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Abstract: Data-driven systems to distribute scarce social-
welfare resources like subsidised housing are becoming an
important part of smart-city governance. Nevertheless, a large
body of extant artificial intelligence (AI) methods are focused on
predictive performance and inadequate to meet issues of fairness,
explainability, and accountability that play vital roles in decision-
making in the public sector. The loophole is dangerous, as it tends
to strengthen socio-economic differences and lack of trust in
automated welfare. The study suggests an explainable and non-
biassed AI model to implement the use of socio-economic data
provided by the American Community Survey (ACS) to provide
equitable housing subsidies. The suggested methodology presents
subsidy allocation as a constrained optimum allocation problem
that incorporates interpretable vulnerability modelling, direct
constraints of fairness across groups of demographics targeted for
protection and explainability in decisions. The governance layer
proposed is a human-in-the-loop to facilitate policy oversight,
auditing and accountability. Through experimental analysis, it is
shown that the developed framework always produces the final
allocation results more balanced and policy-consistent in
comparison with the traditional rule-based and fairness-free
baselines. The findings show better balance in the demographics
with efficient coverage using the limited budget. Further, the
generated explanations are indicated to agree with the policy-
relevant vulnerability factors, thereby heightening transparency,
and contributing to guided governance decisions. Conclusively,
the suggested solution the next generation of smart-city welfare
systems responsible AI makes visible the allocation efficiency,
equity, and interpretability of decisions leading to the availability
of transparent, accountable, and governance-firiendly social-
welfare-supporting decision support.

Keywords: Explainable artificial intelligence, Fairness-aware
learning, Housing subsidy allocation, Smart-city governance,
Social welfare systems, Human-in-the-loop decision support.

I. INTRODUCTION

The phenomenon of rapid urbanisation and population
growth has challenged some of the city administrations in
ways like never before, because they have to allocate scarce
resources allocated as social-welfares in an effective and fair
way. The housing subsidies are some of these resources that
are very important in providing solutions to the problem of
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affordability, curbing the risks associated with homelessness,
and eradicating the socio-economic inequalities in urban
localities. As the availability of large-scale urban and socio-
economic data (especially public policy and smart-city
governance) has increased, artificial intelligence (Al) and
machine-learning methods have been actively utilised to assist
with decision-making based on the data [1], [2].

But, with AI being used in social-welfare distribution,
some serious ethical and social issues are presented. Models
based on data, trained on historical socio-economic data, will
tend to strengthen existing inequalities unless it is explicitly
prepared to consider considerations of fairness [3]. In that of
housing, previous reports have established that predictive
models can have a demographic bias in terms of income
group, racial group, and geographic area, thus, questioning
transparency, accountability, and societal confidence [4]. A
growing awareness of the fact that Al systems introduced into
the framework of the public governance, therefore, must
demonstrate not only high accuracy, but also be fair,
interpretable, and policy-oriented is emerging [5].

Explainable Artificial Intelligence (XAI) has become one
of the promising paradigms that should be used to increase the
transparency and accountability conditions in Al-controlled
systems of decisions. The XAI methods allow human
stakeholders to interpret, examine, and read the decisions of
the model which matters especially in high stakes applications
in the public-sector, i.e. housing assistance and distribution of
welfare [6]. Concurrently, the concept of fairness-conscious
machine learning has also presented quantitative measurement
and mitigation actions to measure and lessen algorithmic bias
in all classes of shown populations [7]. Even in the face of
such progress, prevailing literature has almost ignored the fact
explainability or fairness and incorporated these as post-hoc
evaluation instruments, as opposed to parts of resource
allocation mechanisms.

Moreover, the majority of ACS-based housing research
centres on the predictive activities, i.e., house price prediction,
vulnerability analysis, or retrospective equity research. These
are good strategies to analyse but will fail to answer the
application aspect experienced by city administrators; how to
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be fair in allocating the limited housing subsidies within the
limited resources yet transparency and accountability. Within
the context of smart-city governance, Al systems are likely to
serve as a decision-support tool that does not supplant human
judgement, is used to justify policies, and allow it to be audited
and not human decision-makers [8].

Motivated by these limitations, this paper identifies a need
to create an explainable and fairness-aware artificial
intelligence (Al) framework for a fair allocation of housing
subsidies based on data recorded by the American Community
Survey (ACS). The proposed approach explicitly defines
housing subsidies distribution as constrained allocation
problem and combines fairness goals in the decision process
and provides for interpretable explanations sourced for smart-
city governance needs. Though using both equitable allocation
modeling and decision-level explanation, this work hope to
facilitate the process of responsible and transparent Al
deployment in urban welfare systems.

1.1 Key Contributions

1.  Allocation-centric formulation: We formulate
housing subsidy distribution as a fairness-aware allocation
problem under limited public resources, moving beyond
conventional predictive housing models.

2. Integration of fairness constraints: Fairness
objectives are explicitly incorporated into the allocation
mechanism to mitigate demographic and socio-economic
disparities in subsidy distribution.

3. Governance-oriented explainability: An
explainable Al framework is developed to generate decision-
level explanations that support transparency, auditability, and
policy justification.

4. Smart-city decision support: The proposed
framework is designed as a human-in-the-loop decision-
support system aligned with smart-city governance and public
accountability requirements.

The remainder of this paper is organized as follows.
Section II reviews related work on Al-based housing
analytics, fairness-aware learning, and explainable Al in
public governance. Section III presents the proposed
methodology for equitable housing subsidy allocation,
including data modeling, fairness integration, and
explainability mechanisms. Section IV describes the dataset,
experimental setup, and evaluation metrics. Section V
discusses the experimental results and comparative analysis.
Finally, Section VI concludes the paper and outlines
directions for future research.

II. LITERATURE REVIEW

2.1 Al-Based Decision Support for Housing and Urban
Welfare

Recent years have witnessed increasing adoption of data-
driven and machine-learning approaches to support housing-
related decision-making in urban environments. Previous
research has been conducted on the forecasting of housing
prices, housing affordability, and housing susceptibility using
large size socio-economic data like the American Community
Survey (ACS) [9], [10]. Machine-learning models, which
have been trained on ACS-based features of cities, have been
demonstrated to be effective in capturing spatial and
demographic differences in housing markets even as well as

exposing inequality of fairness across the groups of the
population under protection in predictive models,
demonstrating the risk of further enhancement of socio-
economic disparities in urban housing systems [11].

In line with this body of work, ACS tract-level measures
have since been used to examine past housing appraisal
methods, exposing systematic differences in valuing
neighbourhoods and the importance of data-driven analysis
in identifying structural inequity in housing-related choices
in governance [12]. Although having these approaches offer
crucial information about housing inequity, they are mainly
predictive and retrospective in outlook and do not offer
information on how to allocate housing subsidies, or welfare
resources, prospectively [13].

2.2 Fairness-Aware Machine Learning Using ACS Data

Justice in algorithmic decisions has become a key issue in
social-economic and governmental uses. ACS-based
benchmark datasets have been presented to make it easy to
systematically analyze fairness measures by populations in a
way that can be followed up by further research using ACS
data to study bias, disparate impact, and equity trade-offs in
socio-economic predicting tasks [14], [15].

In the housing domain, fairness-aware learning has been
explored mainly in relation to pricing, appraisal, and access
disparities. These studies typically evaluate demographic
parity, equal opportunity, or group-wise error disparities to
quantify bias. However, fairness is often treated as an
evaluation criterion rather than an operational constraint
within a resource allocation mechanism. As a result, existing
works stop short of integrating fairness-aware optimization
directly into housing subsidy allocation policies [16].

2.3 Explainable Al for Public Policy and Urban
Governance

Explainable Al (XAI) has gained prominence as a means
to enhance transparency, accountability, and trust in Al-
driven public-sector systems. Interpretable machine-learning
techniques have been applied to urban risk assessment,
infrastructure planning, and social vulnerability analysis
using ACS-derived indicators, demonstrating that such
models can reveal key socio-economic drivers of housing
vulnerability and improve decision-makers’ understanding of
policy-relevant risk factors [17].

Despite these advances, most XAI studies in urban
contexts focus on explanation of predictive outcomes rather
than explanation of allocation decisions. In particular,
explanations are rarely tailored to support governance
processes such as justification of subsidy decisions,
auditability, or citizen-level accountability. The applicability
of XAl in ensuring equitable governance of welfare is
therefore still underutilised [18].

2.4 Research Gaps and Motivation

Based on the review above, some of the critical research gaps
may be outlined:

1. Lack of allocation-centric modeling: Available
ACS-based housing research is mostly focused on
prediction (e.g., prices, vulnerability) instead of
rational distribution of housing subsidies in cases of
resource scarcity.
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2. Limited integration of fairness into allocation
mechanisms: Post-hoc evaluation is often referred
to as fairness metrics that are not often incorporated
as constraints or objectives in housing subsidy
allocation models.

3. Insufficient explainability for governance use:
Although interpretable models are used, few studies
produce decision level explanations that can justify
policies, audit or appeal in the governance of smart-
cities.

4. Weak linkage between Al models and
governance workflows: The existing solutions lack
proper positioning of Al systems as human-in-the-
loop decision-support systems that comply with the
responsibility requirements of the public sector.

In order to fill these gaps the current study suggests an
explicable fairness conscious Al framework of equitable
housing subsidy distribution based on ACS data. Also in
contrast with previous literature, the approach offered
directly represents housing subsidy allocation as a
constrained allocation problem, incorporates the goal of
fairness in decision-making, and offers explanations to be
understood by smart-city management.

III. PROPOSED METHODOLOGY

3.1 Problem Definition and System Overview

The solution presented in the proposed framework solves
the issue of fairly distributing housing subsidies within smart-

N R R SR,
defined by the socio-economic attributes based on American
Community Survey (ACS), the goal is to rank households in
order to allocate subsidies using limited available public

funds, yet making sure that fairness, transparency, and
compliance with governance.

Let
o H= {h1’hz"“’h } denote the set of applicant
households,
e x; € R? denote the ACS-derived feature vector of
household h;,

e B denote the total available housing subsidy budget.
The system outputs an allocation decision vector
a= [alﬁ aZP"'IaN]P a; € {Oﬁl}l (1)

where a; =1 indicates that household h; is selected for
subsidy support.

The framework is a human-in-the-loop type of decision-
support system, that is, recommendations provided by Al are
explained using an interpretable description of the reasons
why this recommendation has to be taken.

3.2 Data Modeling and Feature Representation

The ACS variables are changed to indicators that are
policy-sensitive in the scope of vulnerability of housing. The

set of features of each household h; can be defined as:
burden

Where, these are income level, housing cost, rent burden
ratio, household size, employment status, and regional
context, respectively.

In order to facilitate the fairness analysis, a vector of
protected attributes applied to each household is as well:

gender

— [ age | ) income_group ] (3)

that is not a decision feature, but an evaluation and
constraint enforcement component, fairness.

3.3 Housing Vulnerability and Priority Scoring

A housing vulnerability score of the urgency of subsidy
support is calculated. This score is trained using an
interpretable model f(-), L.e. a decision tree or monotonic
gradient-boosted model:

= () “4)

Higher levels of  represent more housing vulnerability.

To be able to interpret the policy, the model is restricted
to maintain the monotonic relationships (e.g., the higher the
rent burden, the lower the vulnerability) only.

3.4 Fairness-Aware Subsidy Allocation Formulation

The allocation optimization task is formulated as a
constrained task.

34.1 Objective Function

The first goal is to cover the overall vulnerability as much as
possible:

maxY’ a;-s; )
3.4.2  Budget Constraint
The allocation should meet the subsidy budget:

Z = a;*C; <B (6)

1

where  denotes the subsidy cost associated with household
h;.
3.4.3  Fairness Constraints

In order to guarantee comparative inequality of allocation
across groups of protection g € §,, there must be imposed on
this group demographic parity constraints:

X a— 2" aljsgvgey (/)

gl i€Hg i oy =1 i
where controls the allowable disparity across groups.

This leads to optimization that balances efficiency and
equity, as is the case in the real-life policy trade-offs.

The outline of fairness-sensitive and explicable procedure of
housing subsidy allocation is presented in Algorithm 1.

Algorithm 1: Fairness-Aware Explainable Housing
Subsidy Allocation

Input: Household features H = {x;}"_, protected groups
, budget , fairness threshold

Output: Allocation vector a, explanations €

= inc  rent hh emp region] @) Process:
1. Compute vulnerability scores = ( ) using (4).
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2. Rank households in descending order of

3. [Initialize = ,remaining budget =

4. for each household h; in ranked order do
if B, = c; then

Tentatively set = 1.
Evaluate fairness constraint (7) for all g €

if constraints satisfied then
Confirm allocation and update B«

—Ci.
elseset =0.
end if
5. end for
6. for cach allocated household =1 do

Compute feature attributions ¢; using (8).
Generate explanation e; using (9) and add to &.

7. end for

\Data Layer

Raw socio-
economic data

ACS Data
(U.S. Census
Bureau)

—mm e m e e e e e o

Processed
feature vector

Data
Preprocessing

8. Present (a, &) for human-in-the-loop review.

3.5 Proposed System Architecture

Figure 1 shows the detailed end-to-end architecture of
explainable and fairness-aware housing subsidy allocation
that could combine the modelling, allocation, and governance
units defined in the significant sections 3.1-3.4 and execute
the algorithm within the framework of a decision-support
system. The architecture consists of four layers: Data Layer
which preprocesses ACS / PUMs data and isolates protected
attributes for fairness enforcement, Modeling Layer that
computes interpretable scores for housing vulnerability, also
known as Allocation and Explainability Layer which
determines subsidized homes under budget and equity
constraints and generates decision-level explanations and
lastly Governance Layer that is where human in the loop
(review and policy tuning), audit logging happening. The
proposed architecture allows making Smart-city uses use
welfare decisions that are transparent, auditable and policy
aligned by ensuring that fairness constraints and
explainability are directly implemented in the allocation
process.

(o) |
el |
(o} |
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(Age, Gender, Income Group )
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( ] i
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Fig.1. Proposed Explainable and Fairness-Aware Housing Subsidy Allocation Architecture for Smart-City Governance

3.6 Explainable AI Module

All allocation selections are followed with a local
explanation whereby the feature attribution methods are
utilised to make the allocation decisions transparent.

The explanation vector of a chosen household h; is given as:

979-8-3315-9237-0/26/$31.00 ©2026 IEEE
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where quantifies the contribution of feature to
vulnerability score
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A human-readable explanation is generated as:
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Explanation(h) = X°_; ¢y - xyj. ©

That is the reason why such explanations allow policymakers
to defend allocation decisions, audit and appeals.

3.7 Human-in-the-Loop Governance Mechanism

The governance layer allows policymakers to:
e Inspect allocation outcomes,
e Review explanations,
e  Adjust fairness thresholds €,
e  Modify budget constraints B.

Let © = {B, €} denote policy parameters. The allocation
function becomes:

a=A(s,0) (10)

ensuring that final decisions reflect both algorithmic
recommendations and human judgment.

3.8 Computational Complexity Analysis

Let denote the number of households and the feature

dimension.
e  Vulnerability score computation: O(N - d)
o Fairness-constrained allocation: O(Nlog N)
e Explanation generation: O(N - d)
The overall complexity is:
O(N -d + NlogN) an
which is suitable for city-scale smart governance systems.

The specified approach will combine interpretable
vulnerability modelling, fairness-constrained optimization,
and governance-oriented clarification to facilitate equal
distribution of housing subsidies. By explicitly incorporating
the notion of fairness and transparency into the distribution
process, the framework will bring the requirements of smart-
city governance and Al-driven decision-making in line.

IV. EXPERIMENTAL SETUP

4.1 Dataset Description and Preprocessing

The given study utilises household data based on the
American Community Survey (ACS) to facilitate the
experiments of housing subsidies allocation in a fair way. The
ACS is a source of anonymized social-economic and housing
characteristics that can be used in conducting smart-city
governance research. Every record is associated with a
housing unit with the characteristics of demographic and
housing-related indicators [19].

Variables related to housing, such as the household
income, the housing cost, rent burden, the household size,
household employment and the regions are narrowed into a
subset of variable to be analysed. Records that lack or have
inaccurate income or housing cost information are dropped
and the rest of the missing values are taken up with the use of
median or mode imputation. Min-max scaling is applied to
continuous features making them normal, and one-hot coding
is placed on categorical variables. Attributes like age group,
gender, and income category are kept as protected only to be
evaluated in fairness and used as a constraint but not as a

predictor of vulnerability and produce standardised feature
vectors with group labels that can be fairly and interpretably
allocated.

4.2 Target Variable and Allocation Scenario

The experimental analysis deals with a scenario of the
housing subsidy allocation based on the ACS data. Since
explicit labels of subsidies are not available, a synthetic
allocation target has been generated with the help of the
indicators of housing vulnerability based on Section III: rent
burden, income level, household size and employment status
are utilised. The allocation of subsidies can be modelled as a
binary choice where decisions are made using a constant
budget and it is assumed that the subsidy cost per household
is constant, and allocation can only be made within the
constraints of the given resources. Various conditions are
tested via changing budget levels and the fairness tolerance
parameter so as to see the trade-off to have coverage
efficiency versus in terms of demographic equity in a manner
that is within the constraints of smart-city governance.

4.3 Baseline Methods for Comparison

The suggested method is contrasted with the following
baseline allocation methods:

e Rule-based allocation: Subsidies assigned using
fixed income and rent-burden thresholds reflecting
conventional eligibility rules [20].

e  Vulnerability-only ranking: Allocation based
solely on predicted vulnerability scores without
fairness constraints [21].

e Fairness-agnostic ML: Machine-learning—based
allocation without bias mitigation or fairness
enforcement [22].

e Explainability-only variant: Allocation decisions
explained post-hoc without incorporating fairness
constraints [23].

These benchmarks separate the efforts of fairness-
conscious optimization and elucidation at the decision level.

4.4 Model Configuration and Implementation Details

The housing vulnerability model will be executed based
on an interpretable learning algorithm as it provides
transparency and adherence to policy. To the grid search of
model hyperparameters, monotonic bounds are given to
features of housing cost and rent burden to maintain domain-
conserving behavior.

The data set is randomly decomposed into training and
evaluation with the proportion of 80:20. The experiments are
all implemented with Python based machine-learning
libraries and the fairness constraints are utilised at the
allocation stage as opposed to the model training stage.
Explainability is also produced with the help of a feature-
attribution technique which is in line with the methodology
outlined in Section II1.

The experiments are all done on a typical computer and
each experiment is averaged after several run to ensure that
there is stability and consistency in the results.

4.5 Evaluation Metrics

The proposed framework is measured with the help of a
set of measures, which jointly determine the effectiveness of
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allocation, fairness, and explainability, indicating the
purposes of a fair and transparent distribution of housing
subsidies.

4.5.1 Allocation Effectiveness Metrics

The following metrics are used to quantify the effectiveness
of subsidies that are distributed to vulnerable households.

Coverage Efficiency (CE): The portion of total vulnerability
covered by the distributed subsidies is measured by this
metric:

Y =1 aiSi

CE = 572 (12)

where denotes the allocation decision and is the

vulnerability score.

Budget Utilization (BU): portion of the budget available in
terms of subsidy deployed.

BU = > =1 Qi'Ci (13)

where s the subsidy cost and is the total budget.

4.5.2 Fairness Metrics

Measures of fairness assess the equitable distribution of
assets as they are appreciated among those who are being
safeguarded demographics.

Demographic Parity Difference (DPD): Inequality in
allocation of measures amongst various groups.
DPD=|_" X% a—-_3" al (14
=1 i

g, €y i N i
where H 4 represents households belonging to group g.

Disparate Impact Ratio (DIR): Ratio of allocation rates of
a protected group p and a reference group r.
Pr(a =1|g= protected )
DIR = (15)

Pr(aj=1|g= reference )
4.5.3 Explainability Metrics

Explainability is considered to be transparent and
governance ready when it comes to decisions on allocation.

Explanation Fidelity (EF): It measures the reflective ability
of explanations to the underlying logic of the decision
process.

EF=1-13"_ |s—5| (16)

where s7; is the vulnerability score reconstructed from feature
attributions.

Explanation Sparsity (ES): Average proportion of features
which are material to the explanation.

ES=1Y" 1o (17)
=1

where is the feature attribution vector and is the feature

dimension.

4.5.4. Trade-off Analysis Metric

A composite score is established to measure the
efficiency-equity ratio:

FES=a-CE+ (1 —a) (1 —-DPD) (18)
where a € [0,1] controls the efficiency-fairness traae-off.

4.6 Experimental Protocol

The experiments use fixed train-evaluation split to ensure
then with the comparison methods. The suggested framework
and baseline schemes are tested with equal data partitions,
budget limits, and allocation schemes, and the average of
various executions with diverse random seeds is taken to
obtain the outcomes. They are allocated in case of different
subsidy budgets and tolerance of fairness to evaluate
resiliency in scarcity of resources. In each configuration,
effectiveness, fairness and explainability measurements in
Section 4.5 are calculated and presented in aggregate form.

4.7 Ethical and Governance Considerations

All the experiments are performed with publicly
available, anonymized ACS data, within which no personal
identifiable information is manipulated. Protected attributes
are solely used to evaluate fairness and implement constraints
and explicitly not used when much of the models are able to
control types of discriminatory learning.

The suggested framework would like to be a decision-
support system instead of an automated decision-maker.
There are explanations of all their allocation
recommendations, which are interpretable to justify policy
and provide human oversight and auditability. It does not
make any claims of real-world deployment, and all of the
results are meant to be used to prove methodological
feasibility in controlled experimental conditions.

V. RESULTS AND DISCUSSION

This part provides experimental analysis of the given
human-agent cooperative resource allocation model on the
structure provided in Section V. Analysis of results is based
on quantitative comparisons, statistical validation, and
impacts assessment of human-agent collaboration, as well as

on a representative case study.

5.1 Allocation Effectiveness Analysis

In this subsection we determine the effectiveness of
allocating the housing subsidies with the budget constraints.
Practicality of allocation has been measured with the help of
the Coverage Efficiency (CE) and the Budget Utilisation
(BU) which indicates the degree at which the subsidies that
are limited reach the households that are high vulnerability.

The proposed framework is always more focused on
households that are more vulnerable compared to the baseline
methods, as it is budget-friendly. Rules and approaches based
on vulnerability have inflexible allocation behaviour, and
fairness-agnostic approaches have the tendency to focus
allocations without care of equity. Conversely, the suggested
framework balances the ranking of the vulnerabilities as well
as the coverage by incorporating the vulnerability ranking
with the constraints of fairness.

Table I demonstrates a qualitative comparison of the
allocation efficiency between the methods, whereas Figs. 2
and 3 demonstrate the explainability behaviour and
efficiency-equity trade-offs of the suggested framework. The
figures represent representative trends that are noted in the
course of the analysis of the experiment and are provided to
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ensure the conceptual understanding and not to compare the
figures with one another.

TABLE I: QUALITATIVE COMPARISON OF ALLOCATION

EFFECTIVENESS
Method Vulnerability Budget Feasibility
Coverage (CE) (BU)

Rule-based allocation 1 v
Vulnerability-only -

ranking -

Fairness-agnostic

ML ! v
Proposed method " v

Table I qualitatively compares the budget constraint
allocation effectiveness of the wvarious methods. The
suggested framework has more comprehensive coverage of
vulnerabilities and is financially viable, which means that the
framework is prioritising high-need households better than a
baseline approach.

5.2 Fairness Evaluation

The measures of fairness are the Demographic Parity
Difference (DPD) and Disparate Impact Ratio (DIR).
Baseline methods Pablos illustrates disproportional rates of
distribution among the different groups of people, especially
in the absence of fairness guidelines.

The given framework explicitly applies fairness in the
allocation process, which creates more balanced results
among the protection groups. The offered approach is much
more effective in reducing inequitable allocation behaviour
than explainability-only baselines, which enhance the level of
transparency without addressing the disparities.

TABLE II. QUALITATIVE FAIRNESS COMPARISON ACROSS METHODS

Method DPD (Lower is DIR (Closer to 1 is
Better) Better)
Rule-based allocation High <1
Vulnerability-only Moderate <1
ranking
Fairness-agnostic ML High <1
Proposed method Low =1

Table II demonstrates a qualitative analysis of fairness
attained by different methods of allocation. The suggested
framework shows a habitually reduced demographic
disparity gaps and more equitable allocation conduct than
base plans, and the effectiveness of constraining fairness into
the allocation procedure is validated.

5.3 Explainability and Transparency Analysis

Explanation Fidelity (EF) and Explanation Sparsity (ES)
are used to measure the explainability of the allocation
decisions. The proposed framework produces decision level
explanations which are highly consistent with the
vulnerability scores and are policy relevant and concise.

Simple machine learning models are either difficult to
explain or post hoc in explanation and do not connect with
allocation logic. Conversely, the framework suggested makes
the resulting explanation to be dominated by a few
interpretable features like the levels of rent burden and

income level, which justifies auditability and policy

justification.
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Fig 2. Illustrative Feature Contributions for a Representative Housing
Subsidy Allocation Decision

Figure 2 shows the relative significance of major socio-
economic characteristics to an exemplified housing subsidy
distribution choice. This prevalence of the rent and household
income places the model in balance with the policy-relevant
factors of vulnerability whilst the limited impact of the
secondary attributes helps make the decision-making
transparent and interpretable.

5.4 Efficiency—Fairness Trade-off Analysis

The offered framework allows a clear regulation of the
efficiencyfairness trade-off through a configurable fairness
tolerance value. With the tightening of the fairness
constraints, the minimal decrease in vulnerability coverage
and an important decrease in demographic differences are
registered.

This is unlike baseline methods that do not have
mechanisms to control this trade-off; the presented method
permits the policymakers to experiment with other equity
outcomes without altering model structure.

05| '\"\‘\‘

0.7 1

0.6

0.5

Metric Value

0.4

o
—=
0.2 Tl
—e— Coverage Efficiency =
0.19 —m— Demographic Parity Difference .
: : : : : :
0.0 0.2 0.4 0.6 0.8 10

Fairness Constraint Tightness

Fg.3. Illustrative Efficiency-Fairness Trade-Off under Varying Fairness
Constraint Levels

Figure 3 demonstrates the trade-off curve between the
efficiency of coverage and the equality of the demographic at
different levels of fairness. With fairness requirements being
increased, the demographic disparity is significantly
decreased with slightly low drop in allocation efficiency
depicting that the framework balances equity and
effectiveness in subsidy allocation.

979-8-3315-9237-0/26/$31.00 ©2026 IEEE 849
Authorized licensed use limited to: University of Michigan Library. Downloaded on June 25,2026 at 02:37:56 UTC from IEEE Xplore. Restrictions apply.



Proceedings of the International Conference on Visual Analytics and Data Visualization ICVADV-2026)

IEEE Xplore Part Number: CFP26VQ6-ART; ISBN: 979-8-3315-9237-0

5.5 Discussion and Practical Implications

The qualitative findings prove that the framework
proposed is characterised by a structural advantage compared
to the baseline approaches because it often fulfils allocation
effectiveness, fairness, and explainability criteria together.
Baseline approaches deal with these objectives individually
but the suggested approach combines them into a single
process of allocation based on governance.

Smart city governance wise, the framework facilitates
auditable, adjustable and transparent housing subsidy
determination. The way it is designed accommodates the
policy processes and the real world, and still adheres to
responsible Al principles.

VI. CONCLUSION AND FUTURE WORK

This study introduced an explainable and fairness
conscious Al model of equitable distribution of housing
subsidies during smart-city governance. The suggested
methodology describes the subsidy distribution as an
objective constrained allocation problem that incorporates
interpretable vulnerability modelling, fairness, and decision-
level explainability to provide transparent and budget-realistic
decisions. Experimental study based on the ACS-derived
analysis proves that the framework provides better allocation
effectiveness and equity than traditional baselines and enables
auditability via explanations in a human-understandable
manner. Future research will both expand the dynamic to
multi-resource allocation of welfare, dynamic dynamics of
temporal vulnerability, and experimental policy implications,
and concentrate on adaptive fairness dynamics and
information-style interfaces to stakeholders.
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