieve this, the rationale of the current research is to
provide an overview of the literature, which specifically covers
the topic of ADM within the framework of public
administration and healthcare.

II. LITERATURE REVIEW:

LGORITHMS AND ADM

Gillespie [29] defines an algorithm as a system of coded
instructions to convert input data into a desired result, according
to some specified calculations. This paper assumes that an
algorithm is an automated procedure that passes judgment
without the support of a human being, and it is the same
assumption made by Araujo et al. [30]. Data, statistics, and/or
computational power are used by algorithms to make
judgments. Algorithms have to rely on statistical methods, such
as regression analysis, primarily when making a judgment [30].
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However, in recent years, algorithms have been improved with
Al, which can be described as a system capable of identifying,
interpreting, drawing conclusions, and learning based on the
available data to subsequently meet the goals established by the
organization and society [31]. It is due to this development that
algorithms can learn throughout their lifetime by using data to
detect patterns and enhance decision-making.

Algorithms and digital technologies may fully duplicate and
substitute human judgment or serve as an aid in decision-
making. As Araujo et al. [30] indicated, there are various
procedures associated with ADM in a broad range of
circumstances, such as the tools used by human decision-
makers, to entirely automated decision-making systems. The
four major stages of the routine decision-making process would
be similar to ADM processes. Automation technology can be
used in one or more of these phases. The four stages include the
following: Information acquisition, followed by information
analysis. Then decision selection, which is done by assessing
the decisions and ranking them according to the information at
hand, to decide on the best course of action. Finally, the
decision implementation was a process, but it consisted of
communicating the decision and implementing it into the
practice [32], [33].

ALGORITHMIC DECISION-MAKING IN HEALTHCARE

Increasingly, individuals believe that machine learning is one
of the technologies that could revolutionize the field of
medicine. Recent studies with so-called expert-level accuracy
of machine learning algorithms, including diagnosing eye
diseases using fundus images [34], and different types of skin
cancer using the images of skin lesions [35], have recently
ignited a frenzy of attention to machine learning about medical
decision-making [35], [36]. Healthcare applications of the
algorithms are used in treatment, imaging, diagnostics, and
surgery [37]. Robo-advisors make investment decisions [38].

Moreover, Walsh et al. [39] found that machine learning
models could outperform the accuracy in predicting the
probability of a suicide attempt based on a large data set of
clinical electronic health data. Conversely, doctors have, over
the decades, failed to foresee suicide attempts. Thus, by
assessing the health risks of the individual patients on the basis
of the complex diagnostic data sets, machine learning
algorithms will enhance the diagnostic and forecasting
capabilities of the physicians. Besides, a current shift in
medicine toward prevention over curing can be exacerbated by
the ability of machine learning algorithms to predict [40].

Many of the things that doctors do daily involve making
good decisions. Within a limited duration, they need to
diagnose diseases correctly with limited information and decide
in the most favorable way for the patient. These activities are
well-trained activities of clinicians. During their careers, some
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of them have diagnosed and treated five hundred patients after
spending years of training. Medical diagnosis is a complex
method of diagnosis, which is the gold standard [40].

The dermatologists in the study conducted by Esteva et al.
[35] were forced to make their decisions according to a slide of
clinical photographs within a relatively limited period of time.
The experiment compared the use of machine learning
algorithms with that of dermatologists to classify skin cancer.
In the context of a more realistic scenario, it might be fair to
assume that the dermatologist would consider other sources of
information and that her diagnosis would not be done in one
case. The findings indicated that Deep Convolutional Neural
Networks could distinguish between skin cancer with the same
degree of accuracy as dermatologists, being better in both tasks
than all the assessed professionals. Deep neural networks in
mobile devices can help expand the out-of-clinic scope of
dermatologists [35].

However, inaccuracy in diagnoses remains a rather common
phenomenon in the medical profession. A National Academy of
Sciences estimate indicates that roughly 5 percent of persons
who consult medical assistance in the US commit diagnostic
errors. Also, it is estimated that 1 out of every 10 people dies
because of the relevant diagnostic errors. Diagnostic errors
happen for several reasons. The case of medical diagnosis, e.g.,
cannot help but involve different levels of ambiguity. Because
a doctor has to be able to test multiple possibilities to arrive at
a medical diagnosis, full certainty is not possible. Moreover,
some medical practices and procedures for collecting
information pose risks to the health of the patient, which should
be considered. Also, one of the frequent issues for physicians is
time restrictions. It might lack time to adequately assess all data
involved because some of the illnesses require immediate
treatment [40].

Given such epistemic and structural constraints, it is easy to
see how machine learning algorithms can enhance therapists'
decision-making capabilities. At least theoretically, the
algorithm can be less susceptible to cognitive bias than its
human counterpart, and it can be able to process complex
quantities of data faster when arriving at a diagnosis.
Consequently, the algorithm could provide the physician with
an additional information source, which will allow her to make
an informed decision. Doctors, however, face challenges when
trying to draw out information from what a machine learning
system provides.

The basic problem in the case can be described as follows:
both the machine learning algorithm and the doctor can be
considered experts, somehow. They have, however, been
trained differently and have significantly different modes of
thinking. This would pose a challenge to the physician when we
consider the cases of disagreement between peers [41]— [43].
Peer-disagreement, in this situation, can be defined as cases
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when two (equally) competent peers disagree over a given
proposition on a given domain-related activity [40].

ALGORITHMIC DECISION MAKING IN PUBLIC
ADMINISTRATION

Public servants have numerous decisions to make on the
various subject areas of public services daily, which ultimately
affect the living standards of the residents, companies, and
individuals. The examples of such decisions are taxation,
various benefits, and licenses. These decisions require
enormous administrative systems, and they are founded on
legislation and administrative regulations. Decision-making in
this context is challenging because of formalized roles (who
makes the decisions and sets criteria), decision-making
procedures (how decisions are made), consultation, and
information structures (who must be consulted and informed),
specification of data and information sources, formalized
decision-making criteria, etc. [44]. These complex systems of
governance consume a lot of time and resources in decision-
making. The digital technologies enable faster exchange of
information and processing, which supports decision-making in
the public administration. Paradoxically, decision-making is,
again, difficult due to digitization [45]. Along with the problem
of governance, the increased use of digital technology creates
demands on the part of the public institutions actively using it
to fulfill the needs of the citizens [46]. The need to make more
judgments faster is one of them.

The public sector ADM is often applied in individual
administrative decisions or decisions by public bodies in
exercising their authority in a given sphere. This type of
administrative decision-making process determines the rights
or obligations of people [47]. A broad diversity of ways can be
used to automate these judgments fully or partially. Such
technologies are self-learning Al-based ADM, data-based
models, basic rule-based systems, and expert systems that
mimic experts with domain competence [48], [49]. Moreover,
the degree of automation is different, with complete
automation, when digital technologies handle an entire process
(ADM), and minimum automation, when digital technologies
support such actions as data visualization or analysis [50].

Semi-automated or highly automated decision-making is
also known as enhanced decision-making, and it presupposes
the interaction between the human being and the machine [51].
Even complete automation of decision-making has been
associated with calls for human supervision. They have also
been referred to as hybrid methods of ADM or having a human-
in-the-loop [52]. The human-machine interaction is of various
forms, and the combination of decision type, level of
automation, and rule-based or data-driven strategy determines
the ADM process [53].

ADM is not a new phenomenon in the area of public
administration. As an example, for decades the Scandinavian
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nations have been using ADM to compute tax and pay out
parental benefits, which are distributed on a monthly basis to all
parents and used in both Sweden and Norway [54]. However,
the new ADM options can at least be different in three ways.
To start with, self-education on the emerging technologies, such
as machine learning, can now be employed to achieve ADM.
Second, rather than just facilitating the automation of certain
rule-based judgment, with the new types of data analytics and
machine learning, ADM may now be utilized at numerous
levels and types of decision-making. Third, new types of ADM
can impact the workforce, clients, enterprises, and society in
general, besides the organization utilizing it because of the
abovementioned features [55].

Thus, the utilization of ADM in the administration of the
masses can have the necessary efficiency benefits in the public
administration with reduced lead times and the necessity to
make decisions on massive choices. Nevertheless, it has also
been raised that ADM may hurt the relationship between
citizens and public organizations unless it is created and put into
practice appropriately [56]. As Kuziemski and Misuraca [57]
address, it can turn out to be a highly difficult task to regulate
algorithms and safeguard citizens against the possible harms of
algorithms. As a matter of fact, the need to make internal
operations more efficient may clash with the necessity to ensure
that citizens are not subjected to possible algorithmic damages.

The issues are raised based on the real-life examples when
ADM is employed in public organizations, facilitating the
administration, and can lead to unfair, discriminatory, and
obscure decision-making processes. It is possible to say that
even a single bad decision might be detrimental to the
individual and must be avoided. Massive poor decision-making
is harmful not only to the people affected, but it is a headache
to the administration. A good example that has been well
documented is the SyRI system, which is used in the
Netherlands to identify potential fraud in the social welfare
system. After the discussion, the District Court of the Hague
concluded that the system itself, as well as the laws, which it
was based, conflicted with the European Convention on Human
Rights [58].

The credibility of public institutions is based on fair and
equitable treatment, openness, and reliability of decisions.
Unless ADM is designed in a way that supports major societal
ideals, it risks losing this credibility in government. Another
important value is accountability, and with the transition of
decision-making processes between the street and system level,
there have been concerns regarding how accountability can be
ensured due to the fact that it may disturb the concept of human
discretion in the decision-making process within the public
sector [52]. Because these individuals can rarely be defined
based on the established choice criteria that are mandatory to
design ADM [59], large-scale decision automation can also be
very influential on disadvantaged populations [60].



O

FamilEereN)]

Academy journal for Basic and Applied Sciences (AJBAS)

Volume 8, issue 1, 2026..

11 METHODOLOGY:

The ADM literature is increasingly becoming more diverse
and comprehensive as a rapidly developing discipline. The
number of studies that report on success and failure cases is
constantly growing, as is the number of disciplines addressing
the subject, such as computer science, public administration,
information systems, communication studies, etc. In order to
gain an insight into the scope of research on the issue and allow
the development of the theory, we resort to the approach of
literature review. To be more precise, we decided to use a
systematic literature review. In general, the research process
consists of two parts, i.e., a literature search and selection as a
form of data collection, and a qualitative content analysis of the
included articles as a form of data analysis.

RESEARCH DESIGN

The systematic literature review design was used in this
study to synthesize the existing knowledge and findings of
ADMS use in both engineering and health care spheres of work.
The systematic review model was chosen to offer a well-
organized, transparent, and reproducible methodology of
identifying, choosing, and critically appraising the existing
scholarly literature that explores the technological, ethical, and
organizational  aspects of ADMS. Focusing on
multidisciplinary views, the design helped to capture the
progress in Al and big data analytics as a fundamental part of
ADMS, and its effects on the quality of decisions, their
efficiency, and accountability.

DATA SOURCES AND SEARCH STRATEGY

A wide search was undertaken in various academic databases
as Scopus, PubMed, Scholar, Web of Sciences, and IEEE
Xplore, because the articles, conference proceedings, and
authoritative reports on the use of ADMS in healthcare and in
public sectors were chosen. After all, it is an influential source
of research concerning human-computer interactions. The
keywords were used in combination with algorithmic decision-
making, Al, machine learning, big data analytics, healthcare
decision support, and public administration automation. When
we searched these databases, we got a sufficient number of
duplicate studies in the databases, and this implies that the
number of databases was sufficient.

DATA COLLECTION AND SELECTION

The retrieved records were screened in multiple stages in
accordance with established systematic review protocols. First,
abstracts and titles were examined for their applicability to
ADMS in public administration and healthcare. We performed
a search syntax in the chosen databases at this point. Only
journal studies, study titles, abstracts, and keywords were

DOI: 10.5281/zenodo.19541953

included in the search. Our search was restricted to English-
language publications. There was no time limit. For a more
thorough search result, we employed both Boolean operators
(AND, OR) and approximate phrases (wildcards, braces,
quotation marks) [61]. Studies that offered empirical support,
theoretical frameworks,
algorithmic decision-making processes,
interaction, and governance implications were extracted
through subsequent full-text evaluations.
decision-making," "artificial "algorithmic
decision making," "healthcare," "public administration,” and
terms about results were among the keywords we used in our
search strategy. Protocols for data extraction recorded study
goals, approaches, settings, technical focus points, and
important conclusions about the limitations and effects of
ADM.

or critical analyses relating to
human-algorithm

"Automation
intelligence,"

"non

That first collection of articles was filtered using three
criteria: peer review, discipline, and language. These fields
were thought to contain pertinent research on administrative
choices and decision-making procedures, whether from a
theoretical or practical standpoint. Only English-language
studies were chosen by the second filter. The third and final
criterion required that the studies be subjected to peer review in
order to guarantee their quality. Included were journal and
conference articles. This produced a subset of 75 articles, the
relevance of which was assessed by reading their abstracts.

The selection of pertinent papers was the third phase in the
data collection process. After eliminating duplicates from the
various databases, the authors established the inclusion and
exclusion criteria after reviewing the abstracts. Following this
selection round, 27 articles were included as a result of the
authors' application of these criteria. After reading the full texts
of these articles, seven more—including foundational papers on
the subject—were added using a backward search. 34 articles
that came from a wide range of search methods make up the
final dataset.

Then a final step was added, which was to eliminate research
that didn't contain the following requirements - at most, one
requirement was missing - (the sector in which we use decision-
making tools, the type of task, the type of model, the type of
data, the accuracy and fairness measures, the governance
mechanisms, the important results), and thus the number of
research was reduced to only 10 research.

DATA ANALYSIS
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The qualitative synthesis method enabled the study to group
its results into a set of several significant thematic areas based
on the literature: algorithmic fairness and accuracy, human
oversight and agency, organizational learning and efficiency,
ethical considerations, and issues of transparency. Moreover,
the analysis was put into perspective with multidisciplinary
approaches that emphasized the interplay between the Al and
BDA aspects of ADMS. In order to evaluate the technological
interventions and their effects in a systematic manner, the
decision-making process was envisioned in four steps, namely
information acquisition, analysis, decision selection and
implementation.

LIMITATIONS OF THE METHODOLOGY

Despite the systematic literature review giving a detailed and
broad knowledge of ADMS, there is the possibility of
introducing publication bias due to the fact that the review is
founded on the accessibility and availability of published
studies. The differences between public administration and
healthcare in terms of study designs, application of ADM
technologies, as well as contextual applications appear to be a
barrier to direct comparability and generalizability of the
results. The cross-disciplinary character of the review also
requires that different conceptual frameworks and
terminologies should be interpreted with care.

INCLUSION AND EXCLUSION CRITERIA
INCLUSION CRITERIA

Studies that satisfied the following requirements were
included in the review:

e Peer-reviewed, academic journals, conference
proceedings, and reputable reports in the English language.

e Articles ADMS and its
applications in the field of public administration and health

that explicitly cover

carc.

¢ Finding: The studies examined the use of Al and big
data analytics as two components of ADMS for improving
or automating the process of decision-making.

e Empirical  research  providing evidence of
implementation, design, or socio-technical impacts of
ADMS, including governance, ethics, and legal issues.

Studies that look at the role played by ADMS in the
information collection, analysis, decision-making, and
implementation stage of the decision-making process.
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Articles that covered the opportunities and challenges of
algorithmic decision-making, especially in accountability,
accuracy, fairness, transparency, and human oversight.

EXCLUSION CRITERIA

Studies were excluded if they:

. Not in print, non-peer-reviewed, or grey literature that
had not been critically evaluated by a scholar.

. They were not related to the area of public
administration or healthcare, and did not focus on algorithmic
decision-making as a main focus area.

. They were theoretical in essence and were not
properly supported by empirical or analytical evidence of the
effects of ADMS or its application.

. May may not be very accessible and cross-verified due
to publication in non-English languages.

. One of the predefined requirements was missing.

. Mostly discussed conventional decision-making
approaches that do not use big data analytics or artificial
intelligence.

. Neglected key factors of the effects of algorithmic
decision-making because it did not focus on the socio-technical
complexity or the ethical consequences of ADMS.

1V.  RESULTS:

This section presents a structured summary of the studies
included in the review, focusing on the characteristics of
Algorithmic Decision-Making Systems (ADMS) applications

in the healthcare and public administration sectors.
TABLE 1 SUMMARY OF ALGORITHMIC DECISION-MAKING

STUDIES IN HEALTHCARE
Author | Task | Model | Data | Accurac | Fairne | Govern Key
Type | Type | Type y/ ss ance Results
Perform | Metric | Mecha
ance s nisms
Metrics
Cress | Clinic | Knowl | Clinic | Improve | Not | Physici | Supporti
well et al edge- | al and d specifi | an-in- | verole
al., decisi | based | patien | practitio ed the- rather
2013 on CDS | tdata ner loop than
suppo support outcome
rt transfor
mation
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Esteva | Disea | Deep | Medi | Dermato | Not Limite | Algorith Rach | Fraud | Mach | Socioec | Operati | Discrim | Judicial | System
etal., se learnin | cal logist- | explici d ms ovitsa | detectio | ine | onomic onal inatory | review | ruled
2017 | diagn g— image level tly clinical | matched & n learni data effectiv | outcom incomp

osis CNN s— | accuracy | assesse | oversig or Johan ng eness es atible
skin d ht exceede n, mode identifie with
lesion d expert 2022 Is d human
s perform rights
ance
Schol | Welfare | Rule- | Admini | High | Fairness | Legal- | Efficie
Gulsha | Disea | Deep | Retin High Not | Clinica | Effectiv ta & | allocati | based | strative | process | concern | admini ncy
net se learnin al diagnosti | reporte 1 e Lindg on AD | records ing sraised | strative | gains
al., detect g fundu [¢ d validati | automat ren, M efficien framew | with
2016 ion | models s accuracy on ed 2023 syste cy orks legitim
image context | detectio ms acy
s nof risks
diabetic
retinopat Rizk | Policy | Predi | Large- | Improv | Not | Instituti | Decisio
hy & plannin | ctive scale ed systema | onal n
Lindg g analy | public | forecas | tically | govern | support

Walsh | Suici | Machi | Electr | Outperfo | Not | Institut | Improve ren, tics | datasets ting assesse ance | without
etal., de ne onic rmed | consist | ional d 2025 quality d assured
2018 risk | learnin | health | clinician | ently | deploy | predictio account

predic g recor | predictio | evaluat | ment n ability
tion | models ds n ed without
improvi TABLE 3. ACCURACY, FAIRNESS, AND GOVERNANCE DIMENSIONS
ng ACROSS STUDIES
clinician
decision Dimension Result
s
Accuracy Algorithms demonstrated high accuracy in technical and

McDo | Treat AI- | Patien Not Ethical | Limite | Potential repetitive tasks.
ugall, | ment |support | tand | quantifie | fairnes d erosion
2019 | decisi ed treat d s ethical of . .

.. . Fairness Lack of consensus on fairness measures and performance
on decisio | ment concer | govern | patient L.
variations among groups.
suppo n data ns ance | autonom
rt system y
s Acceptance Low acceptance in high-risk contexts.
TABLE 2. SUMMARY OF ALGORITHMIC DECISION-MAKING Governance Regulatory frameworks lagging behind technological
STUDIES IN PUBLIC ADMINISTRATION development.
Auth Task Mod Data Accura | Fairness | Govern | Key Human Widespread reliance on human-in-the-loop models.
or Type el Type cy/ Metrics | ance | Results Oversight
Type Perfor Mecha
li/lnatn'ce nisms Accountability | Difficulties in assigning responsibility when errors occur.
etrics
TABLE 4. OPPORTUNITIES AND CHALLENGES OF ALGORITHMIC

Wirtz | Smart | Anal | Infrastr | Operati Not Public— | Perfor DECISION-MAKING IN HEALTHCARE

etal., city ytical | ucture onal | reported | private | mance
2019 | manage and. and efficien paaner gains Opportunities Results

ment | predi | sensor cy ships | accomp
ctive data improv anied
mode ements by Diagnosis and Al systems have demonstrated high effectiveness
Is transpa Prediction in medical classification and prediction.
rency
risks Clinical Decision Knowledge-based clinical support systems have
Support improved practitioner performance.
Peete | Admini | Hybr | Govern | Reduce Not Human | Central
1s, | strative | id ment d explicitl | supervi | ization Medical Imaging Proven success in diagnosing cancer and
2020 | decisio | AD | databas | admini y sion of retinopathy.
ns M es strative | measure decisio
syste worklo d neo Personalization Delivering personalized, data-driven healthcare.
ms ad authorit
y
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Population
Management

Supporting public health decisions and risk
prediction.

Legal Complexity Difficulty in translating complex legal rules into

computational logic.

Patient Empowerment

Providing personalized information that supports
participation in decision-making.

Technical
Compatibility

Challenges in integrating ADM with legacy
government systems.

Challenges

Results

Human Performance

The use of Al didn't necessarily lead to improved
physician decisions.

Algorithmic Bias

Unbalanced data led to performance disparities
between groups.

Transparency Black-box models limited trust and clinical
acceptance.
Autonomy A potential threat to patient autonomy due to
algorithmic guidance.
Training Insufficient user training reduced system
effectiveness.
Regulation Regulatory frameworks lagged behind the rapid

pace of technological development.

TABLE 5. OPPORTUNITIES AND CHALLENGES OF ALGORITHMIC

DECISION-MAKING IN PUBLIC ADMINISTRATION

Opportunities

Results

Service Efficiency

Improving the quality and speed of government
service delivery.

Resource Supporting proactive planning using predictive
Management analytics.
Transparency Enhancing openness and accountability through
explainable intelligence.
Community Enabling citizen participation through data
Engagement analytics.

Policy Support

Improving the quality of policy decisions through
simulation and scenario analysis.

Challenges

Results

Power Imbalance

Concentration of knowledge and technical
capabilities among a limited number of actors.

Cybersecurity

Increased risk of algorithmic attacks and breaches.

Transparency

Difficulty in achieving true transparency due to
trade secrets.
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V. DISCUSSION:

COMPARATIVE EFFECTS (HUMAN DECISION-
MAKING VS. ALGORITHMIC DECISION-MAKING).

It has been reported that algorithmic decision-making can be
better than human decision-making in a variety of tasks [62],
[63]. Although this information dates back several decades, it
has recently gained much publicity thanks to the miraculous
performances of the best representatives of humanity in brain
games [64]. Nevertheless, there are several reasons why people
still make some crucial choices; one of these is to preserve
human agency and responsibility, which are relevant even in
those cases when science has warned us about human
weaknesses.

The necessity of human decision-making, as well as the
precision and efficiency of algorithms, has led to the appeal to
the use of hybrid systems that blend the two. The most popular
system operates by providing algorithmic recommendations
that decision-makers of humans follow. Many aspects of our
daily existence, including healthcare, jobs, credit services,
investment decisions, and online shopping, have applied human
decision-making with the help of algorithms. Moreover,
algorithmic recommendations are increasingly finding
application in the area of evidence-based policy-making [65].

The future of digital technologies like Al can improve the
ease and efficiency of decision-making processes in the public
administration. Such technologies provide additional
possibilities to implement ADM, where a computerized system,
not a human official of a population, controls the decision-
making process, or its part. ADM can reduce the cost and
resource requirements in state agencies by enabling decision-
making in mass areas such as healthcare, taxes, and state
benefits. Due to this, much has already been done to explore
potential uses of ADM in enhancing the efficiency of decision-
making in the context of public administration [66].

The analysis of Al and BDA as typical factors of computer-
based decision-making focuses on the importance of the
integrated approach in studying them and their implications
[67]. As discussed in [68] and [69], ADMS allows highlighting
the need to prioritize the consideration of the human and ethical
aspect of data and algorithms in order to understand how they
are imbricated in human-machine hybrid systems and blame
poor judgments. Active involvement of Al and BDA within
complex and impactful processes in such areas as business,
science, technology, politics, economics, ethics, and society has
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also been emphasized [70], [67]. Research has so far taken a
narrow perspective on Al and BDA, focusing on the technical
characteristics of the systems [71] and positive outcomes [72].
A reality that is too instrumental [73] and behavior guided by
prejudiced or imprecisely reported digital information that leads
to unhealthy judgments with severe adverse consequences [74],
[69] are two of the unwanted consequences of such
concentration. Thus, the discipline must conduct more
comprehensive research on ADMS.

WHAT INFLUENCES ALGORITHMIC DECISION-
MAKING

An exploitative conceptualization using the attributes of a
working definition would give a holistic view of the
interdisciplinary computing processes of ADMS and would
offer a flexible structure of collaboration within and across
disciplines. Instead, every stakeholder operates under their
conceptualization because of the existing conceptual disorder,
which might complicate the design, development, and
evaluation of desirable systems, knowledge-sharing in the
world, future impact prediction and evaluation, goal-setting,
misconception prevention based on false implicit assumptions,
and cross-disciplinary cooperation [75]. As an illustration,
Raisch and Krakowski [76] explain that social scientists think
of Al as an augmentative capability, but computer scientists
define and refer to it as automation.

According to Raisch and Krakowski [76], we will risk
creating vicious cycles where humans are redundant and
deskilled or results are biased, inconsistent, and unreliable, as
these limited understandings are applied to computing
processes in decision-making, and the impossibility of building
on the complementarities of automation and augmentation.
Likewise, big data is viewed as a tool of Al by some, but some
argue that the capacity of intelligent computers to deal with
novel tasks is constrained by their understanding of training as
arole of data volume [77].

The characteristics of the decision depend on several factors,
such as its decision-making roles, accuracy, cost, and
viewpoint. Decision accuracy is one of the significant factors
with regard to algorithm adherence. People penalize bad
choices of algorithms more poorly than human choices [78].
The incorrect results given by algorithms cause people to lose
trust in them [78], [79]. When such a mistake occurs in a basic
task, it may have big consequences. Seeing algorithms in their
inability to make proper judgments on simple tasks, people
reduce the degree of their trust to a minimum as they presume
that algorithms are not capable of working with more complex
tasks. In making a decision on whether to obey algorithms or
not, individuals consider the cost of the decision. Individuals
follow compensated decisions much more than the ones that are
openly available. For example, consumers are not much
interested in following online advice since they are not
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accompanied by any immediate expenses. On the other hand,
individuals would not like to make decisions they have to spend
money, time, and effort to acquire, since this is what happens
when they use a corporate decision support system; they will
respect sunk costs [80].

The perspective of the decisions determines the algorithm
aversion, i.e., whether the decisions will make people win or
lose. An example of this is a between-subject study carried out
by Toma et al. to research the influence of prospects (gain and
loss) on the reliance of automated judgments and found that
individuals rely more on algorithms when the expected
outcomes involve gain [81]. Similarly, consumers will go
further to imitate an algorithm as a result of upside potential
[82]. Nevertheless, generalization of this finding may be even
more perilous, as risk-averse and conservative people would
like to see the algorithms predicting a more dreadful future [82].

In most instances, the comparative elements of algorithmic
choices to those of human choices determine algorithm
aversion to a great extent. For example, using algorithms in
cases when they are designed to help people, as opposed to
taking over their roles, leads to less reliance on them. People
prefer human decisions empowered by algorithms and rely
more on algorithm decision-making as long as the algorithms
are subservient to humans and people make the final decisions
[83].

The behavior and design of the algorithm itself, such as
accuracy, fairness metrics, transparency, explainability, and
bias mitigation strategies, therefore have a significant impact on
the outcome of algorithmic decisions [84], [85]. Wang et al.
[85] and Starke et al. [86] both show that perceived fairness is
more likely to increase when the outcome is favorable to the
subject of the decision and when the user has the possibility of
regulating the influence of algorithms or preferences, thereby
reducing the feelings of reductionism. Moreover, the inclusion
of sensitive traits (gender, ethnicity, etc.) leads to conflict;
although inclusion will make the performance of minority
groups better, there will be those who may feel that it is not fair
[86].

Personal variables that define individual trust and acceptance
of ADM include statistical literacy, trust tendency, experience
with algorithms in the past, and awareness of possible
algorithmic biases. The effect of statistical literacy is
complicated, making it more skeptical about high-stakes
decisions (such as criminal justice) and more trustful about low-
stakes judgments (such as recommendations) by creating
awareness of the possible systemic bias. To attain trust
calibration, the understanding of the algorithm's purpose and
outcomes by the user is often of more significance than the
transparency of the algorithms themselves [87].

The perceived fairness and acceptance depend on the
environment of the ADM application, such as task difficulty
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and stakes. When dealing with high-stakes situations, higher
requirements on accuracy, fairness, and accountability are
involved and are more attractive [88], [80]. Users become more
open and reliant on algorithmic recommendations in low-stakes
situations.

WHETHER ALGORITHMIC RECOMMENDATIONS
IMPROVE HUMAN DECISIONS

Two ways in which human-algorithm interaction manifests
are the level of decision-making agency and interaction
configurations. There is a range of recommended typologies of
human-algorithm interaction depending on the level (no/low,
medium, and high) of perceived agency of human decision-
makers, i.e., their ability to act and influence algorithmic
judgments [89]. The perceptions of human decision-makers on
their decision-making agency are influenced by different levels
of human-algorithm interaction, irrespective of typological
variations. The level of algorithm aversion decreased, and
cognitive engagement increased when the decision-makers
were more in control of the algorithmic processes [90], [91].
Human-algorithm interaction and structural constraints and
standardizations imposed by the regulatory environment affect
the results of ADM [92].

The ADM consequences identified at the organizational
level were the efficiency paradox, redistribution of power,
conflict between anthropomorphism and dehumanization, and
organizational learning. ADM presents an efficiency dilemma
to businesses. On the one hand, the use of algorithms enhanced
the efficiency of the organization by standardizing processes
and accelerating decisions. Nonetheless, companies could
attain actual efficiency gains (i.e., noticeable, long-term
alterations in organizational performance that were more than
mere surface-level automation) only if they invested heavily in
technology infrastructure and skills, although the investments
often had uncertain payoffs. ADM led to an increase in the
efficiency paradox through ineffective allocation of resources
by organizations implementing it based on technology trends
rather than strategic priorities [93], [94].

Additionally, ADM involves a shift of power, particularly
the centralization of decision-making processes from street-
level bureaucrats to screen-level bureaucrats [95]. Professional
discretion had previously been exercised by street-level
bureaucrats, such as social workers, police officers, and welfare
administrators, in interpreting regulations for specific
situations. However, much of this human judgment was
integrated into algorithms and rule-based workflows under
ADM [96]. This led to a loss of decision-making power by
frontline employees to screen-level bureaucrats, who mostly
handled algorithms and made standardized, rule-based
decisions. Besides enhancing centralized, hierarchical power,
this redistribution limited access to knowledge, skills, and
oversight powers [97].
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A third consequence is the paradoxical conflict between
anthropomorphism and dehumanization in firms employing
ADM. Dehumanizing factors eroded human agency during
decision-making by minimizing discretionary judgment and
replacing qualitative aspects with quantitative ones [93].
Individual stories, environments, and ethical considerations
were minimized to standardized data points, regulations, and
procedures. Algorithms, described as supercarriers of formal
rationality [98], operate through formal procedures, rules, and
means-end computation. While highly useful in computation
and optimization, they cannot make ethical and value-focused
choices unless pre-programmed. To maintain legitimacy and
functional effectiveness, organizations anthropomorphized
ADM by creating human-like interfaces, implementing human-
in-the-loop oversight, and providing explanatory frameworks to
make algorithmic  judgments comprehensible  [99].
Nevertheless, these efforts often resulted in superficial
humanization, masking more computerized and rationalized
decisions. This anthropomorphism/dehumanization dichotomy
contributed to increased intentions to quit [100] and reduced
organizational commitment [94].

ADM also fundamentally changes organizational learning,
defined as individual and collective learning through
experience to improve organizational actions [101]. Based on
past data trends, ADM standardized organizational processes
such as recruitment, applicant evaluation, and customer service.
This uniformity may have prevented innovative solutions
emerging from human learning [102]. Standardized procedures
removed variants that did not match the data, focused
excessively on local routines, and ignored interdependence with
other routines [101]. Consequently, ADM undermined
organizational learning by lowering previously acquired
knowledge levels and providing a fragmented view of
organizational processes.

In this context, interpretative work required individuals to act
as algorithmic brokers, translating computational results into
actionable organizational knowledge [90]. When algorithmic
outputs were not fully explainable, algorithmic brokers
substituted their own interpretations, leading to acquiescence or
resistance. This created a fractured learning cycle, where
algorithms captured and trained on human feedback but
remained unaware of human behaviors, frustrations, concerns,
and reasoning [103].

The second mediating mechanism is reductionism, an
analytical process that converts complex, qualitative human
characteristics into numerical forms [94]. Two predominant
forms were decontextualization, where ADM ignored
situational factors influencing performance, and quantification,
where qualitative traits were simplified into numerical scores.
Reductionism contributed to the efficiency paradox, centralized
decision-making, dehumanization of employees, and hindered
organizational learning [99].
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OPPORTUNITIES AND CHALLENGES FOR
ALGORITHMIC DECISION-MAKING IN HEALTHCARE

In critical application domains such as the healthcare sector,
new technologies in ADMSs [104], which today include the
two distinct yet connected notions of Al and big data analytics
(BDA), promise and threaten new possibilities and challenges
unfamiliar to us before [105]-[108].

OPPORTUNITIES FOR ALGORITHMIC DECISION-
MAKING IN HEALTHCARE.

Governments, institutions, and organizations are applying
algorithms to process the huge amounts of data in diverse
sectors of society and accelerate and enhance decision-making
processes [109]. In particular, the examination performed to
understand the global impact of the COVID-19 epidemic
pointed out the ubiquitous use of algorithms in society. This
crisis required algorithms in numerous fields: machine learning
algorithms were applied in molecular, medical, and
epidemiological tasks [110], statistical algorithms were applied
to simulate the curves of virus mortality and study the
effectiveness of interventions [111]. The successful application
of algorithms in such stakes implies not only the growing
importance of algorithms in the decision-making of society but
also the imperative need to understand what factors impact
social trust in algorithmic systems.

It is argued that the application of machine learning
algorithms will improve the medical decision-making process
at the individual level, implying that the decisions regarding
diagnosis and treatment will be made faster and more
accurately. Moreover, the advocates of machine learning in the
field of medicine do not always hesitate to point out the flaws
of medical workers, including their susceptibility to cognitive
errors and diagnostic errors. Consequently, machine learning
algorithms can enhance or even compensate for the weaknesses
of the decision-making capabilities of individual therapists.
This can be termed as inefficiencies in the processes, wastage
of resources, inequalities, and the astronomical prices at the
institutional level of healthcare. Again, machine learning is
thought to reduce such abhorrent situations [112].

The use of Al algorithms has been found highly effective in
making predictions and classifying diagnoses, providing
suggestions and insights, and in the field of clinical decision
making [113], [114]. According to the increasing amount of
empirical evidence, knowledge-based computerized decision
support (CDS), and knowledge-based clinical decision support
systems in particular, can potentially enhance the work of
practitioners [115]. The literature states that Al systems have
demonstrated success in several medical imaging applications,
such as mitosis detection in breast cancer histology images
[116], dermatologist-level skin cancer detection [117], diabetic
retinopathy detection when using retinal fundus photos [118],
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and cardiovascular risk factors detection using retinal fundus
photos [119]. This study demonstrates how Al systems can
assist the medical community to provide more personalized and
individualized information, as well as improve the process of
diagnosis and prognosis. Also, they have been utilized to decide
the likelihood of patients contracting severe illnesses or being
admitted to palliative care [120] and have been able to
effectively forecast the presence of a suicidal attempt [121].

In the healthcare service delivery system, decisions are often
made on a personal basis by the physicians [122]. The decisions
made by strangers are necessary because most patients do not
have an advance directive or a proxy in order to make decisions
on their behalf [123]. Moreover, the patients are either unable
to voice their wishes or can share irrational expectations (like
thinking that cardio-pulmonary resuscitation will be successful)
because they find it difficult to think about their future
treatment and to understand the situation with resuscitation
[124]. Also, surrogate family members may be coerced and fail
to comply with the desires of the patient [125]. These are just
some examples demonstrating that the healthcare service
delivery system needs innovative approaches to making
decisions. Moreover, it is noted that one of the potential
solutions is the use of Al in the decision-making process.
Artificial intelligence is changing the decision-making process
of medical professionals. The application of Al by healthcare
practitioners can assist in disease diagnosis, treatment planning,
predicting outcomes, and managing population health. The Al
also has the potential to increase user satisfaction and
experience, the quality and efficiency of healthcare decision-
making [126].

In both nodal graphs and graph pictures (also known as chart
images), one finds the discriminating and latent features of
large-scale heterogeneous data hard to learn. Consequently, Al-
based interpretation methods can be viewed as an emerging
solution [127]. One of the possible applications of Al in the
computerized analysis of graphs in the clinical area is the use of
machine learning algorithms to analyze ECG signals [128].
Research evaluated the usefulness of Al in supporting the
interpretation of cardiotocographs through the application of
computerized interpretation and visual pattern recognition.
Stunningly, the researchers discovered that the application of
such Al technologies did not enhance clinical outcomes in the
health of both mothers and newborns [129]. In another study,
algorithms based on Al can be as efficient and even more
efficient in numerous tasks, including the assessment of
medical photos or the association of symptoms and biomarkers
on electronic medical data with the description and prognosis
of the disease itself [130]. Moreover, a deep learning
architecture known as vision transformers is now popular in
medical imaging, especially for lung cancer. They find long-
term relationships within picture patches by examining image
classification as a sequence prediction task. These results
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underline the high potential of medical graph analysis and
interpretation with the help of AI [131].

One of the studies claims that Al will enhance patient
autonomy as patients will be able to receive the therapy of their
choice [132]. Meanwhile, studies proposed a system that would
integrate Al predictions, physician insights, and parental
opinions to assist in making moral treatment decisions about the
newborn patients; the results showed that the system has
presented different users with personalized and tailored
information and empowered parents to engage in mutual
decision-making. The Al can help create individualized and
flexible learning software that can modify the pace, evaluation,
feedback, and learning material for each student. This
technology may be used when working with patients and
caregivers by means of chatbots and natural language
processing to offer them personalized guidance and training
[133].

In addition to the state of health of the population,
algorithmic implementation is changing in numerous other
fields where decisions play a significant role in the lives of
individuals and society. The technologies are becoming the
mediators of high-stakes decisions in all kinds of industries,
such as algorithms regulating financial markets and predicting
the growth or decline of the economy, and surveillance systems
keeping an eye on the general population. There is a greater
need to understand the social consequences and reliability of
algorithmic decision-making as it finds more applications in
such a critical context. Algorithms can have transformative
social power when they are applied in integrating complex data,
including risk factors of homeless people [134] or finding the
people with the highest need in comparison to several diseases
[135].

The emerging and fast-evolving sphere of algorithmic
applications can transform numerous aspects of healthcare,
such as administration, diagnosis, treatment, and prevention.
The current state of affairs and the possible future trends of the
emerging field also have a vague and disintegrated image, but
due to the scattered distribution of the literature regarding the
areas of application of algorithmic applications in healthcare-
related decision-making [133].

CHALLENGES FOR ALGORITHMIC DECISION-
MAKING IN HEALTHCARE.

The ADM systems, which are driven by Al, can
revolutionize clinical performance and efficiency in the health
sector. Nonetheless, it presents a number of complex challenges
that make its implementation ineffective, morally, and fairly.
Some of these challenges include technical limitations, ethical
dilemmas, information biases, regulatory ambiguity, and socio-
technical factors that influence trust and responsible actions in
healthcare professional practices [136], [137].
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Direct access to algorithmic tools and Al decision support
systems is not always helpful in improving the decisions of
doctors, as numerous studies reveal. As a study by Brennan et
al. [138] suggests, the algorithm is more likely to predict the
outcome of the patient after surgery than a doctor. Nevertheless,
the surgeon's performance was not higher when they were
requested to change their prediction indicated by the result of
the algorithm. This extends to the case of generative Al
companies: even with the independent diagnostic performance
of a large language model (LLM) significantly surpassing
human physician performance, human performance did not
improve significantly when using the LLM as an assistant. The
main problem with the availed Al tools with direct physician-
facing is that they require individuals who have practically little
training or experience with the tools to somehow incorporate
them in their decision-making without much support [139].

When medical practitioners abide by the algorithm, they
have a normative justification for their medical judgment.
Nevertheless, in case they remain faithful to their original
theory, and her diagnosis proves to be wrong, she can be
accused of reckless behavior, as she did not pay attention to the
findings of the algorithm. When we consider the fact that most
medical decisions are made in less-than-perfect conditions, like
the lack of time to reconsider the data that is available to us, the
situation can only get worse. Another possible outcome may be
that the clinician will be prejudiced to interpret the data in a
manner that will be consistent with the diagnosis provided by
the algorithm. Thus, it is a possibility that the relationship
between machine learning algorithms and physicians will
encourage such epistemic vices as gullibility or dogmatism
[140]. Finally, machine learning algorithms can compel doctors
to implement defensive medicine practices instead of enhancing
their decision-making skills [141].

Furthermore, it also brings about concerns with patient
autonomy. In a more recent paper, McDougall [142] has argued
that artificial intelligence in the making of treatment decisions
is also subject to the danger of relapsing to a paternalistic model
of medical decision-making in the guise of that the computer
knows better. She contends that this type of paternalism is
enforced through the use of computers, which dictate the values
based on the prioritization of numerous treatment options. To
illustrate this point, most of the algorithms will give preference
to the treatment options based on whichever course of action
will prolong the life of a patient. Conversely, a patient can opt
for a series of treatments that will reduce her pain. Thus, the
autonomy and dignity of the patient might be endangered due
to the use of artificial intelligence, as it weakens the
collaborative decision-making between the doctor and the
patient [142].

Unlike the existing standards of medical equipment, new
technologies permit adoption with less and less causal evidence
on the benefits of algorithmic technology [143]. Health
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authorities must stick to the evidence of the patients in the
process of approving medicinal innovations.

To a significant degree, algorithmic bias caused by missing,
unrepresentative, or unbalanced healthcare data is one of the
most serious problems that lead to disparities in the
performance of the model across demographic groups [136],
[144], [145]. An example is that underrepresentation of ethnic,
gender, and socioeconomic subgroups in training datasets
diminishes their clinical utility and their predictive accuracy,
worsening the already-existing disparities in health, hence
aggravating the issue [146]. Generalizability of the model is
also made more difficult by the change in distribution between
the training data and the real clinical condition.

Even when the trials that do not fulfill the basic requirement
of preregistration are eliminated, research indicates the
presence of a significant bias risk. The main issue with patient-
relevant Al decision support studies is the ignorance of the
enabling conditions that have a significantly greater effect on
patient benefits than algorithms and data: to begin with, the
users of the machines. They need to be able and motivated to
engage in their working processes to benefit patients, and thus,
they need training and involvement [147], [137]. The other half
of the research did not even specify the requirements of a
knowledgeable user, although they did provide information
about user training, the length of which ranged between under
an hour and a week. This will minimize the chances of
successful usage. Introducing ADM to professionals into a pre-
existing corporate decision-making system would require the
establishment of a clear understanding of the roles and
preconditions of users and usage, respectively. In other words,
even highly precise machine learning models will not be useful
if such an application is not intended [137].

Opaqueness interferes with future gains. This not only
affects the use of personal technologies but also influences the
way other researchers edit data, which can be more beneficial.
The fact that most research with patient-relevant findings has
been carried out using internal real-world data, particularly in
the context of algorithm development, suggests the potential to
have more significant health data partnerships, which is one of
the reasons why they should have health data spaces [148].

ADM in healthcare involves complex models that often act
as black boxes, thereby posing challenges to interpretability and
transparency that are paramount to user trust and clinical
acceptance [137]. Explainability compromises the ability of
clinicians to assess decision reasoning, an essential part of
patient safety and moral medical practice [148].

Finally, ethical complexity is presented by ensuring that
justice, fairness, and respect for patient autonomy are upheld.
Regulatory frameworks lag far behind rapid technical
innovation and do not include a set of criteria used to validate
Al and audit and monitor Al activities [136], [146]. This gap
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hinders accountability and responsible deployment in the case
of undesirable outcomes.

OPPORTUNITIES AND CHALLENGES FOR
ALGORITHMIC DECISION MAKING IN PUBLIC
ADMINISTRATION

There are practical examples of ADM implementation into
decision-making simplification with valuable results in the area
of public administration. Moreover, there are cases when the
usage of ADM has such negative outcomes on people and
governmental administrations that the credibility of such
institutions is threatened. The contradictory results of ADM in
the area of public administration make it require conducting
further studies in the area, considering the evolving
relationships among individuals, organizations, and society in
general [149].

OPPORTUNITIES FOR ALGORITHMIC DECISION
MAKING IN PUBLIC ADMINISTRATION.

ADM is currently being implemented by the government and
other organizations to provide new services or improve existing
services in diverse areas such as energy, education, healthcare,
transportation, judicial systems, and security. Some examples
of how ADM can be utilized in this environment are predictive
policing, smart metering, video protection, and university
enrollment. Moreover, they are going to contribute to the
education, medical, and job skill training standard
improvement. ADM or smart technology, in general, can be
used to enhance city management, including water and energy
management systems or mobility management tools. As an
example, they may help them to better manage waste, to use
less energy, and to reduce pollution or traffic jams. ADM is able
to enhance the efficiency and quality of services offered by
governmental entities. They can assist in revealing the
administrative decision-making process and make it more
accountable, as long as they are also transparent and
accountable. ADM, or more precisely, ML techniques, can also
be useful to society by creating new information. As an
example, the researchers with machine learning methods have
identified about 6000 species of viruses previously unknown
[150].

ADM systems excel with huge and complex datasets to
determine the trends that can be used to optimally make use of
available resources. These systems reduce costs and enhance
outcomes by providing predictive analytics to support proactive
service management, e.g., predicting disease outbreaks or
getting smarter in terms of infrastructure maintenance plans.
When tedious administrative tasks are computerized, the
government gains more agility as the public employees are able
to focus on strategic objectives [151].

ADM can increase the openness of governments through
explainable Al models and open data projects. The availability
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of analytical methods, such as natural language processing,
allows governments to gauge the masses in real-time via social
media and other feedback platforms, and therefore makes
government more responsive and inclusive. These capacities
facilitate legitimacy and confidence by including citizen
involvement in administrative decision-making [152].

Furthermore, ADM urges the public administrations to apply
scenario analysis and simulation in order to test new policy
ideas. Under complex and uncertain scenarios, the quality of
decisions made by decision-support systems that are
algorithmically guided enhances the quality of decisions made
by policymakers because they provide practical insights based
on empirical data [153].

The challenge is therefore to balance the use of technology
and governance mechanisms that ensure accountability,
transparency, and inclusion so that the potential of ADM can be
exploited. Beloved, ethical forms of governance are promoted
through evolving human-Al cooperation forms that enable the
empowerment of human workers and involve citizens [154].
Moreover, the continuation of ADM-led breakthroughs
involves the need to invest in data infrastructure and
algorithmic literacy and cross-sector partnerships [155].

CHALLENGES FOR ALGORITHMIC DECISION
MAKING IN PUBLIC ADMINISTRATION.

ADM systems are gaining popular application in the
governmental sphere to enhance efficiency, objectivity, and the
capacity to scale up governmental work. Despite the possible
benefits, these systems present specific challenges that are
caused by the complexity of the sociopolitical environment,
regulatory constraints, and accountability concerns that
characterize the work of public organizations [155]. It is
necessary to understand these barriers to have an adequate and
effective application of ADM within public administration.

The gap in information and skills between people profiting
through algorithmic decision-making and other people who are
unwillingly susceptible to it can be called a power imbalance.
Specifically, few actors have access to big data and advanced
computational capabilities needed to follow, measure, and
assemble insights about most users, who are the entire
population of users or subscribers of a data-driven business.
Conversely, being the consumers of data-driven services, these
individuals are not normally exposed to organizational data
practices. Consequently, the minority group is able to influence
and modify the action of the majority due to political or
economic benefits [156].

ADM creates a significant amount of new security
vulnerabilities that can be exploited by ill-willed people, in
particular foreign firms or hackers. Hackers with the ability to
penetrate these systems can cause serious damage since ADM
plays a vital role in the way civilization operates in such places
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as nuclear power plants, smart grids, hospitals, and
automobiles. Also, as the attacks will become more
sophisticated and automated, and since the probability of
cascading failures will be more challenging to estimate, these
systems will be harder to protect. A clever opponent can attempt
to locate and exploit already-existing algorithm vulnerabilities
or come up with one that they will then use. In the case of using
machine learning, it could be achieved with the help of a
poisoning attack, that is, by manipulating training data.
Moreover, through real-time research and learning of the
systems that attackers target, they can use machine learning
algorithms to find weaknesses and optimize attacks
automatically. The security breaches may occur accidentally
and without ill intentions. Major or minor collisions like
autonomous robots walking on people are a very tangible threat
to the ADM implementation and must be considered to prevent
the loss of trust towards transportation systems in general and
automated systems in particular [154], [157].

The image of the black-boxed algorithm provokes calls for
transparency as a form of democratic process, accountability,
and critical review. But it has been difficult to define and attain
what is known as true transparency. As Coglianese et al. and
Fink remark, it is reasonable to believe that transparency has a
complex goal with different technological, legal, and even
social aspects [158], [159].

A single and general but useful distinction among such
diversity is between more proactive and reactive forms of
transparency, where the former is more premeditated, a legal
obligation and voluntary disclosure, and the latter is more of a
reaction to the spontancous demand of information [160].
Reactive disclosure is sometimes too little, too late. Mulligan
and Bamberger note that ex post transparency fails to challenge
the judgments that are built into systems, which are already
functioning, and emphasize the need to intervene on the level
of design and process. The government contract can allow the
vendors to claim trade secret exemptions to software and data
sharing and design process [161], [162]. Also, the agencies
might interpret nondisclosure agreements and trade secret
exemptions broadly because of their personal motivation to
keep the information a secret [163].

Also, the complex norms of policies are hard to implement
into formal computer logic by the public administrations, which
often leads to administrative errors and unanticipated
algorithmic outcomes. These problems are exacerbated by
design flaws, data quality, and integration into existing
bureaucratic processes, which expose ADM to systemic failures
as opposed to mere technological failure [164]. Moreover, there
is a challenge of interoperability that hinders the integration
with older information systems of the public sector [155].
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CONSEQUENCES OF ALGORITHMIC DECISION-
MAKING

Algorithm Aversion

Even though algorithmic decision-making is implemented in
a great variety of industries and disciplines, a number of barriers
have to be met. As an example, marketers apply algorithms in
their research, strategy creation, channel control, and
performance measurement [165], [166]. Chatbots substitute
customer support [167]. The reaction of people towards
algorithms is not necessarily obvious, however. It has been
found that these reactions are often influenced by a variety of
variables [168], [169]. Some of them prefer algorithms and
others do not [170]. Algorithms can get rejected in some
professions and get their coveted in others [171], [172]. More
intriguingly, the phenomenon of algorithm aversion is that
humans dislike algorithms, regardless of their knowledge of
their superior performance [173]. The opposite of algorithmic
judgements can also be referred to as the conscious or
subconscious effort to ignore algorithms in favor of personal or
other individuals’ judgements, which may be referred to as
algorithm aversion. It is rational to follow algorithms when it is
a clear fact that they are better than people. It can be viewed as
an anomaly of behavior to violate this reasonable behavior that
can reduce the expected utility of human beings [173], [174].

This type of abnormality can significantly impact a situation
(such as a medical diagnosis, bail, or sentencing decision) when
a bad decision may have terrible consequences. It is important
to understand the causes of the algorithm aversion so as to
maximize the benefits of the algorithm judgment. The topic of
algorithm aversion has recently become the object of an
increase in attention from experts. Numerous studies have been
conducted to examine the source of aversion and provide
solutions. Although this research is not scarce, the available
literature is usually focused on a limited number of aspects of
algorithm aversion, which does not allow us to obtain the
overall view. In this regard, a study organized as a review and
bringing together past studies could be beneficial [175].

DATA PRIVACY

ADM may result in a lack of privacy, which is the ability of
an individual to restrict and control the use of personal
information. Specifically, individuals were not able to regulate
the information collected, its aggregation, and its sharing. Data
aggregation is especially problematic because it is explained by
the phenomenon of differential privacy, which states that any
permutation of the data aggregation makes it simpler to re-
identify individuals in any of the data sets, despite the use of the
techniques that hide the identity of individuals at the point of
their collection or aggregation. The loss of privacy causes an
undesirable outcome of choices, including the release of
personal data, discomfort, or huge losses.
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REGULATORY IMPLICATION: RISK-BASED
GOVERNANCE IMPLICATION

The results presented in this paper are consistent with the
new regulatory strategies according to which algorithmic
decision-making systems are treated in the context of a risk-
based governance paradigm, especially in high-stakes areas like
healthcare and public administration. The specified obstacles
associated with  accountability, transparency, human
supervision, fairness, and explainability are the issues that are
always regarded as regulatory-related in high-risk algorithmic
systems, where automated judgments can have a severe effect
on the rights, health, or even the access of individuals to state
services.

As noted in the discussion, algorithmic decision-making is
not a technical intervention but a socio-technical system
integrated into organizational and institutional actions.
Therefore, the system of governance must distinguish
regulatory requirements based on the risk and impact of
particular applications on society. The uses of algorithmic
decision-making, as found in this study, that are of high impact
necessitate improved human-in-the-loop setups, strong
auditability and well-established responsibility frameworks to
reduce unintended effects and maintain human agency.

In addition to this, the efficiency paradox, distribution of
decision-making authority, and strains between
anthropomorphism and dehumanization observed in the study
support the need to use adaptive regulatory systems beyond
performance metrics, including accuracy. A risk-based
governance model must thus take into consideration the
procedural protection, ongoing checks and balances, as well as
situational assessment to make sure that the algorithmic
systems are consonant with the ideals of fairness, legitimacy,
and proportionality during their entire life cycle.

In general, the findings indicate that the responsible
implementation of the algorithmic decision-making systems
requires a model of governance that incorporates both the
technical performance levels and the ethical, organizational,
and regulatory aspects. These models facilitate the distinction
of regulatory responsibilities according to the risk exposure
while allowing the innovation where risks are minimal and
supporting protection and control in applications with high
societal consequences.
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VI. STUDY LIMITATIONS

Several inherent limitations in this study should be
considered closely when drawing conclusions and generalizing
its results. To start with, the study is limited by the access and
quality of the primary research upon which it is based as a
systematic literature review. The heterogeneity created by
variability in the methodologies, sample sizes, contexts, and
reporting standards across the included studies restricts the
ability of the studies to be directly comparable, and this aspect
of the method can impact the reliability of the aggregated
insight. There is also the risk of publication bias, where studies
that have large or positive results are more likely to be
published and therefore included, thus affecting the overall
evidence base.

Secondly, the limited set of languages involved in peer-
reviewed literature limits the scope of the review, potentially
excluding any other studies that are published in different
languages or belong to the grey literature, potentially providing
a more significant outlook on the issue, particularly in non-
Western settings.

Furthermore, the interdisciplinary nature of algorithmic
decision-making systems, namely, technical, ethical, legal, and
social, presents difficulties with the complete accommodation
of the various theoretical perspectives and terminologies into
one analytical frame. This interdisciplinarity, though rich, also
restricts the thoroughness with which any given point of view
can be studied to exhaustion.

The identification of these constraints underscores the
necessity of continued empirical studies that have stronger and
clearer methodological principles and give broad views to
enhance knowledge and regulate the application of algorithmic
decision-making models responsibly.

Vil. IMPLICATIONS
DIRECTIONS

AND FUTURE

The results of the present systematic literature review have
great scientific, practical, and theoretical implications that
contribute to further knowledge of the ADMS, especially in
healthcare and the context of public administration.
Scientifically, the study contributes to the conceptualization of
ADMS as the one that is multidisciplinary and includes Al, big
data analytics, and human-machine interaction dynamics. Such
an integrated perspective explains the significance of
considering ADMS research as a unit, where technical
effectiveness is expected to be balanced with socio-ethical
issues of equity, openness, and responsibility.

Practically, the synthesis provides insights into critical
problems that organizations face in the course of implementing
ADMS, including the efficiency paradox, redistribution of
power, and dehumanization and anthropomorphism tension.
These findings suggest that ADM technologies need to be
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developed in such a way that they preserve human agency, add
a human-in-the-loop control, and stimulate organizational
learning. Going forward, policymakers and practitioners can
use these findings to create governance frameworks that will
prevent the negative effects of automation and ensure a
balanced approach to both advantages and risks of the latter,
thereby building trust and legitimacy towards the public
services and healthcare delivery.

In theory, the research developments that are being proposed
follow the idea of extending algorithmic fairness beyond
accuracy measures to include equitable error distributions and
the aspects of legitimacy across different groups of people. It
means that the ADM evaluation criteria will be changed in their
paradigm so that social justice and inclusivity will occupy first
place in the technical performance.

The new directions of research in the future must put an
emphasis on the empirical studies of the long-term effects of
ADMS implementation in real-world contexts, incorporating
the methods of ethnography and interdisciplinary research to
observe subtle human-algorithm interactions. Establishing a set
of metrics that provide a method to measure harm and the
operationalization of non-maleficence in algorithms are critical
areas of gaps to fill in. Also, research into adaptive forms of
governance that harmonies fast-paced technological change and
the changing societal values is critical.

The development of explainability and transparency systems
is also something that should be explored further to ensure that
the double bind of anthropomorphism is less likely to lead to
superficial human intervention. Moreover, it should also be
studied with the possibility of identifying the frameworks that
can be successfully applied to incorporate the views of various
stakeholders, such as marginalized groups that are
disproportionately affected by the algorithms.

Lastly, due to the rapidly growing rate of Al and BDA
development, longitudinal studies that monitor the performance
of algorithmic decisions in various fields will become a crucial
factor to instruct evolutionary improvements and accountable
scaffolding of ADM technologies.

VIII. Conclusion

This article focuses on the critical evaluation of the emerging
field of ADMS within the context of public administration and
healthcare, which will shed light on the problematic nature of
the interactions between big data analytics, artificial
intelligence, and the human decision-makers. The analysis
reveals that, in spite of the huge potential of ADMS to enhance
the quality and efficiency of decisions and the scalability,
implementation of the system poses challenging socio-technical
challenges, including biases, lack of transparency, and ethical
concerns that should be addressed to ensure fair and legal
outcomes.



O

FamilEereN)]

Academy journal for Basic and Applied Sciences (AJBAS)

Volume 8, issue 1, 2026..

The findings also reveal that there is a need to balance human
control and governance practices that uphold agency and
enhance organizational learning and technology advancements.
Furthermore, the study is a contribution to the theoretical
discourse in that the author supports more extended notions of
algorithmic fairness beyond the idea of accuracy to the equality
in error distributions and procedural fairness.

Finally, to be the most effective, we focus on the fact that the
ADMS and its application should be seen through the prism of
an interdisciplinary approach through the prism of
technological, ethical, and social aspects. It provides basic
knowledge to be used in future research and policymaking to
encourage ethical, inclusive, and transparent algorithm-related
decision-making on high-stakes domains.
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