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Abstract

The integration of Automated Decision-Making (ADM) systems powered by Artificial
Intelligence (Al) into public-sector governance promises enhanced administrative efficiency,
consistent welfare allocation, and streamlined municipal licensing. However, the deployment
of “black-box” machine learning models in high-stakes public decisions raises profound
ethical, legal, and operational concerns regarding administrative due process, algorithmic bias,
and systemic citizen distrust. Enforcing legislative compliance under frameworks such as the
European Union Al Act, GDPR Article 22, and national digital governance mandates requires
robust, auditable Explainable Al (XAI) paradigms. This paper proposes the Public Sector
Algorithmic Auditing and Explainability Framework (PAAE-XAI), an end-to-end architecture
designed to benchmark interpretability models across public-sector automated decision
workflows. Evaluating a multi-domain dataset of 250,000 public administrative decision
cases, spanning social welfare eligibility, automated tax compliance auditing, and municipal
building permit approvals, we establish a quantitative Citizen Trust Index (CTI) and an
Algorithmic Auditability Score (AAS). Empirical evaluation demonstrates that implementing
PAAE-XALI increases citizen trust scores by 48.6% (elevating CTI from 0.42 to 0.89) and
accelerates independent regulatory compliance verification by 85.2% (reducing audit latency
from 14.5 hours to 2.15 hours per case). Furthermore, the proposed multi-layered surrogate
feature attribution model achieves an explanation fidelity score of 99.1% while maintaining
real-time response SLAs under 120 ms, establishing an operational benchmark for transparent,
accountable digital governance.

1. Introduction

adopt Automated Decision-Making (ADM) systems as a means
of improving administrative efficiency, consistency, and
scalability (Wirtz et al., 2019; Zuiderwijk et al., 2021). These

The rapid digital transformation of municipal, regional, and
national public-sector administrations has fundamentally
changed the way governments design, manage, and deliver
public services. Traditionally, administrative decision-making
depended heavily on manual procedures, paper-based
documentation, predefined rules, and discretionary judgments
made by public officials. Although such approaches allowed
administrators to consider contextual information and exercise
human judgment, they were often associated with lengthy
processing  times, backlogs, inconsistent
decision-making, and operational costs. The
increasing availability of large-scale administrative datasets,
advanced computational infrastructure, and artificial
intelligence (AI) has therefore encouraged governments to

administrative
substantial

systems are increasingly capable of processing large volumes of

complex  information and  generating  predictions,
classifications, recommendations, or decisions with limited
human intervention.

Modern public-sector ADM
sophisticated machine-learning techniques, including Gradient
Boosted Decision Trees (GBDTs), Deep Neural Networks
(DNNSs), ensemble classification models, random forests, and
other advanced predictive architectures. Such technologies can

be applied to a broad range of government activities, including

systems frequently employ

social-welfare eligibility assessment, public-housing allocation,
tax-evasion risk prediction, unemployment-benefit
administration, fraud detection, environmental permit
assessment, healthcare prioritization, and other high-impact
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administrative processes (Wirtz et al., 2019; Valle-Cruz et al.,
2020). When appropriately designed and governed, ADM
systems can significantly reduce administrative workloads,
accelerate service delivery, standardize the application of
eligibility criteria, minimize repetitive human tasks, and reduce
operational expenditure. The ability of machine-learning
models to identify complex patterns across large administrative
datasets also enables public institutions to process cases that
would otherwise require substantial human resources and
considerable amounts of time (Zuiderwijk et al., 2021).
Despite these potential benefits, the integration of complex
machine-learning models into public administration creates
substantial socio-legal, ethical, and technical challenges.
Public-sector decision-making differs fundamentally from
many commercial applications of artificial intelligence because
government decisions can directly influence constitutionally
protected rights, access to public services, financial security,
employment opportunities, housing, taxation, and other
essential aspects of citizens' lives. Consequently, the
performance of an ADM system cannot be evaluated
exclusively according to predictive accuracy. A model may
demonstrate high classification accuracy while simultaneously
producing discriminatory outcomes, relying on inappropriate
variables, reproducing historical inequalities, or generating
decisions that affected individuals cannot meaningfully
understand or challenge (Mehrabi et al., 2021; Kroll et al.,
2017). The legitimacy of public-sector Al therefore depends not
only on whether an algorithm produces an accurate prediction
but also on whether its decision-making process is transparent,
accountable, fair, contestable, and consistent with applicable
legal and administrative principles (Wirtz et al., 2020).

One of the most significant challenges in this context is the
opacity of complex machine-learning models. Models such as
DNNs and sophisticated ensemble architectures may contain
large numbers of parameters and nonlinear relationships that
make their internal decision processes difficult to interpret. This
characteristic is commonly described as the "black-box"
problem (Burrell, 2016; Guidotti et al., 2018). When an ADM
system produces an adverse administrative outcome, affected
citizens may be unable to determine why the decision was
reached, which factors influenced the outcome, whether
incorrect information was used, or whether they were treated
differently from comparable individuals. For example, if an
automated public-housing system rejects an applicant, the
individual may need to know whether the decision was
influenced by income, household characteristics, employment
status, previous housing records, geographic information, or
another variable. Without an understandable explanation, the
citizen may have difficulty correcting inaccurate information,
exercising appeal rights, or demonstrating that the decision was
unfair (Wachter et al., 2017).

The opacity of ADM systems also creates challenges for public
officials, auditors, regulators, and judicial institutions. An
administrative officer responsible for reviewing an automated
decision may not possess sufficient information to determine
whether the model applied the relevant eligibility criteria
correctly. Similarly, an independent auditor may be unable to
establish whether a particular model systematically
disadvantages certain groups or relies on variables that function
as proxies for protected characteristics. Consequently,
explainability is not merely a technical requirement for
understanding machine-learning models; within  public
administration, it is closely connected to procedural fairness,
institutional accountability, and democratic oversight (Kroll et
al., 2017; Wirtz et al., 2020). An explanation should provide
sufficient information for the relevant stakeholder to understand
the basis of a decision, assess whether the decision is
appropriate, and determine whether further review or
contestation is necessary.

The increasing adoption of Al in government has therefore been
accompanied by growing regulatory attention to transparency,
accountability, human oversight, fairness, and risk
management. Regulatory initiatives such as the European
Union's General Data Protection Regulation (GDPR), the EU
Artificial Intelligence Act, and algorithmic accountability
initiatives in the United States demonstrate the broader
movement toward establishing governance mechanisms for
high-impact automated systems (European Parliament &
Council of the European Union, 2024; Goodman & Flaxman,
2017). The legal framework surrounding automated decision-
making emphasizes the importance of providing individuals
with meaningful information concerning decisions that
significantly affect them, while emerging Al regulation
increasingly requires appropriate transparency, documentation,
human oversight, risk management, and accountability
mechanisms for high-risk Al applications. These developments
demonstrate that explainability must be considered not only
from a technical perspective but also from a legal and
institutional perspective.

However, a distinction must be made between technical
explainability and meaningful administrative explanation. A
technically accurate explanation may consist of feature-
attribution values, mathematical approximations, probability
scores, or complex visualizations that are useful to machine-
learning researchers but difficult for ordinary citizens to
understand. Conversely, an explanation written in simple
language may be easy to understand while failing to accurately
represent the actual behavior of the underlying model. This
creates a central challenge for public-sector XAI: an
explanation must simultaneously maintain sufficient technical
fidelity, provide meaningful information to affected
individuals, support administrative review, and contribute to



regulatory accountability (Miller, 2019; Doshi-Velez & Kim,
2017).

Several post-hoc Explainable AI (XAI) methods have been
developed to address the opacity of machine-learning models.
SHAP, LIME, and Anchors are among the most prominent
approaches. SHAP estimates the contribution of individual
features to a model prediction based on principles derived from
cooperative game theory (Lundberg & Lee, 2017). LIME
constructs locally interpretable approximations of complex
models by examining perturbed samples around a specific
prediction (Ribeiro et al., 2016). Anchors generate rule-based
explanations designed to identify conditions under which a
model is likely to maintain a particular prediction (Ribeiro et
al., 2018). These techniques have become important tools for
researchers and practitioners seeking to understand black-box
machine-learning systems.

Nevertheless, their direct application to public-sector ADM
introduces several unresolved challenges. In particular,
conventional post-hoc methods may provide technically
informative explanations without fully addressing explanation
latency, citizen comprehension, regulatory auditability,
explanation stability, and the requirements of continuous
administrative oversight.

One important limitation concerns computational overhead.
Government institutions may process thousands or millions of
administrative cases, meaning that an explanation technique
must be capable of operating at considerable scale. A method
that performs effectively on a small experimental dataset may
become computationally expensive when explanations must be
generated for every individual administrative decision. This
creates a practical tension between explanation quality and
operational efficiency.

Another important limitation concerns explanation stability.
Post-hoc explanations may change when the underlying data,
sampling process, model configuration, or correlated features
change. If two similar citizens receive similar model predictions
but substantially different explanations, public confidence in
the administrative system may be undermined. Instability is
particularly problematic in public administration because
explanations may become part of official records and may
subsequently be examined by citizens, legal representatives,
auditors, regulators, or courts. An explanation that cannot be
reproduced or consistently interpreted may therefore provide
limited value for accountability.

Feature correlation presents an additional methodological
challenge. Administrative datasets commonly contain variables
that are strongly related to one another. Income may be
associated with employment status, household composition
may be associated with housing requirements, and geographic
information may correlate with socioeconomic conditions.
When highly correlated variables are used by a machine-
learning model, XAI methods may distribute attribution values

among these variables in ways that are difficult to interpret.
Consequently, the apparent importance of an individual feature
may not necessarily correspond to a straightforward causal
explanation of the decision.

Existing XAI approaches also tend to prioritize technical
metrics over human-centered measures of understanding.
Metrics such as fidelity, sparsity, and computational efficiency
are valuable for evaluating the behavior of explanation
algorithms, but they do not directly determine whether an
affected citizen understands the explanation. A citizen may be
able to read that a particular feature contributed a numerical
percentage to a prediction without understanding what that
information means for their administrative status. Therefore,
explanation quality in public-sector environments must
incorporate human comprehension, accessibility, actionability,
and the ability of citizens to use the explanation when exercising
procedural rights.

This issue reveals a significant research gap in the existing XAl
literature. Although numerous methods have been proposed for
interpreting complex machine-learning models, there remains a
lack of a standardized benchmarking framework specifically
designed for public-sector ADM environments. Existing
evaluations generally concentrate on model fidelity,
explanation consistency, computational cost, or feature
attribution, while comparatively less attention is given to
whether  explanations support citizen comprehension,
administrative review, legal accountability, and meaningful
contestation. Public-sector Al requires a broader evaluation
framework in which technical performance is considered
alongside human and institutional requirements.

To address this gap, this study proposes a comprehensive XAl
benchmarking framework specifically designed for automated
decision-making in public-sector environments. The framework
conceptualizes explanation quality as a multidimensional
construct incorporating technical validity, computational
efficiency,  human  comprehensibility,
usefulness, and regulatory suitability. Rather than treating an
XAI method as successful simply because it accurately
approximates a machine-learning model, the proposed
framework evaluates whether the resulting explanation can
perform its intended function within a public administrative

administrative

environment.

The technical component of the framework evaluates the extent
to which an explanation accurately represents the behavior of
the underlying ADM model. Measures of fidelity can determine
whether the explanation corresponds to the model's actual
prediction process, while stability measures can evaluate
whether similar cases produce consistent explanations.
Robustness can be examined by testing the behavior of
explanations under reasonable perturbations of input data.
Computational efficiency can be evaluated by measuring
explanation-generation time and resource consumption, while
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scalability can be assessed by examining how the method
performs as the number of administrative cases increases. These
measurements provide an empirical basis for determining
whether an XAI method is sufficiently reliable for operational
public-sector deployment.

The human-centered component evaluates  whether
explanations can be understood and effectively used by
individuals who interact with the ADM system. This is
particularly important because the primary recipient of an
administrative explanation may not have a background in
statistics, machine learning, or computer science. Citizen
comprehension can therefore be measured through controlled
experiments in which participants are asked to interpret
explanations and identify the principal reasons for a particular
administrative outcome. The framework can additionally
evaluate whether citizens understand what information
influenced the decision, whether they can identify potentially
incorrect information, and whether they can determine what
actions may be available to them. Such evaluation shifts XAI
research from a model-centric perspective toward a human-
centered approach that recognizes explanation as a
communication mechanism between algorithmic systems and
affected individuals.

The governance component of the proposed framework focuses
on the extent to which explanations support accountability and
regulatory oversight. A suitable public-sector explanation
should make it possible to trace a decision to the relevant model,
input information, and decision context. It should also provide
sufficient information for authorized officials to review
automated outcomes and identify potential errors or
inappropriate patterns. From an auditing perspective,
explanations should help oversight bodies determine whether
the system consistently applies relevant criteria and whether
potentially discriminatory variables or proxies influence its
outputs. From a citizen perspective, the explanation should
provide sufficient information to support meaningful
contestation when an adverse decision is believed to be
incorrect or unfair.

The proposed framework can be empirically evaluated using
representative public-sector ADM scenarios. Multiple machine-
learning models, including GBDTs and DNNs, can be trained
using administrative datasets representing high-impact
decision-making tasks. The same models can then be
interpreted using different XAI techniques, such as SHAP,
LIME, and Anchors. Their explanations can subsequently be
evaluated using a common set of technical, human-centered,
and governance-related criteria. This experimental design
allows the study to determine whether an XAI technique that
performs well according to conventional machine-learning
metrics also performs effectively when evaluated from the
perspective of citizens and public institutions.

The benchmarking process can further employ a multi-criteria
evaluation model to integrate different dimensions of
explanation quality. Conceptually, the overall performance of
an XAl method can be represented as a weighted combination
of technical quality, human comprehensibility, and governance
suitability. However, rather than relying exclusively on a single
numerical score, the framework <can produce a
multidimensional performance profile for each XAI method.
This approach is particularly appropriate for public
administration because different applications may have
different priorities. A welfare eligibility system, for instance,
may place greater emphasis on citizen comprehension and
contestability, whereas a large-scale tax-risk prediction system
may place greater emphasis on computational efficiency,
robustness, and auditability.

The proposed research is expected to contribute to the fields of
Explainable AI, responsible artificial intelligence, public
administration,  algorithmic ~ governance, and digital
government. Its primary contribution lies in establishing a
domain-specific methodology for benchmarking XAI methods
under the unique requirements of public-sector decision-
making. By combining technical evaluation with human-
centered and governance-oriented assessment, the framework
moves beyond conventional interpretations of explainability
and recognizes that an explanation has value only when it serves
the needs of its intended stakeholders.

The research also contributes by introducing citizen
comprehension as an explicit component of XAl evaluation.
This is particularly important because the ultimate purpose of
transparency in public administration is not simply to expose
the internal structure of an algorithm but to enable individuals
and institutions to understand how decisions affecting them
have been reached. An explanation that is mathematically
faithful but incomprehensible to citizens may have limited
practical value, while an explanation that is highly accessible
but technically inaccurate may create an equally serious
accountability problem. The proposed framework therefore
seeks to identify an appropriate balance between fidelity,
comprehensibility, efficiency, and regulatory usefulness.
Ultimately, the effective implementation of AI in public
administration requires a shift from the traditional question of
whether an algorithm is accurate to a broader question of
whether the algorithmic decision-making process is
trustworthy, understandable, accountable, and contestable.
Explainable Al can play a central role in achieving this
objective, but only if explanation techniques are evaluated
according to the real-world requirements of public governance.

2. Related Work

The existing literature relevant to this study can be organized
into three closely interconnected research threads that

collectively establish the theoretical, methodological, and
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empirical foundation for the proposed PAAE-XAI framework.
These three threads encompass the legal and algorithmic
foundations of explainable automated decision-making,
empirical research on algorithmic auditing and post-hoc
interpretability in public-sector environments, and research
examining citizen trust, procedural justice, and the right to
explanation in algorithmically mediated public administration.
Although substantial progress has been made within each of
these areas, the literature remains fragmented, with limited
integration of computational efficiency, regulatory auditability,
and citizen-centered comprehension within a single XAl
framework.

The first research thread concerns the legal and algorithmic
foundations of explainable automated decision-making. At the
regulatory level, the EU Al Act represents an important
development in the governance of high-risk Al systems by
establishing requirements concerning transparency, human
oversight, risk  management,  documentation, and
accountability. These requirements are particularly relevant to
public-sector applications because automated systems may
influence decisions concerning access to welfare, employment,
housing, taxation, migration, and other essential public services.
The regulatory emphasis on transparency and human oversight
establishes an important normative expectation that automated
decisions should not operate as entirely opaque processes.
Instead, organizations deploying high-risk Al systems must
establish mechanisms that enable appropriate human
supervision and facilitate understanding of system outputs. The
EU AI Act therefore provides the legal and governance context
within which explainability should be evaluated, although the
legislation does not itself prescribe a single computational XAI
technique or establish a universal metric for measuring the
quality of explanations provided to citizens.

At the algorithmic level, the work of Lundberg and Lee (2017)
introduced SHAP as a unified approach for interpreting
predictions using principles derived from Shapley values in
cooperative game theory. SHAP has subsequently become one
of the most influential foundations of modern post-hoc
explainability research because it provides a theoretically
motivated mechanism for attributing a model's prediction to its
input features. Its ability to generate both global and local
explanations has made it particularly relevant to high-impact
machine-learning applications in which stakeholders need to
understand why a particular prediction was produced. The
conceptual foundation established by Lundberg and Lee is
consequently important to the development of more specialized
XAI architectures, including the PAAE-XAI framework
proposed in this study. However, the conventional SHAP
framework was not specifically designed for public-facing
administrative environments. Its primary concern is the
attribution of model outputs rather than the broader operational

requirements of government decision systems, such as
explanation latency, citizen comprehension, regulatory
auditability, and large-scale deployment.

This distinction is particularly important when XAl is
incorporated into citizen-facing administrative portals. A
theoretically sound explanation has limited practical value if it
requires several seconds or minutes to generate for an individual
administrative case, particularly when the explanation must be
delivered interactively during a citizen's interaction with a
digital government service. Similarly, an explanation
containing mathematically precise feature-attribution values
may not necessarily be understandable to citizens who have
limited statistical or technical knowledge. Thus, although the
legal literature establishes the importance of transparency and
the algorithmic literature provides powerful mechanisms for
generating explanations, neither strand independently resolves
the operational and cognitive requirements associated with
public-facing ADM systems. PAAE-XAI addresses this gap by
treating ~ computational  responsiveness and  human
comprehension as integral components of explanation quality
rather than secondary considerations.

The second research thread focuses on empirical benchmarking,
algorithmic auditing, and post-hoc interpretability in automated
public-sector  decision-making. Recent studies have
increasingly moved beyond theoretical discussions of
explainability and have examined how automated decision-
support systems operate in real or simulated public-
administration environments. Research examining algorithmic
bias and transparency in e-government decision-support
systems demonstrates the importance of auditing automated
systems for potential discriminatory patterns, inappropriate
decision criteria, and deficiencies in transparency. Such work
establishes that public-sector algorithms require systematic
examination rather than being evaluated solely on conventional
predictive-performance measures. Algorithmic accuracy, for
example, cannot independently demonstrate that an automated
administrative system is fair or procedurally legitimate.

Complementing this work, recent benchmarking research has
compared post-hoc interpretability techniques in the context of
public welfare automated decision-making. This line of
research is particularly relevant because welfare administration
represents a high-impact domain in which automated
predictions can directly affect individuals' access to financial
assistance and essential social services. Comparing multiple
XAI methods within such a context demonstrates the
importance of evaluating explanations according to criteria such
as fidelity, stability, interpretability, and computational
performance rather than assuming that one explanation
technique is universally superior. The literature therefore
provides an important methodological foundation for the
benchmarking component of PAAE-XAI



Nevertheless, existing auditing and benchmarking approaches
generally remain divided between technical evaluation and
institutional evaluation. Algorithmic auditing research tends to
emphasize bias detection, fairness, transparency, and
accountability, while XAI benchmarking research tends to
focus on the fidelity and stability of explanation methods. These
perspectives are complementary but are rarely optimized
simultaneously for the needs of different stakeholders. A
regulator may require detailed and technically faithful
information to verify whether an automated decision complies
with applicable requirements, whereas a citizen may require a
substantially simpler explanation that communicates the
principal reasons for an outcome without overwhelming
technical detail. Consequently, a single explanation format may
not be equally appropriate for all stakeholders.

PAAE-XALI extends this research direction by incorporating a
dual-audience explanation architecture in which explanations
can be adapted to different institutional and user requirements.
The regulator-oriented component is intended to preserve
sufficient technical detail for auditing and verification, while
the citizen-oriented component emphasizes concise and
cognitively accessible explanations. This approach recognizes
that transparency is not necessarily synonymous with
presenting more information. Instead, effective transparency
requires presenting the appropriate information to the
appropriate stakeholder in a form that enables meaningful
understanding and action. The contribution of PAAE-XAI
therefore lies not simply in generating explanations but in
benchmarking their suitability across distinct public-sector
audiences.

The third research thread concerns citizen trust, procedural
justice, and the right to explanation in public administration.
This literature shifts the focus from the internal behavior of
algorithms toward the experiences of individuals affected by
algorithmic decisions. Research examining explainable Al
within public administration through the perspectives of citizen
trust and procedural justice demonstrates that -citizens'
acceptance of automated decisions may depend not only on
whether the outcome is favorable but also on whether the
decision-making process is perceived as understandable, fair,
and legitimate. This is consistent with established theories of
procedural justice, which emphasize that individuals may
evaluate administrative processes according to factors such as
transparency, consistency, neutrality, voice, and the perceived
legitimacy of decision-making authorities.

This perspective is particularly significant for automated
government systems because citizens may perceive algorithmic
decisions as less legitimate when they are unable to understand
or contest the reasons underlying those decisions. An
explanation can therefore serve two related functions: it can
provide informational transparency concerning the operation of

the ADM system, and it can influence citizens' perceptions of
fairness and institutional legitimacy. A clear explanation may
help an individual understand why a particular decision
occurred, identify potentially inaccurate information, and
determine whether an appeal or correction is appropriate. In
contrast, an opaque or highly technical explanation may
reinforce perceptions that the administrative system is arbitrary
or inaccessible.

Related empirical research examining algorithmic governance
and the bureaucratic right to explanation further emphasizes the
institutional significance of explainability. From  this
perspective, explanation should not be treated merely as an
optional usability feature but as part of the procedural
relationship between public institutions and citizens. When
administrative decisions are delegated to algorithms, the
traditional bureaucratic relationship between citizen and public
official becomes partially mediated by computational systems.
The right to receive understandable reasons for an
administrative outcome therefore becomes increasingly
important for preserving procedural due process and
maintaining institutional accountability.

These studies provide an important conceptual basis for the
Citizen Trust Index (CTI) introduced in this research. Rather
than treating citizen trust as an abstract or purely qualitative
outcome, the proposed framework conceptualizes trust as an
empirically measurable dimension of XAI performance. The
CTI is intended to capture whether the presentation of an
algorithmic explanation affects citizens' perceptions of
transparency, fairness, procedural legitimacy, and confidence in
the administrative institution. This enables the study to
investigate an important question that conventional XAI
benchmarks often overlook: whether a technically faithful
explanation actually improves the citizen's experience of an
automated administrative decision.

Despite these developments, an important gap remains between
research on citizen-centered explainability and research on
high-performance, operational XAl systems. Existing studies
provide valuable evidence concerning trust, procedural justice,
and the right to explanation, but they generally do not combine
these constructs with strict real-time computational
requirements and large-scale empirical validation. In particular,
the literature does not adequately establish whether citizen-
oriented explanations can simultaneously satisfy cognitive-
comprehension requirements and operate within the latency
constraints expected of modern digital-government platforms.
This is a significant limitation because an explanation
mechanism intended for real-world public administration must
operate under substantially different conditions from an
explanation method evaluated only in an offline experimental
environment.



The present study addresses this gap by positioning PAAE-XAI
at the intersection of these three research traditions. The
framework combines the legal and governance requirements
established by contemporary Al regulation with the algorithmic
foundations of post-hoc feature attribution and the empirical
insights of public-sector auditing and citizen-centered
procedural-justice research. Its central premise is that an
effective explanation for public-sector ADM must satisfy three
complementary requirements: it must remain sufficiently
faithful to the underlying model, it must provide information
that can support regulatory and administrative auditing, and it
must be sufficiently comprehensible to the citizens affected by
the decision.

Within this integrated framework, the proposed sub-120 ms
surrogate explanation engine represents the computational
component of the research contribution. Rather than treating
explanation generation as an offline analytical activity, the
study investigates whether explanations can be generated
rapidly enough to support interactive citizen-facing
applications. The empirical validation across 250,000
administrative cases further distinguishes the study from small-
scale XAI experiments by examining whether the proposed
approach can maintain its performance characteristics under a
substantially larger operational workload. This scale is
particularly relevant to public-sector environments, where an
explanation mechanism may need to support large populations
and continuous administrative processing rather than isolated
demonstrations.

The literature therefore establishes a clear progression toward
the proposed research. Regulatory scholarship establishes why
transparency, human oversight, and accountability are
necessary  in  high-risk  automated decision-making.
Foundational XAI research establishes the mathematical and
computational mechanisms through which opaque models can
be interpreted. Public-sector algorithmic auditing and
benchmarking studies demonstrate the need to evaluate these
mechanisms within real administrative contexts. Finally,
research on citizen trust and procedural justice demonstrates
that explainability has consequences beyond technical
interpretability because explanations can influence perceptions
of fairness, legitimacy, and institutional trust.

However, these strands have largely developed in parallel rather
than as components of a unified evaluation framework. The
principal research gap identified by this study is therefore not
simply the absence of another XAl algorithm, but the absence
of an integrated methodology that simultaneously evaluates
regulatory fidelity, computational responsiveness, technical
explanation quality, and citizen cognitive comprehension in
large-scale public-sector ADM. PAAE-XAI is designed to
address this gap by connecting these dimensions within a single

empirical framework and by evaluating explanation
performance at both the institutional and citizen levels.

Accordingly, Figure 1 situates the relevant literature
chronologically and illustrates the increasing convergence of
research on Al regulation, explainability, algorithmic auditing,
and citizen-centered governance. The progression of this
literature demonstrates that public-sector XAl has evolved from
a predominantly technical concern toward a multidisciplinary
research area involving machine learning, law, public
administration, human-computer interaction, and algorithmic
governance. The present study builds upon this evolution by
proposing an empirically validated framework that treats
explanation latency, regulatory auditability, and citizen
comprehension as interconnected requirements of trustworthy
automated decision-making rather than independent research
concerns. The framework further emphasizes that explainability
should be evaluated not only at the individual decision level but
also across the broader administrative lifecycle. By integrating
real-time explanation generation with continuous auditing, the
proposed approach enables public institutions to identify
emerging risks and inconsistencies during operational
deployment. This perspective supports a transition from
reactive explanation toward proactive algorithmic governance
and continuous accountability. Consequently, PAAE-XAI
provides a foundation for developing more transparent, citizen-
centered, and institutionally accountable public-sector ADM
systems. It therefore positions explainability as an ongoing
governance capability rather than a one-time technical feature.
This continuous governance approach can enhance institutional
trust while enabling timely correction of problematic automated
decisions. This ongoing process can strengthen transparency,
accountability, and public confidence in automated
administrative decision-making.
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Figure 1. Related-work distribution by publication year.

Table 1 summarizes how each cited thread relates to the
empirical and architectural gap that PAAE-XAI addresses.



2.1 Comparative Summary of Related Work

Table 1. Comparative summary of related work relative to the
proposed PAAE-XAI framework.

Gap
Source (Year) | Focus Area Type Addressed by
PAAE-XAI
EU AI Act: Legal mandate;
European PR no operational
Parliament & ilrlf;ls-zsrl;;tl ;Zizzizgulatory latency or
Council (2024) 1sparency fidelity
obligations
benchmark
SHAP: unified e
Lundberg & game-theoretic | Foundational putati ’nall
Lee (2017) feature algorithm computationally
attribution too slow for
" real-time SLAs
Auditing Auditing
IEEE Trans. algorithmic nmoegilgggll:gy’
Technology & | bias in e- Empirical study facin
Society (2026) | government acmg .
ADM comprehension
metric
Bs;lt(-:ﬁ(r)réarkmg Interpretability
ACM FAccT ?nte retabilit Empirical benchmark; not
(2025) in pfilic Y | benchmark paired with a
welfare ADM trust index
Government XA for public Trust framing,
Information administration: Empirical/theoretical | 1° quantified
Quarterly trust & due P CTI or latency
(2025) process benchmark
Algorithmic Governance
Public governance & .. . S
.. . . Empirical multi- trial; not a real-
Administration | bureaucratic acency trial time surrogate
Review (2025) | right to geney surrog
explanation architecture

3. System Components & Nomenclature

To establish a rigorous mathematical and methodological
foundation for auditing and benchmarking algorithmic
explanations in public-sector Automated Decision-Making
(ADM) systems, this section defines the core nomenclature,
formal concepts, measurable variables, and operational target
baselines adopted throughout the study. Establishing a common
mathematical vocabulary is essential because the proposed
framework evaluates XAI performance across multiple
dimensions that extend beyond conventional predictive
accuracy. In a public-sector environment, an explanation must
simultaneously preserve fidelity to the underlying decision
model, remain sufficiently stable under repeated evaluations,
satisfy computational constraints, support regulatory auditing,
and communicate decision rationales in a form that can be
understood by affected citizens. The definitions introduced in
this section therefore provide the formal basis for comparing
alternative explanation strategies and for subsequently
evaluating the proposed PAAE-XAI framework against
established XAI approaches. This integrated perspective

provides a robust basis for assessing both technical validity and
practical accountability.

The mathematical formulation begins with the representation of
a public-sector administrative decision as a function of an input
feature vector. Let an administrative case be represented by ,
where denotes the number of features available to the ADM
system. These features may represent demographic,
socioeconomic, administrative, behavioral, financial, or case-
specific information, subject to the applicable legal and data-
governance requirements. The underlying automated decision
model is represented by , which maps the input vector to either
a classification, probability, score, recommendation, or other
administrative output. For a binary decision problem, the model
may be expressed as , where represents the predicted probability
of an outcome. The final administrative decision can
subsequently be represented as , where the prediction generated
by the model is transformed into an operational decision
according to an established threshold or administrative rule.

An explanation mechanism is represented by , where denotes
the selected XAl method and represents the individual
administrative case being explained. The output of may consist
of feature-attribution scores, surrogate-model coefficients,
decision rules, counterfactual information, or a natural-
language explanation derived from the underlying attribution
structure. For a feature-attribution explanation, the resulting
explanation can be represented as a vector , where denotes the
contribution attributed to feature for the particular
administrative decision. The explanation therefore provides a
localized representation of how the underlying ADM model
arrived at a specific outcome.

A central property of the proposed benchmarking framework is
explanation fidelity. Fidelity measures the extent to which an
explanation accurately represents the behavior of the underlying
ADM model. Let denote a locally interpretable surrogate model
constructed around the observation. The fidelity of the
explanation can then be estimated by measuring the agreement
between the explanation and the model over a defined
neighborhood. Conceptually, this can be expressed as

where represents an appropriate loss function. A higher value of
indicates that the explanation provides a closer approximation
of the actual model behavior. This measure is particularly
important in public-sector applications because an explanation
that is easy to understand but does not accurately represent the
underlying model could provide misleading information to
citizens or auditors.

The framework also defines explanation stability as the degree
to which an explanation remains consistent when the same or
similar administrative case is evaluated repeatedly. If represents
an explanation generated for case, then stability can be
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examined by comparing the explanation with those produced
under controlled perturbations of the same input. For two
explanation vectors, a similarity measure can be defined as

where represents an appropriately normalized distance between
the two explanations. Higher stability indicates that the
explanation is less sensitive to irrelevant changes in sampling,
perturbation, or computational conditions. This property is
particularly significant in administrative environments because
inconsistent explanations for similar cases may weaken both
institutional accountability and citizen confidence.

Another important variable is explanation latency, which
represents the time required to generate and deliver an
explanation after an ADM prediction has been produced. Let
denote the time required for the automated decision and
represent the time required for explanation generation. The total
explanation response time can therefore be represented as

For the proposed PAAE-XAI architecture, the operational
target is a sub-120 ms surrogate explanation response, subject
to the precise measurement configuration described in the
experimental methodology. This target reflects the requirement
that explanation generation should be sufficiently rapid to
support interactive digital-government services rather than
functioning exclusively as an offline auditing mechanism.

The framework further introduces citizen cognitive
comprehension as an explicit evaluation dimension.
Conventional XAl benchmarking frequently assumes that an
explanation is interpretable when it contains a small number of
features or when it accurately approximates the original model.
However, interpretability from a machine-learning perspective
does not necessarily imply comprehension by a non-technical
citizen. Let denote the comprehension score of participant
following exposure to an explanation. The overall Citizen
Comprehension Score can be estimated as

where represents the number of participants included in the
evaluation. The score can be derived from structured
comprehension questions assessing whether users correctly
identify the primary reason for the decision, distinguish
influential from non-influential factors, and understand the
available options for correction or appeal.

Closely related to comprehension is the Citizen Trust Index
(CTI). Trust is treated within this framework as a measurable
outcome rather than an assumed consequence of transparency.
Let represent standardized survey items measuring dimensions
such as perceived fairness, transparency, confidence,
procedural legitimacy, and willingness to accept the
administrative decision. The CTI can be calculated as a
normalized aggregate of these measures:

The resulting index provides an empirical mechanism for
examining whether different explanation formats influence
citizens' perceptions of the legitimacy and fairness of automated
administrative decisions. Importantly, the framework does not
assume that more detailed explanations necessarily produce
higher trust. Instead, it enables the relationship between
explanation characteristics and citizen perceptions to be
empirically tested.

For regulatory and administrative stakeholders, the framework
defines auditability as the degree to which an explanation
enables an authorized reviewer to reconstruct and evaluate the
basis of an automated decision. Auditability incorporates the
availability of decision metadata, model-version information,
relevant input variables, explanation outputs, timestamps, and
other information necessary for subsequent examination. An
auditability score can therefore be constructed by evaluating
whether the explanation system provides the information
required to verify the decision process consistently and
reproducibly.

The framework also distinguishes between the citizen
explanation layer and the regulator explanation layer. The
citizen layer is designed to prioritize concise, understandable,
and actionable information, while the regulator layer is intended
to preserve greater technical detail for auditing, compliance
assessment, and model oversight. This dual-stakeholder
approach recognizes that public-sector transparency is
inherently audience-dependent. Providing an identical technical
explanation to both a machine-learning auditor and a citizen
may satisfy neither stakeholder adequately. The architecture
therefore treats explanation generation as a process of
controlled information abstraction in which the underlying
explanation remains connected to the same model evidence
while its presentation is adapted to stakeholder requirements.

Figure 2 situates these mathematical and operational
components within a three-tier architecture. The first tier
represents administrative data ingestion, where structured and
potentially heterogeneous public-sector information is
collected, validated, transformed, and supplied to the ADM
system. This stage establishes the input vector and therefore
directly influences the quality and reliability of subsequent
decisions and explanations. Data preprocessing, validation,
feature transformation, and appropriate governance controls are
consequently important because an explanation generated from
inaccurate or improperly processed administrative data cannot
independently guarantee a fair or reliable decision.

The second tier represents automated decision generation and
XAl extraction. At this stage, the processed administrative input
is passed to the underlying machine-learning model, which
generates the automated prediction or decision. The XAl engine
subsequently evaluates the model output and extracts the
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explanatory representation. This layer forms the computational
core of the proposed framework because it connects the
predictive model with the explanation mechanism. It is also
where technical benchmarking measures such as fidelity,
stability, computational complexity, and latency are evaluated.

The third tier represents dual-stakeholder explanation delivery.
The explanation generated by the XAl layer is transformed into
stakeholder-specific outputs. For citizens, the system prioritizes
comprehensibility, concise reasoning, accessibility, and
actionable information. For regulators and authorized
administrative reviewers, the system preserves greater technical
detail, including feature contributions, model information,
decision metadata, and evidence required for audit and
compliance assessment. The separation of these delivery
pathways allows the same underlying decision rationale to
support different levels of information without requiring the
system to sacrifice either citizen accessibility or regulatory
transparency.

This three-tier architecture establishes the conceptual
relationship between the administrative data, the automated
decision, the explanation mechanism, and the ultimate
stakeholders of the system. It also provides the structural basis
for the experimental evaluation presented in subsequent
sections. Rather than evaluating XAI exclusively at the
algorithmic level, the proposed framework follows the
explanation throughout the complete administrative pipeline,
from input data and model inference to explanation generation
and stakeholder interaction. This enables the study to examine
whether improvements in computational performance or
explanation fidelity translate into meaningful improvements in
citizen comprehension, trust, and regulatory auditability.

Accordingly, the nomenclature and operational baselines
defined in this section serve as the foundation for the subsequent
benchmarking experiments. They enable PAAE-XAI and
competing XAl techniques to be evaluated using a consistent
set of mathematical and empirical criteria, thereby supporting
reproducible comparison across large-scale public-sector ADM
applications. The framework ultimately treats explainability as
a multidimensional system property in which technical fidelity,
stability, latency, cognitive comprehension, trust, and
auditability must be evaluated together rather than as isolated
performance indicators. This integrated perspective provides a
more realistic basis for assessing XAl suitability in complex
public-sector environments. This approach also facilitates
transparent comparison of trade-offs among competing
explanation methods. It allows decision-makers to identify
configurations that balance interpretability, computational
efficiency, and accountability requirements. Such a
multidimensional evaluation is particularly important where
automated decisions may directly affect citizens' rights and
access to essential public services.

Public Sector Algorithmic Auditing and
Explainability Framework (PAAE-XAI)

PUBLIC SECTOR DATA & ADMINISTRATIVE
POLICY LAYER

Welfare & Municipal Tax Urban Permit &
Entitlement Logs Assessment Feeds Zoning Databases

AUTOMATED DECISION & XAl
BENCHMARKING ENGINE

Primary ADM Multi-Layer
Classifier Surrogate XAl
(GBDT/DNN) Extractor

Disparate Impact
& Bias Monitor

DUAL STAKEHOLDER EXPLANATION &
AUDIT INTERFACE TIER

Citizen Portal Regulator & Auditor

{Plain Language & Interface (SHAP /
Counterfactuals) Global Logs)

Interactive “What-1f"
Analysis & NL Rationale

Cryptographic Audit Trail,
Fidelity Score & Bias Matrix

Figure 2. Public Sector Algorithmic Auditing and Explainability
Framework (PAAE-XAI) system architecture.

Table 2 details the core nomenclature, technical definitions, and
operational target baselines used throughout this paper.

Table 2. System nomenclature, technical parameters, and auditing
benchmarks.

Symbol / Full Technical & Unit of
Parameter Operational Description | Measure

Operational
Target Baseline

Citizen Trust Index
CTI (Composite Public
Acceptance Score)

Scale [0.0-1.0] | Target: > 0.850

Algorithmic Auditability
AAS Score (Regulatory
Verifiability Metric)

Scale [0.0-1.0] | Target: > 0.900

Explanation Fidelity Score
Ffid (Local Surrogate Model Percentage (%) | Target: > 98.0%
Accuracy)

Explanation Generation Milliseconds

Texpl Latency (Inference to (ms) <150 ms
Explanation)
Taudit Regulatory Compliance Hours / <3.0 Hours

Audit Time per Case File | Minutes

Disparate Impact Ratio
DI (Protected Demographic Ratio
Equity Score)

0.80<DI<1.25

Citizen Cognitive
Kcog Comprehension Load
(Survey Time)

Seconds (s) < 60 Seconds
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4. Mathematical Formulation & Benchmarking Metrics
Evaluating an XAl framework for public sector ADM requires
balancing explanation accuracy against human cognitive
usability and regulatory rigor. We model explanation fidelity
Ffid(x) for a target decision instance x as the similarity between
the complex black-box model f(x) and an interpretable local
surrogate model g(x) bounded by proximity kernel x(z):

Ffid(x) =1 [3z € Znx(2) - If (2) = g D]
/[2z € Znx(z)]
where Z represents perturbed local samples in the vicinity of
decision boundary instance x.

To quantify public sector trust, we establish the multi-
dimensional Citizen Trust Index (CTI) as a weighted function
combining  explanation  fidelity, citizen  cognitive
comprehension speed, and algorithmic fairness (measured via

demographic parity):

CTI =wl - Ffid + w2 (1 —Kcog/Kmax) + w3
-min(DI1/0.80,1.25/DI)
where weights wl = 0.40, w2 = 0.35, w3 = 0.25 (Zw = 1.0)
reflect the relative importance of predictive accuracy, human
clarity, and non-discriminatory equity in public governance.
Figure 3 shows the full sequential workflow from citizen
application through explanation delivery.

Sequential Workflow for Automated Decision-Making,
Explanation Generation, and Audit Logging

1. Citizen Application
Welfare / Tax / Permit

2. Primary Al Scoring
Black-Box Model f(x) (Decision Generated)

3. PAAE-XAI Extractor
Surrogate Shapley Value (Fidelity > 99.1%)

Cryptographic Audit Ledger
Log Weights & Bias Vectors

4. Dual Interface Sync
Natural Language + Graph

5. Citizen
View / Appeal

Figure 3. Sequential workflow for automated decision-making,
explanation generation, and audit logging.

5. Empirical Benchmarking & Experimental Results

The PAAE-XAI framework was evaluated on an empirical
testbed comprising 250,000 public sector case files across three
high-impact administrative domains: (1) Social Welfare &
Housing Subsidy Allocation (85,000 cases), (2) Automated
Small Business Tax Audit Selection (100,000 cases), and (3)
Municipal Environmental & Building Permit Approvals
(65,000 cases). The PAAE-XAI framework was evaluated on
an empirical testbed comprising 250,000 public sector case files
across three high-impact administrative domains: (1) Social
Welfare & Housing Subsidy Allocation (85,000 cases), (2)
Automated Small Business Tax Audit Selection (100,000
cases), and (3) Municipal Environmental & Building Permit
Approvals (65,000 cases). These domains were selected
because they represent decisions with substantial consequences
for citizens, businesses, and public-resource allocation. The
heterogeneous case distribution also enables the framework to
be evaluated across different administrative contexts, decision
criteria, and data characteristics.

5.1 Comparative Evaluation of XAI Benchmark Models

Table 3 compares standard post-hoc interpretability models
against the proposed PAAE-XAI framework across feature
fidelity, execution latency, cognitive understanding time, and
resulting citizen trust scores.

Table 3. Comparative performance benchmarks across
interpretability paradigms in public sector ADM.

- Fidelity | Latency . Audit
:,’::;gir ‘i:lab‘l'ty (Ffid, | (Texpl, i“oi':i't(‘sv)e Time | CTI
8 %) ms) (hrs)
g&i’;ﬁ};‘;‘fd N/A 124+ >300 | 245+ | 0420
Baseline (Opaque) 1.1 (Exceeded) | 2.8 (Low)
(Sﬁi‘;‘;‘l‘rd LIME 9104 | 4502+ | 1125+ | 84= 0625
Summogatc) 1.8% 324 12.0 12 :
Kernel SHAP 96.8+ | 1,240.0 52+
Shapley Values) | 0.8% | +gs50 | 830%83 | gg | 0742
pley
Anchors (Rule- 88.4+ 2105+ 6.8+
Based IF-THEN) | 2.4% 182 | B2E3L | g9 | 0710
PAAE-XAI 991+ | 1182+ 215+ | 0892
Framework o 324£32 .
(Proposed) 0.3% 8.4 03 | (High)
11 0,
Empirical 123%ys | 203% 61.8% | 85.2% | +48.6%
Performance SHAP Faster vs Lower Faster Trust
Gain SHAP
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The findings indicate that PAAE-XAI provides the best balance
between explanatory fidelity, computational efficiency, and
citizen comprehension. Its lower latency and cognitive load
make it particularly suitable for real-time public-sector
applications. The higher CTI further suggests that effective
explanations can strengthen citizen trust in automated
administrative decisions.

Explanation Fidelity vs. Latency Across XAl Paradigms

pilots. Table 4 evaluates compliance with statutory algorithmic

fairness guidelines and regulatory audit verification

requirements across the three public administrative domain
pilots. The analysis assesses whether each deployment satisfies
documentation, and

predefined fairness, transparency,

accountability requirements under consistent evaluation

criteria. The results therefore provide an additional basis for
determining the regulatory readiness
accountability of the PAAE-XAI framework.

and institutional

1200 4 ._____.—————0— — —e
£ 1000 4 Table 4. Algorithmic fairness, disparate impact, and regulatory
'5 compliance performance across administrative pilots.
[+
2 800 4 =@= Kernel SHAP (High Latency)
= ~®- Standard LIME . . | Legal
S 600 { <@— Proposed PAAE-XAI Public DI Ratio DI Ratio Appeal Regulatory
] Administrative (Pre-XAI) (PAAE- Resolution Compliance
€ L0l ® —® —— ® d Domain XAI) . Rating
E. Velocity
X
w
200 4 Social Welfare 9'68 .. | 4.2 Days (vs Full EU AT
o — < L 2 — Allocation (Biased < | 0.94 (Fair) 28 Days) Act
T T T T T 0.80) Compliance
500 2,500 10,000 50,000 250,000
Evaluation scale (cases) Tax Audit 0.74 28D Article 22
Selection (Biased < | 0.91 (Fair) | g ays (Vs | GppR
Figure 4. Explanation fidelity (%) vs. explanation latency (ms) across Engine 0.80) 2ys) Compliant
XAl paradigms. Full
Building Permit 0.82 0.98 (Ideal | 1.5 Days (vs U
. . Statutory
Approvals (Marginal) Equity) 12 Days) Complinnce
5.2 Regulatory Audit & Algorithmic Fairness Metrics P
. . . . . 0.747 .
Table 4 evaluates compliance with statutory algorithmic Overall Multi- (Non- 0.943 | 2.83 Days (- | Auditable
. cq . . . . Pilot Mean . (Equitable) | 82.1%) Governance
fairness guidelines and regulatory audit verification Compliant)
requirements across the three public administrative domain
Citizen Trust Index and Audit Verification Velocity
Citizen Trust Audit Time Equity
Index (CTI) (Hours) (Disparate Impact)
30 - 1.2
1.0 -
0.892 55 | 245 1.0 - 0.94
0.8 -
20 - 0.8 0.68 0.71 0.74
0.6 - 15 0.6 -
0.42
0.4 7 10 - 8.4 0.4
07 - 5.2
’ > 2.15 02
0.0 T 0 T 0.0 T
Black-Box Standard Kernel Proposed Black-Box Standard Kernel Proposed Black-Box Standard Kernel Proposed
Baseline  LIME SHAP  PAAE-XAI Baseline  LIME SHAP  PAAE-XAI Baseline  LIME SHAP  PAAE-XAI

Figure 5. Comparative evaluation of Citizen Trust Index (CTI) and audit verification velocity.

6. Discussion & Regulatory Governance Synthesis

The empirical findings of this study demonstrate that the
integration of Explainable Artificial Intelligence (XAI) into
public-sector Automated Decision-Making (ADM) systems can
substantially reduce the tension between administrative
efficiency and democratic accountability. Conventional black-

box ADM systems are primarily optimized for predictive
performance, processing speed, and operational scalability, but
these characteristics alone are insufficient when automated
decisions directly affect citizens' access to public services,
financial assistance, housing, taxation, employment-related
benefits, or other legally significant entitlements. The findings
indicate that the absence of meaningful explanations can
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produce a significant loss of citizen agency because affected
individuals may be unable to understand the reasons for an
automated decision, identify potentially incorrect information,
or determine whether they have grounds for administrative
review or appeal. This lack of transparency is reflected in the
comparatively low baseline Citizen Trust Index (CTI) of 0.42
observed for unexplained black-box decision-making, together
with elevated legal appeal backlog rates. The results therefore
suggest that explainability should not be regarded as an
auxiliary visualization feature added after model deployment,
but rather as an integral component of accountable digital public
administration.

The observed relationship between explanation and citizen trust
is particularly important because administrative efficiency and
procedural legitimacy are not necessarily competing objectives.
A highly efficient ADM system that generates decisions rapidly
but provides no meaningful rationale may reduce processing
costs while simultaneously increasing administrative disputes,
appeals, complaints, and requests for human review. In contrast,
an explanation mechanism can provide affected citizens with an
immediate understanding of the principal factors underlying a
decision, potentially allowing misunderstandings or incorrect
administrative information to be resolved before they develop
into formal appeals. Explainability can therefore contribute
indirectly to administrative efficiency by improving the quality
of communication between government institutions and
citizens. From this perspective, transparency is not merely a
compliance cost; it can function as an operational mechanism
for reducing uncertainty, unnecessary disputes, and avoidable
administrative workload.

The findings further distinguish the present study from the
related literature summarized in Table 1. Existing research has
generally addressed the constituent elements of the problem
independently. Legal and regulatory scholarship establishes the
importance of transparency, human oversight, and
accountability in high-risk automated decision-making.
Algorithmic auditing research emphasizes fairness, bias
detection, and model accountability, while XAI research
focuses primarily on model interpretability, attribution fidelity,
and computational performance. Research concerning public
trust and procedural justice, meanwhile, demonstrates the
importance of understandable and legitimate decision-making
processes for citizen acceptance of automated government
services. Although each of these research streams contributes
important insights, they do not collectively provide an
operational architecture that simultaneously optimizes citizen-
facing cognitive comprehension and regulator-facing technical
fidelity under strict real-time constraints.

The principal contribution of PAAE-XAI is therefore its
integration of these previously separated objectives within a
single surrogate-based architecture. The proposed system treats

citizens and regulatory stakeholders as distinct explanation
audiences with different informational requirements. Instead of
assuming that one universal explanation format can satisfy
every stakeholder, PAAE-XAI maintains a common underlying
decision rationale while adapting the presentation of that
rationale according to the intended recipient. This design
enables the system to preserve technical evidence required for
regulatory auditing while simultaneously producing accessible
explanations for citizens. The empirical results suggest that this
dual-stakeholder approach provides a more appropriate model
of public-sector explainability than approaches that evaluate
explanation quality exclusively from the perspective of
machine-learning experts.

The first major architectural principle emerging from the
findings is therefore dual-interface explanation design.
Regulatory auditors and authorized administrative officials
require detailed information that enables them to reconstruct,
examine, and challenge the behavior of an automated decision
system. For these stakeholders, the explanation interface can
incorporate global feature-attribution matrices, SHAP-based
summary representations, local feature contributions, model
metadata, decision traces, and cryptographic hash ledgers. Such
information supports the reproducibility and integrity of the
auditing process by allowing reviewers to establish which
model version generated a particular decision, what information
was used, and which variables contributed to the resulting
output. A cryptographic record can additionally strengthen the
evidentiary integrity of explanation logs by making
unauthorized modification or retrospective alteration more
detectable.

Citizens, however, generally require a substantially different
form of explanation. Presenting a citizen with a high-
dimensional attribution matrix or a technical SHAP
visualization may satisfy a narrow definition of transparency
while failing to provide meaningful understanding. The citizen-
facing interface in PAAE-XAI therefore emphasizes
personalized, plain-language explanations that identify the
principal reasons associated with the outcome. These
explanations can be supplemented with actionable
counterfactual information that communicates how changes in
relevant circumstances or corrections to inaccurate information
might affect a future decision, where such counterfactuals are
appropriate and legally permissible. This approach transforms
an explanation from a passive description of model behavior
into a potentially actionable source of information. Rather than
merely telling a citizen which factors were associated with an
outcome, the system can help communicate what information
should be reviewed, corrected, or further considered.

The distinction between the two interfaces also reflects a
broader principle of stakeholder-specific transparency.

Transparency should not necessarily mean exposing every
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internal model detail to every user. Excessive technical
information can itself create an information barrier, particularly
for citizens with limited statistical or computational literacy.
Conversely, an excessively simplified explanation may deprive
regulators of the evidence required for meaningful oversight.
PAAE-XAI addresses this tension by separating the
presentation layer while maintaining a common explanatory
foundation. The citizen and regulator interfaces therefore
represent different levels of abstraction of the same underlying
decision process rather than unrelated explanations. This
architecture enables the system to provide accessibility without
completely sacrificing technical rigor.

The second major architectural principle concerns the use of
real-time high-fidelity surrogate models. Conventional post-hoc
XALI techniques can provide highly detailed explanations, but
their computational requirements may become problematic
when they are deployed in high-volume public-sector systems.
The empirical evaluation demonstrates this limitation through
the comparison between standard Kernel SHAP and the
proposed surrogate engine. In the experimental configuration
used in this study, Kernel SHAP required approximately 1,240
milliseconds per case, making it unsuitable for applications
subject to strict interactive response requirements. Although the
exact computational cost of an XAI method depends on the
model, implementation, feature dimensionality, sampling
configuration, and hardware environment, the observed result
demonstrates the broader scalability problem associated with
applying computationally intensive post-hoc methods directly
to real-time citizen-facing services.

PAAE-XAI addresses this limitation through a multi-layered
surrogate architecture designed to approximate the behavior of
the underlying ADM model while substantially reducing
explanation-generation latency. The experimental results
indicate that the proposed architecture reduces the explanation
response time to 118.2 milliseconds while maintaining a
reported fidelity of 99.1% relative to the underlying decision
model. The result is particularly significant because it
demonstrates that explanation responsiveness and explanation
fidelity do not necessarily have to be treated as mutually
exclusive objectives. Rather than executing the computationally
expensive attribution process independently for every citizen
interaction, the surrogate architecture can use a computationally
optimized representation of model behavior to generate
explanations rapidly while maintaining a high degree of
correspondence with the original model.

The sub-120 millisecond target is also important from a human-
computer interaction perspective. In an interactive public-
service portal, explanation generation should occur quickly
enough that citizens do not perceive the explanation mechanism
as an additional administrative delay. If an individual submits
an application, receives a decision, and must then wait for a

separate computational process to produce the explanation, the
transparency mechanism may become operationally detached
from the decision itself. By incorporating explanation
generation directly into the decision pipeline, PAAE-XAI treats
explanation as part of the normal administrative interaction
rather than as a secondary analytical process. This integration is
particularly relevant for large-scale government services where
explanation requests may occur at substantial volume.

At the same time, the reported 99.1% fidelity demonstrates that
computational optimization must not be achieved by simply
replacing the original model rationale with an unrelated
approximation. The purpose of the surrogate is to reproduce the
relevant decision behavior sufficiently accurately to support
explanation. Fidelity therefore functions as an essential
safeguard against a common failure mode of simplified
explanation systems, in which computational efficiency is
achieved at the expense of faithful representation. The empirical
findings indicate that the proposed architecture can operate
close to real-time while retaining a high degree of
correspondence with the original ADM model, thereby
supporting its use in interactive administrative environments.

The third architectural principle emerging from the study is
continuous bias and equity auditing. Explainability and fairness
are closely interconnected in public-sector ADM because an
explanation mechanism can provide evidence concerning which
variables influence automated decisions, but such information
is most useful when it is continuously monitored for systematic
disparities. Rather than treating fairness assessment as an
isolated pre-deployment exercise, PAAE-XAI integrates
automated Disparate Impact (DI) monitoring into the XAI
extraction and auditing pipeline. This enables the system to
continuously evaluate whether observed decision patterns
remain within the predefined fairness thresholds used by the
study.

Under the experimental framework, the DI monitoring
mechanism operates using the specified interval of (0.80 \leq DI
\leq 1.25). When the monitored value moves outside the defined
range, the system generates an alert for authorized human
administrators, prompting further examination of the
underlying model, data distribution, or decision process. This
mechanism is particularly important because algorithmic
behavior can change over time even when the underlying model
architecture remains unchanged. Changes in population
characteristics, administrative policies, data collection
procedures, socioeconomic conditions, or input-data
distributions can alter the practical behavior of an ADM system.
Continuous monitoring therefore provides an additional layer of
protection against the emergence of systematic disparities after
deployment.
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The integration of fairness monitoring with XAl also creates an
important feedback mechanism between explanation and
governance. If a fairness monitor detects a potential disparity,
the explanation layer can provide additional evidence
concerning the variables associated with the affected decisions.
Human administrators can then investigate whether the
observed disparity is attributable to legitimate policy criteria,
data-quality problems, model drift, inappropriate feature
relationships, or potentially discriminatory proxies. In this way,
XAl is transformed from a passive explanation mechanism into
an active component of algorithmic governance. The system
does not simply explain individual outcomes after they occur; it
can also contribute to the continuous monitoring and
investigation of aggregate decision behavior.

The three architectural principles are therefore mutually
reinforcing rather than independent. The dual-interface design
ensures that explanations remain appropriate for both citizens
and regulatory stakeholders. The real-time surrogate engine
ensures that these explanations can be generated within
operational response constraints without substantially
sacrificing fidelity. The continuous fairness-monitoring layer
ensures that the explanatory infrastructure contributes to
ongoing oversight rather than being limited to individual
decision transparency. Together, these mechanisms establish a
broader conception of explainability in which technical
interpretability, usability, operational efficiency, and
algorithmic accountability are treated as interconnected
properties of the ADM system.

The empirical findings consequently suggest that the
effectiveness of XAl in public-sector administration should not
be evaluated solely according to whether a model can be
explained. Instead, evaluation should consider whether
explanations are delivered to the correct stakeholder, generated
within an acceptable response time, faithful to the underlying
model, understandable to affected individuals, useful for
administrative review, and integrated with mechanisms for
continuous fairness monitoring. This represents a shift from
conventional model-centric XAl toward a governance-oriented
XAI architecture in which explanations become part of the
institutional infrastructure supporting accountable automated
decision-making.

Overall, the results provide evidence that PAAE-XAI can serve
as a bridge between the competing requirements of
administrative automation and democratic accountability. The
low baseline CTI observed for unexplained black-box decisions
demonstrates the potential social consequences of opaque
ADM, while the high-fidelity, low-latency surrogate
architecture demonstrates how explanation can be incorporated
without fundamentally undermining the operational advantages
of automation. The dual-interface mechanism addresses the
different informational requirements of citizens and regulators,

while continuous DI monitoring introduces an additional
safeguard against systemic inequity. Collectively, these
findings support the proposition that trustworthy public-sector
ADM requires not merely accurate algorithms, but responsive,
faithful, comprehensible, auditable, and continuously
monitored explanations integrated directly into the decision-
making infrastructure.

7. Conclusion & Policy Recommendations

This paper presents the Public Sector Algorithmic Auditing and
Explainability Framework (PAAE-XAI) to benchmark
interpretability, enforce legal compliance, and elevate citizen
trust in public-sector automated decision-making. Evaluated
across 250,000 administrative cases, PAAE-XAI achieves an
explanation fidelity score of 99.1%, boosts Citizen Trust Index
scores by 48.6%, and cuts regulatory compliance audit

verification latency by 85.2%.

Key Governance & Policy Recommendations:

1. Mandate Dual Explanation Outputs: Enforce public sector Al
procurement guidelines requiring every ADM platform to
output both technical auditor logs and citizen counterfactual
explanations.

2. Establish Cryptographic Audit Trails: Archive model feature
weights, training hyperparameters, and explanation vectors in
tamper-proof cryptographic audit ledgers to support

administrative legal appeals.

3. Institute Continuous Disparate Impact Monitoring: Embed
automated fairness checks into public sector CI/CD deployment
pipelines to detect and mitigate demographic bias before
decisions are finalized.
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