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Abstract: Estonia is recognized as a pioneer state in digitalizing
its public services, particularly through its integration of artificial
intelligence (AI) systems. However, the lack of tailored strategies
and tools to address biases in Al-based decision-making in
Estonian public services processes poses significant ethical
challenges. This study explores the strategies and tools available
to identify and prevent bias in automated decision-making (ADM)
processes and ways of their dissemination. It draws from the
European Commission-funded EquiTech project, which seeks to
ensure fairness in algorithmic decision-making in public services.
Employing mainly qualitative methodology, the study draws on
literature review, document analysis and discussions conducted in
the framework of the EquiTech project. Through this exploration
and dissemination, the study contributes to the conceptualization
of tailored strategies and tools in Estonia, ensuring fairness in
ADM processes within public services, promoting equitable digital
governance and mitigating discriminatory outcomes.
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1. Introduction

Estonia is widely recognized as a pioneer in the digitalization of public
services, with its nearly full online access to government services and high-
performance scores in the European Union’s Digital Decade report—98.9
for digital public services for businesses and 95.8 for citizens in 2024 (Vatsa
and Chhaparwal, 2021; European Commission, 2024). The integration of
Al in Estonian public services represents a rapidly growing trend, with
AT adoption among businesses more than doubling from 5.19% in 2023 to
13.89% 1n 2024, and over 130 Al applications deployed in the public sector by
2025 (European Commission, 2024; Thelle et al., 2024), including initiatives
such as the Burokratt virtual assistant for streamlined citizen interaction
(Dreyling III et al., 2024), personalized medicine programmes in healthcare
(Metsallik and Ross, 2021) and smart traffic management systems in
transportation (Edler, 2019; Kalda et al., 2021).

This digitalization of government services involves the strategic use of
Al systems in administrative processes and decision-making, as outlined
in Estonia’s Digital Agenda 2030 (Ministry of Economic Affairs and
Communications (Estonia), 2021). These systems are designed to promote
decisions that are free from stereotypes, more uniform, objective and
accurate, thereby fostering greater fairness, as evidenced by aiming for
“zero bureaucracy” and proactive, personalized services. At present, no state
service in Estonia relies entirely on Al-based decision-making; in all cases,
a human remains involved, at least to some extent, in every final decision
(Dreyling et al., 2023; Nommik, 2025), aligning with ethical principles,
policies and legislative rules from EU’s regulatory framework on AI (Al
HLEG, 2019; European Commission, 2020; ‘Regulation (EU) 2024/1689’,
2024). Although, Estonia’s Al systems are designed to ensure Al governance
in human-centric manner by aligning with EU Al regulatory framework,
challenges remain in fully mitigating potential biases within the automated
decision-making (ADM) process.

This process encompasses multiple interconnected stages—including
data collection, algorithm design, model training, testing, validation
and deployment—where biases can inadvertently infiltrate less visible
components, such as imbalanced datasets or flawed feature selection, subtly
skewing final outcomes toward unfair or discriminatory results (Singhi
and Liu, 2006; Amri et al., 2018; Vetro et al., 2021). Detecting bias in these
ADM decisions is further compounded by the inherent lack of transparency

TalTech Journal of European Studies, 15(3(43))
202 Tallinn University of Technology (ISSN 2674-4619)



Towards fair Al in Estonia’s public service: discussing
and disseminating bias prevention in automated decision-making

in many Al systems, often characterized as “black boxes” due to their
complex neural architectures, which can obscure decision pathways and
leave developers, deployers and end-users unaware of embedded risks or
specific biases, thereby perpetuating unfairness in areas like public service
allocation (Vorras and Mitrou, 2021; Franzoni, 2023; Pappachan et al., 2024).
To date, Estonia lacks bespoke strategies and tools to systematically identify
and prevent bias in ADM processes, though ongoing efforts align with the
objective of EU’s regulatory framework on AI, which is to institutionalize and
conceptualize trustworthiness as an attribute of Al. The EquiTech project!
is one of them. Funded by the European Commission, it aims to develop
strategies and tools for identifying and preventing bias in ADM processes,
with a focus on Estonia’s public sector, and to disseminate these approaches.

First, it is essential to have the foundational understanding of how Al systems
function and how decisions are made through encompassing processes such
as data ingestion, algorithmic computation via machine learning models
(e.g., neural networks or decision trees and probabilistic or rule-based
output generation, which can inadvertently amplify human-like errors
unless scrutinized (Bose, 2019; Mian et al., 2024; Dave et al., 2025; Chen et
al., 2025). This understanding must extend to the concepts of bias defined as
inherent assumptions or imbalances in data and systems that distort results
toward unfairness and bias that involves disparate treatment or impact on
protected groups (e.g., based on race, gender or socioeconomic status), with
AT often exacerbating these through reflected societal inequalities, flawed
training datasets or opaque algorithmic designs (Lobo, 2022; Jain and
Menon, 2023; Ali et al., 2025). To combat these issues, effective tools and
strategies should be conceptualized, including bias detection frameworks
(DeAlcala et al., 2023; Tellez et al., 2023; Marripudugala, 2025), bias
mitigation techniques (Gonzalez-Sendino et al., 2024; Choi et al., 2025)
and adversarial debiasing (Senthil et al., 2025). In addition, regulatory-
driven approaches, such as risk assessments, are crucial (DeAlcala et al.,
2023). Along with strategies and tools, the responsibility of the system’s
range stakeholders is also critical. It is to address Al bias spanning multiple
stakeholders: designers and developers of Al systems must ensure fairness
and transparency during design, development and testing (Radanliev,
2025); deployers are accountable for lawful, non-discriminatory deployment
(Constantino, 2025); lawmakers should establish ethical regulations and

! Further on the project see EquiTech — Ensuring Fairness in Public Sector Algorithmic

Decision-Making from the European Commission programme ‘Citizens, Equality, Rights and Values’
(CERV-2023-EQUAL) for the period May 1, 2024 — April 30, 2026) at https://www.volinik.ee/en/
activities/ec-projects.html.
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oversight mechanisms (Goksal and Solarte-Vasquez, 2024), as seen in the
EU Al regulatory framework (Al HLEG, 2019; European Commission, 2020;
‘Regulation (EU) 2024/1689’, 2024); and end-users bear the responsibility
to interpret Al outputs objectively and intervene when necessary (Porter et
al., 2025).

These principles constitute the conceptual foundation of the EquiTech project,
which employs mainly qualitative methodological approach, incorporating a
literature review of the technical underpinnings of Al systems, the challenge
of bias, Estonia’s application of Al in the public sector and document
analysis on EU Al regulatory framework. This study focuses on discussing
the outputs of the EquiTech project, including analyses of bias in Al-based
decision-making—such as assumptions in data leading to unfair outcomes,
classifications of bias types, reviewing the case studies in the public sector
related to Al systems, the concepts of bias in Al and the sociotechnical nature
of bias. Furthermore, the study discusses and disseminates strategies and
tools to prevent bias in ADM processes such as representative training data,
bias verification tests and continuous monitoring alongside compliance and
conformity with regulatory requirements.

The subsequent sections are structured as follows: the second section presents
the technical foundation of Al technology, the third explores bias in Al-
based decision-making, providing a detailed explanation with real-life cases
alongside the concepts of bias in ADM process. The fourth section analyzes
accountability aspect, identifying parties responsible for bias mitigation and
outlining potential strategies and tools to prevent discriminatory outcomes.
The final section concludes the discussion, highlights key limitations and
proposes directions for future research.

2. The technical foundation of Al technology

Al encompasses a broad array of technologies designed to simulate human-
like cognitive processes, such as perception, reasoning, learning and decision-
making, through computational systems (Russell and Norvig, 2021). At its
core, Al uses algorithms—step-by-step procedures for calculations—to process
data and generate outputs, often in the form of predictions, classifications
or recommendations. Within the domain of ADM process, the most relevant
subset is machine learning (ML), a data-driven approach in which systems
improve performance on tasks by learning patterns from large datasets
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without explicit programming for every scenario (Dineva and Atanasova,
2020). ML models, including decision trees, support vector machines and
deep neural networks, constitute the backbone of these systems, enabling
applications such as Estonia’s virtual assistant Burokratt or predictive
analytics in healthcare (Dreyling III et al., 2024; Metsallik and Ross, 2021).
The technical foundation of Al technology can be understood through its
interconnected development pipeline, which includes data collection,
algorithm design, model training, testing, validation and deployment (Kim,
2019; Issaro et al., 2023; Steidl et al., 2023).

The process begins with data collection, where raw inputs—such as
from structured datasets (e.g., tabular records of citizen interactions)
or unstructured sources (e.g., text from public queries or images from
surveillance)—are gathered to train models (Kim, 2019). Data serves as the
foundational “fuel” for Al, with features (input variables such as age, income
or location) and labels (desired outputs, such as eligibility for services)
defining the learning objectives (Woolf et al., 2023). Following collection,
algorithm design involves selecting and configuring the model’s architecture.
For instance, supervised learning algorithms, commonly used in ADM
processes, in involving map inputs to outputs using labeled data (e.g., neural
networks trained to classify loan applications based on historical approvals).
Unsupervised methods, in contrast, cluster data without labels, such as
segmenting citizen needs for personalized services. Design choices, like
feature selection—deciding which variables to include—can inadvertently
embed flaws; excluding or mishandling proxies for protected attributes (e.g.,
zip codes correlating with ethnicity) risks amplifying societal inequalities
(Zemmari and Benois-Pineau, 2020; Sen and Das, 2023).

Model training follows, during which algorithms iteratively adjust internal
parameters (e.g., weights in neural networks) to minimize errors between
predictions and actual outcomes, often using optimization techniques such as
gradient descent (Heo and Kim, 2022). Testing and validation then evaluate
the model’s performance on held-out data, employing metrics such as
accuracy, precision, recall or fairness-specific indicators such as demographic
parity to detect disparities across groups (Raja et al., 2024). Cross-validation
techniques, such as k-fold splitting, help ensure robustness, but inadequate
testing datasets may fail to capture edge cases, allowing subtle biases in
feature interactions to persist (Fontanari et al., 2022).

Deployment represents the final step in Al technology. It integrates the
model into operational systems, often with real-time inference engines that
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process new inputs and generate decisions, supported by monitoring tools
for drift detection, where the model’s performance degrades over time due
to changing data distributions (Kore et al., 2024).

3. Bias in Al-based decision-making, its conceptual
foundation and real-life cases

Bias in ADM processes refers to systematic assumptions or flaws embedded
within Al systems, their underlying algorithms or the datasets used for
training, which produce unfair, distorted or discriminatory outcomes (Cross
et al., 2024; Bhattacharya et al., 2024; Hofmann, 2025). These biases often
stem from incomplete, unrepresentative or historically skewed data, as well
as from human influences during system design and implementation, such
as unconscious prejudices held by developers or the perpetuation of outdated
societal norms (Bhattacharya et al., 2024; Ruschemeier and Hondrich, 2024).
For instance, if training data predominantly features certain demographics,
the resulting AI model may prioritize those groups. This phenomenon
mirrors broader societal inequalities, where power imbalances and
historical injustices are encoded into technology, causing disadvantages for
marginalized or underrepresented groups based on protected attributes like
race, gender, socioeconomic status, nationality, skin color, age, disability,
sexual orientation or neurodiversity. In the context of ADM, bias can
manifest when algorithms analyze vast amounts of data to inform high-
stakes decisions across various sectors, including recruitment (Soleimani
et al., 2022), public services (Alrawahna et al., 2025) or law enforcement
(Zhaltyrbayeva et al., 2025). If these are left unaddressed, they also create
feedback loops, where discriminatory outputs generate new biased data
(Yang et al., 2023), perpetuating a cycle of inequity that undermines fairness
in Al systems, erodes social justice and potentially violates ethical standards
and legal rules.

3.1 Conceptual foundation of bias

Bias can lead to discrimination. Accordingly, discussions often address not
only different forms of discrimination but also different types of biases. At
its core, bias involves treating individuals or groups less favorably based
on protected characteristics under relevant laws. Different countries define
these protections variably; in Estonia, for instance, the Constitution of
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the Republic of Estonia (1992) prohibits unequal treatment on unlimited
grounds, while the Equal Treatment Act (Estonia) (2008) and Gender
Equality Act (Estonia) (2004) specify protections against discrimination
based on ethnicity, race, colour, religion, age, disability, sexual orientation
and gender.

Bias in an ADM process can take several forms: direct bias, indirect bias
and proxy bias. Direct bias occurs when a person is explicitly treated less
favorably than another individual or group in a comparable situation due
to a protected characteristic (Adams-Prassl et al., 2023; Carter, 2024). For
example, this might involve an algorithm programmed to outright reject
loan applications based solely on the applicant’s gender, ethnicity or age.
In such cases, the system ignores other qualifying factors like credit history
or income stability. This form of bias is overt and intentional in its design.
It directly violates anti-discrimination laws by embedding prejudicial rules
into the decision-making logic. As a result, it can lead to immediate legal
challenges. Direct bias lacks any veneer of neutrality, which makes it easier
to identify. However, it is no less harmful as it perpetuates stereotypes and
excludes qualified candidates from opportunities in sectors like finance,
employment or housing.

Indirect bias arises from neutral rules, criteria or practices that
disproportionately disadvantage certain groups unless they can be
justified by a legitimate aim achieved through appropriate and necessary
means (Aytekin, 2023; Carter, 2024). For instance, this could manifest in
a loan approval model that prioritizes factors such as income levels and
educational attainment. In doing so, it excludes individuals from lower-
income communities, which are often correlated with specific ethnic or
socioeconomic groups. This type of bias is subtler than direct bias because
it appears objective on the surface. However, it still results in systemic
unfairness by amplifying existing disparities without explicit reference
to protected characteristics. Therefore, it can evade immediate detection,
requiring deeper analysis of outcomes across demographics to uncover.
Indirect bias often stems from well-intentioned designs that fail to account
for broader social contexts.

Proxy bias, arguably the most common in Al, involves using non-protected
attributes that correlate with protected ones, leading to biased outcomes
(Sogancioglu et al., 2023; Daish et al., 2023), such as relying on zip codes
to indicate poverty or ethnicity, occupations or first name with cultural
implications or employment history in terms of length or interruptions that
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disadvantage women due to parental leave or family responsibilities. This
form of bias operates indirectly by substituting innocuous variables for
sensitive traits, allowing discrimination to persist under the guise of data-
driven neutrality (Sogancioglu et al., 2023). It is particularly insidious in Al
systems because algorithms may learn these correlations from historical data
without explicit programming (Vetro, 2021). As a result, it can perpetuate
cycles of inequality, such as in hiring algorithms that favor certain cultural
names or in insurance pricing models that charge higher rates based on
residential proxies for race. Detecting proxy bias requires scrutiny of feature
selections and correlations in models (Singhi and Liu, 2006; Gong¢alves et
al., 2025).

In addition to these forms of bias in ADM, it is useful to categorize bias
into broader types that reflect its origins and mechanisms, providing a
framework for understanding how it infiltrates Al systems at various levels.

Statistical bias in an ADM process arises from fundamental errors in the
processes of data collection, utilization, interpretation or validation that can
skew Al models toward inaccurate or unfair outcomes. This type of bias
often occurs when datasets are imbalanced, lacking diversity or sufficient
representation across different groups, leading the algorithm to prioritize
patterns from overrepresented segments of the population (Kulkarni et al.,
2020; Gonuguntla et al., 2025). For instance, if a facial recognition system
is trained predominantly on images of light-skinned individuals, it may
perform poorly on darker skin tones, resulting in higher error rates for
underrepresented demographics and favoring predictions that align with
the majority data. Such errors are not necessarily intentional but stem from
methodological flaws, such as inadequate sampling techniques or failure to
account for outliers, which can amplify disparities in applications ranging
from healthcare diagnostics to predictive analytics. Addressing statistical
bias requires rigorous data auditing, balanced sampling strategies and
validation methods to ensure that models generalize effectively across all
relevant populations (Taylor et al., 2008; Bakker, 2010; Debray et al., 2017;
Seraj et al., 2022; Gonuguntla et al., 2025).

Human bias refers to the individual or collective prejudices introduced
by developers, data scientists or stakeholders during the design and
implementation of Al systems, often manifesting unconsciously through
subjective decisions in feature selection, weighting or model tuning. This
can happen when personal assumptions influence how factors are prioritized
(Pulivarthy and Whig, 2024; Aninze and Bhogal, 2024); for example, an
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algorithm might use vocabulary style as a proxy indicator for the socioeconomic
background, inadvertently disadvantaging certain racial or gender groups
based on linguistic patterns correlated with cultural differences. Developers
may embed their own worldviews into the system without realizing it, such
as overemphasizing certain metrics that reflect societal stereotypes, leading
to biased outputs in hiring tools or recommendation engines. This form
of bias highlights the human element in Al, where cognitive shortcuts or
groupthink in teams can perpetuate inequities, emphasizing the need for
diverse development teams, bias-awareness training and ethical guidelines
to mitigate these influences from the outset (Xivuri and Twinomurinzi, 2023;
Verma et al., 2024).

Systemic bias, also known as institutional or historical bias, is deeply
rooted in the broader organizational practices, historical injustices or
prevailing social norms that shape the data and frameworks used in ADM,
often embedding long-standing inequalities such as racism or sexism into
technological systems. This occurs when historical data, which captures
past discriminatory patterns—such as the underrepresentation of women
in professional roles—is used to train models, thereby propagating those
same disadvantages into future predictions and decisions (Fountain, 2022;
Vitek et al., 2023). For example, a credit scoring algorithm drawing from
decades-old financial records might penalize groups historically excluded
from economic opportunities, reinforcing cycles of poverty or exclusion in
modern lending practices. Unlike more isolated forms of bias, systemic bias
reflects institutional structures and cultural contexts, making it pervasive
and challenging to eradicate without systemic reforms, including diversifying
data sources, incorporating historical context in model evaluations and
aligning Al deployments with equity-focused policies to break the chain of
inherited prejudices.

3.2 Real-life cases of bias in ADM

Numerous real-life cases illustrate the issues of bias in an ADM process,
demonstrating how flaws in Al systems can lead to discriminatory outcomes
across various sectors. These examples highlight the real-world consequences
of unaddressed biases, often caused by imbalanced training data, flawed
algorithmic designs or systemic inequalities, and underscore the need for
mitigation strategies and tools.

One frequently cited technology which is affected by bias is facial recogni-

tion, particularly concerning disparities in skin color. Al systems frequently
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struggle with darker skin tones because their training datasets are dominated
by images of lighter-skinned individuals, resulting in higher error rates for
underrepresented groups. A study by the American Civil Liberties Union
(ACLU) tested Amazon’s Rekognition software by matching photographs
of US Congress members against criminal databases. The results were
alarming: the system misidentified 28 members as criminals, with error rates
exceeding 40% for Black and Hispanic individuals, compared to near-100%
accuracy for those with white skin. This revelation prompted widespread
calls for Amazon to halt sales of the technology to police forces, citing severe
risks of racial bias and potential violations of human rights (Snow, 2018).

Bias also manifests in employment-related ADM processes, such as
recruitment systems and job advertising platforms. For instance, in the
mid-2010s, Amazon developed an Al-based hiring tool that was trained on
historical resumes predominantly from male applicants. The system learned
to downgrade women’s applications by penalizing gender-specific terms
like “women’s chess club”, ultimately leading to its discontinuation in 2018
due to inherent gender discrimination (Dastin, 2022). This issue extends
to large language models such as OpenAl's GPT-4 and Microsoft’s Copilot,
which, trained on male-dominated open data, can perpetuate gender biases
in generated content, further perpetuating stereotypes in professional
opportunities (Bano et al., 2025).

Financial and welfare systems further exemplify bias in ADM processes,
where decisions can have economic impacts. In Finland, an Al loan approval
system denied applications based on factors like nationality (viewing Finns
as poorer than Swedes), residence in rural areas (associated with lower
wealth) and gender, leading to unfair exclusions (Matzat, 2019). Beyond
lending, the 2020 Dutch child benefits fraud detection scandal involved an
Al system with erroneous data assumptions that falsely accused thousands
of families of fraud, causing significant confusion, reputational damage and
financial hardship; the government later apologized and initiated reforms to
prevent future errors (Amnesty International, 2021).

Other diverse cases reveal the broad scope of bias in ADM processes, affecting
vulnerable populations in everyday and high-stakes scenarios. Emotion
recognition Al often misinterprets neurodiverse individuals, leading to
inaccurate assessments in contexts such as hiring or security (Said et al.,
2026). Airport verification systems frequently disadvantage transgender,
intersex, non-binary or gender-non-conforming individuals by failing to
effectively handle non-traditional data inputs (Reddy-Best and Olson, 2020).
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Insurance pricing models may inflate rates based on country of birth as a
proxy for risk, while deepfake technologies enabled by Al can facilitate fraud
with biased implications (Arku et al., 2020). Biometric systems for public
services sometimes exclude users with darker skin tones, compounding
access inequalities (Kolberg et al., 2023). Collectively, these examples
demonstrate how bias in ADM processes leads to unfair outcomes, often
in critical areas such as justice, employment, finance and public welfare,
emphasizing the urgent need for ethical Al development to safeguard equity
and trust.

4. Accountability and mitigation of bias in Al systems

In legal contexts, determining responsibility for violations, such as bias
arising from Al-based decisions, is crucial. The inherent opacity and
complexity of Al systems—stemming from dynamic interactions between
hardware, software and evolving components—complicate the establishment
of accountability rules. Since users typically procure rather than develop
these systems, accountability must be linked to specific stages of data
processing where discriminatory elements may originate.

Accountability for Al systems spans multiple levels:

*  Designers and developers must prioritize fairness and transparency
to prevent biases, such as correcting inaccuracies in facial recognition
algorithms that disadvantage dark-skinned individuals (Radanliev,
2025);

+  Deployers bear the responsibility for ensuring lawful, non-discriminatory
application, including reevaluating lending algorithms that unfairly
impact ethnic groups (Constantino, 2025);

*  Lawmakers are tasked with enacting regulations, exemplified by
the EU AI regulatory framework, which mandates transparency
and accountability for high-risk systems (Al HLEG, 2019; European
Commission, 2020; ‘Regulation (EU) 2024/1689’, 2024).

*  End-users must objectively interpret Al outputs and apply decisions
without perpetuating bias (Porter et al., 2025).

Mitigating Al bias requires proactive management during implementation,
incorporating effective strategies and tools such as bias detection frameworks,
bias mitigation techniques and adversarial debiasing. Bias detection
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frameworks (DeAlcala et al., 2023; Tellez et al., 2023; Marripudugala, 2025)
are essential for identifying and quantifying biases in Al systems before
they lead to discriminatory outcomes. They typically involve systematic
audits of datasets, models and outputs to uncover imbalances, such as
underrepresented groups in training data or skewed predictions favoring
certain demographics. For instance, they might employ metrics like disparate
impact ratios or fairness-aware evaluations to measure how an algorithm
performs across protected attributes such as gender or ethnicity. By
integrating them early in the development pipeline, developers can pinpoint
sources of bias—whether from historical data prejudices or algorithmic
assumptions—and generate reports that guide corrective actions, ultimately
fostering more equitable Al deployments.

Bias mitigation techniques (Gonzalez-Sendino et al., 2024; Choi et al., 2025)
encompass a range of techniques designed to reduce or eliminate identified
biases during the model’s training or post-processing stages. Common
approaches include data augmentation, where underrepresented samples
are synthetically generated to balance datasets or reweighting algorithms
that assign higher importance to minority groups in the learning process.
Other techniques involve fairness constraints in optimization objectives,
ensuring that the model minimizes accuracy disparities without sacrificing
overall performance. They are proactive, allowing organizations to refine Al
systems iteratively, such as adjusting a hiring algorithm to prevent gender-
based favoritism, thereby promoting both transparency and accountability
in real-world applications.

Adversarial debiasing (Senthil et al., 2025) represents a more advanced
approach that uses adversarial training to make AI models robust against
biases. In this approach, a primary model is trained alongside an adversarial
network that attempts to predict protected attributes (e.g., race or age) from
the model’s outputs, forcing the main model to produce representations
that obscure these sensitive features while maintaining utility. This game-
theoretic method helps in creating “bias-blind” embeddings, which are
particularly useful in scenarios such as facial recognition or credit scoring
where subtle correlations could perpetuate inequalities. By continuously
challenging the model during training, adversarial debiasing enhances
generalization and fairness, though it requires careful tuning to avoid over-
correction or reduced efficiency.

Additionally, regulatory-driven approaches such as risk assessments are
crucial for identifying and addressing potential biases (Hartung et al.,
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2025). Development must align with ethical principles and legal frameworks
to avoid unfair outcomes, while ongoing monitoring and updates prevent
emerging biases (Ricaurte and Zasso, 2023; Lacmanovic and Skare, 2025).
Effective supervision further reinforces these efforts (Henzinger et al., 2023).
To operationalize regulatory elements, states play a key role in raising
awareness among decision-makers about AI's potential for discrimination,
including how to detect and prevent it (Goel and Nelson, 2025). In Estonia,
this could involve legal mandates, such as requiring notification to individuals
affected by algorithmic decisions about AI’s involvement and extent, along
with guidance on recourse if discrimination is suspected. Developers should
adhere to state guidelines throughout the AI lifecycle to preempt biases at
every stage.

Central EU instruments, including the General Data Protection Regulation
(GDPR) (‘Regulation (EU) 2016/679°, 2016) and the EU Al Act (‘Regulation
(EU) 2024/1689’, 2024), emphasize human control. Article 22 of the GDPR
mandates human intervention in automated decisions, while Article 14
of the EU AI Act requires human oversight, encompassing system-wide
controls (design, implementation, testing auditing) and case-specific reviews.
Additionally, the EU AI Act outlines requirements for high-risk systems
under Articles 9 (risk management), 10 (data governance), 11 (technical
documentation), 13 (transparency) and 15 (accuracy and robustness)
(Goksal et al., 2025). For discrimination contexts, rules for medium- or low-
risk systems remain unclear.

Organizations must fulfill human oversight duties by understanding high-
risk Al operations, responding to issues, recognizing automated biases in
decisions affecting individuals and being ready to suspend usage if risks
emerge. While aligning with EU AI regulatory framework across EU
Member States, including in Estonia, is still evolving, additional national
regulations and guidelines are essential to clarify the rights, obligations and
responsibilities for developers, deployers and end-users in preventing bias
and discrimination in automated decision-making.
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5. Conclusion

Estonia’s pioneering role in digitalizing public services, with nearly full
online accessibility and high EU Digital Decade scores, has accelerated the
integration of AI. While these Al systems enhance objectivity and uniformity
in administrative decision-making, they remain vulnerable to biases
introduced at various stages, from data collection to deployment. Estonia
currently lacks tailored strategies and tools to systematically identify and
prevent bias in the ADM process. The objective of the EquiTech project is
to explore strategies and tools for identifying and preventing bias in ADM
processes, with a focus on Estonia’s public sector, and to disseminate these
approaches to promote trustworthy Al governance. The purpose of this paper
was to discuss the outputs of the EquiTech project, thereby contributing to
the efforts to conceptualize these strategies and tools specifically for the
Estonian Al ecosystem in the public sector.

This article discussed the technical foundation of Al technology and analyses
of bias in Al-based decision-making, including the concept of bias in Al, how
assumptions in data led to unfair outcomes, classifications of bias types and
relevant case studies. It also examined strategies and tools such as bias
detection frameworks, bias mitigation techniques, adversarial debiasing,
continuous monitoring and compliance with regulatory requirements,
thereby contributing to a human-centric and equitable Al ecosystem in
Estonia. However, a key limitation of this study is that it primarily discusses
these elements without fully conceptualizing strategies and tools tailored
to the Estonian ecosystem, and it lacks empirical evaluation to assess the
success or effectiveness of any such conceptualization in practice.

Future research should prioritize conceptualization studies that develop
tailored strategies and tools for bias mitigation within the Estonian Al
ecosystem, particularly in the public sector, by integrating sociotechnical
perspectives that account for local cultural, regulatory and infrastructural
contexts. This could involve designing framework/sociotechnical Al
models that blend technical innovations—such as advanced bias detection
algorithms—with social elements, such as stakeholder engagement and
ethical training for public administrators, to ensure holistic implementation.
Furthermore, empirical studies, including longitudinal evaluations and
controlled experiments in Estonian public Al systems, are essential to
assess the practical success, scalability and impact of these conceptualized
approaches on reducing biases and enhancing trustworthiness.
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