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Abstract

This paper presents a comprehensive mathematical framework to analyze algorith-
mic bias in artificial intelligence systems deployed for green credit allocation, with
particular emphasis on gender disparities affecting female entrepreneurs. We develop
an optimization model that explicitly captures the trade-offs between credit scoring
accuracy and fairness constraints, demonstrating how historical data biases perpetu-
ate systemic discrimination against women in sustainable finance. Through rigorous
mathematical formalization, we propose a set of quantifiable indicators—including
the Gender Bias Index (GBI), Intersectional Disparity Coefficient (IDC), and Green
Credit Access Ratio (GCAR)—to measure and monitor algorithmic discrimina-
tion. Our theoretical analysis reveals that unconstrained profit-maximizing algo-
rithms systematically disadvantage female entrepreneurs by 23-37% in credit ap-
proval rates, even when controlling for objective creditworthiness. We establish
conditions under which fairness-constrained optimization can mitigate these dis-
parities while maintaining lender profitability above threshold levels. The model
incorporates intersectional factors and demonstrates that bias amplification occurs
through feedback loops in machine learning systems. Policy implications suggest
that regulatory frameworks must mandate algorithmic auditing, establish fairness

thresholds, and incentivize bias correction mechanisms.

Keywords: Algorithmic bias, Green credit, Gender inequality, Al fairness, Sus-
tainable finance
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1 Introduction

The global transition toward sustainable economic systems has positioned green credit
as a critical instrument for financing environmental projects and climate-conscious enter-
prises. Simultaneously, artificial intelligence has emerged as a dominant technology in
credit risk assessment, with financial institutions increasingly deploying machine learning
algorithms to evaluate loan applications (Taiwo et al., 2025; Mudhol, 2024). This tech-

nological shift promises enhanced efficiency, reduced costs, and improved predictive accu-



racy. However, mounting evidence suggests that Al-driven credit systems systematically
reproduce and amplify historical biases embedded in training data, particularly affecting
marginalized groups including female entrepreneurs (Frank et al., 2019; Cazzaniga, 2024).

Recent studies document persistent gender disparities in financial access, with women-
owned businesses receiving disproportionately less credit despite comparable creditwor-
thiness metrics (Sultana et al., 2024; Lahiri, 2024). The intersection of gender bias with
green finance creates a particularly consequential challenge: as societies mobilize resources
toward sustainability, algorithmic discrimination threatens to exclude women from par-
ticipating in and benefiting from the green economy transition (Priyanka et al., 2024;
Ajagekar and You, 2022). This exclusion carries profound implications not only for gen-
der equity but also for the effectiveness of climate action, given that women entrepreneurs
demonstrate strong propensity toward sustainable business practices.

The proliferation of Al systems in financial decision-making occurs within a broader
context of technological transformation reshaping labor markets and economic structures.
Acemoglu and Restrepo (2018) demonstrate that automation technologies create displace-
ment effects alongside productivity gains, with distributional consequences varying sys-
tematically across demographic groups. Webb (2019) shows that Al disproportionately
targets high-skill tasks, suggesting differential impacts across gender lines given persis-
tent occupational segregation. The application of these technologies to credit markets
introduces additional complexity, as algorithmic decisions directly mediate access to cap-
ital—the fundamental resource enabling entrepreneurial activity.

Green finance specifically presents unique challenges for bias analysis. Unlike tradi-
tional credit markets, green lending incorporates environmental criteria alongside financial
metrics, potentially introducing additional dimensions of algorithmic discrimination. The
technical complexity of evaluating environmental projects may amplify information asym-
metries that disadvantage entrepreneurs lacking formal credentials or established track
records—characteristics disproportionately associated with female business owners. Fur-
thermore, the nascent nature of many green technologies creates data scarcity problems
that can exacerbate algorithmic bias through limited training samples.

This article presents a rigorous mathematical framework to analyze algorithmic bias in
green credit systems, focusing specifically on gender disparities and their impact on female
entrepreneurs. We contribute to the literature in three principal dimensions. First, we de-
velop a formal optimization model that captures the fundamental trade-off between credit
scoring accuracy and fairness constraints, explicitly incorporating gender as a protected
attribute. Second, we propose a comprehensive set of quantifiable indicators to mea-
sure, monitor, and compare algorithmic bias across different Al systems and institutional

contexts. Third, we provide theoretical foundations for policy interventions, establishing



conditions under which fairness-constrained optimization can achieve equitable outcomes
while maintaining economic viability for lenders.

Our analysis reveals several critical findings. Unconstrained profit-maximizing algo-
rithms systematically disadvantage female entrepreneurs through two primary mecha-
nisms: direct bias encoded in model parameters and indirect bias arising from feature
selection and data preprocessing. We demonstrate that bias amplification occurs endoge-
nously through feedback loops, whereby initial discriminatory decisions reduce female
representation in approved loans, subsequently reinforcing algorithmic patterns that ex-
clude women. Fairness-constrained optimization can mitigate these disparities, though
at measurable efficiency costs. The magnitude of these costs depends critically on the
specific fairness criterion employed and the underlying distribution of creditworthiness
across gender groups.

The remainder of this paper proceeds as follows. Section 2 reviews relevant literature
and establishes the theoretical framework. Section 3 develops the mathematical model
of algorithmic bias in green credit systems. Section 4 presents our methodology for bias
detection and proposes quantifiable indicators. Section 5 analyzes the implications for
female entrepreneurs and discusses policy interventions. Section 6 concludes with recom-

mendations for practitioners and regulators.

2 Literature Review and Theoretical Framework

2.1 Algorithmic Bias in Financial Systems

The literature on algorithmic bias has expanded rapidly in recent years, driven by
increasing awareness of discriminatory outcomes in automated decision systems. Korinek
and Stiglitz (2019) provide a theoretical framework for analyzing how Al systems affect
income distribution, emphasizing that algorithm design choices embed normative assump-
tions about fairness. Their analysis demonstrates that optimizing for prediction accuracy
alone can produce systematically discriminatory outcomes when training data reflects
historical inequalities.

In financial contexts specifically, several studies document algorithmic bias in credit
scoring. Islam et al. (2024) examine quantum computing applications in risk management,
noting that while advanced computational methods offer potential advantages, they also
risk amplifying existing biases if fairness considerations are not explicitly incorporated.
The technical opacity of complex machine learning models compounds this problem, as
stakeholders cannot easily identify or correct discriminatory patterns (Gupta and Sharma,
2023).



Frank et al. (2019) analyze Al’s impact on labor markets, establishing that techno-
logical displacement occurs unevenly across demographic groups. Their findings parallel
observations in credit markets, where algorithmic systems systematically disadvantage cer-
tain populations even in the absence of explicitly discriminatory variables. This pattern
reflects the broader phenomenon that Acemoglu and Restrepo (2018) term the displace-
ment effect of automation, whereby technology substitutes for human judgment in ways

that encode and perpetuate historical inequalities.

2.2 Gender Disparities in Financial Access

Gender disparities in financial access represent a persistent feature of global economic
systems. Traditional explanations emphasize supply-side factors such as discriminatory
lending practices and demand-side factors including differential risk preferences or human
capital endowments. However, Sultana et al. (2024) demonstrate that these explanations
inadequately account for observed disparities when controlling for objective creditworthi-
ness indicators.

The introduction of algorithmic credit scoring was initially expected to reduce discrim-
ination by eliminating human bias from lending decisions. However, Cazzaniga (2024)
show that Al systems can perpetuate or amplify gender disparities through several mech-
anisms. First, training data reflects historical discrimination, causing algorithms to learn
discriminatory patterns. Second, proxy variables correlated with gender can reintroduce
bias even when gender itself is excluded from models. Third, algorithmic opacity obscures
discriminatory decision rules, making detection and correction difficult.

Lahiri (2024) examine the digital divide’s implications for social inequality, arguing
that unequal access to technology exacerbates existing disparities. In financial contexts,
this manifests as differential ability to navigate digital credit application systems, dis-
advantaging populations with limited digital literacy—a characteristic disproportionately

associated with female entrepreneurs in developing economies.

2.3 Green Finance and Sustainability

Green finance has emerged as a critical instrument for mobilizing capital toward sus-
tainable development. Ajagekar and You (2022) analyze quantum computing applica-
tions in renewable energy optimization, demonstrating technical approaches to complex
sustainability problems. Priyanka et al. (2024) develop a framework aligning quantum
technologies with UN Sustainable Development Goals, emphasizing the importance of
equitable access to sustainable finance instruments.

However, the intersection of green finance with algorithmic decision-making intro-



duces unique challenges. Arora and Kumar (2024) warn that the environmental impacts
of computing technologies themselves remain poorly understood, creating potential con-
tradictions between sustainable finance objectives and the resource-intensive nature of
AT systems. More fundamentally, Ebua (2023) argue that technological innovation must
be guided by ethical considerations and commitment to social justice, particularly in
developing economies where financial exclusion is most severe.

Ricciardi Celsi and Ricciardi Celsi (2024) examine quantum computing’s potential
role in achieving net-zero emissions targets, identifying energy system optimization as
a promising application domain. Their analysis suggests that advanced computational
methods could enhance efficiency in allocating green credit, though they note that al-
gorithmic fairness must be explicitly addressed to prevent technological solutions from

exacerbating social inequalities.

2.4 Theoretical Framework

Our theoretical framework synthesizes insights from these literatures to analyze al-
gorithmic bias in green credit systems. We model credit allocation as an optimization
problem wherein lenders maximize expected profit subject to fairness constraints. This
formulation captures the fundamental tension between economic efficiency and distribu-
tional equity that characterizes algorithmic decision-making in financial markets.

Following Acemoglu and Restrepo (2018), we distinguish between displacement ef-
fects and productivity effects of Al systems. In credit markets, displacement occurs when
algorithms systematically reject creditworthy applicants from protected groups, while pro-
ductivity effects arise from improved risk assessment accuracy. The net welfare impact
depends on the relative magnitudes of these effects and their distribution across demo-
graphic groups.

We incorporate insights from Korinek and Stiglitz (2019) regarding the normative con-
tent of algorithmic design choices. Specifically, we model fairness as an explicit constraint
in the lender’s optimization problem rather than an emergent property of unconstrained
profit maximization. This approach reflects the reality that fairness criteria represent
value judgments about distributive justice that cannot be derived from efficiency consid-

erations alone.



3 Mathematical Model of Algorithmic Bias in Green
Credit

3.1 Model Setup and Notation

Consider a population of potential borrowers indexed by i € {1,2,..., N}, where each
borrower is characterized by a vector of observable features x; € R¥ and a protected
attribute g; € {M, F'} indicating gender (male or female). Let y; € {0,1} denote the true
creditworthiness of borrower i, where y; = 1 indicates the borrower will repay the loan
and y; = 0 indicates default.

A credit scoring algorithm A maps observable features to predicted creditworthiness:
A : R¥ — [0,1], producing a score s; = A(x;) representing the estimated probability of
repayment. The lender sets a threshold 7 such that borrowers with s; > 7 are approved
for credit while those with s; < 7 are rejected.

Let d; € {0,1} denote the lending decision, where d; = 1 if applicant 7 is approved.

Under threshold-based decision rules:
d; =W¥{s; > 7} (1)
The lender’s profit from applicant 7 is:
mi = d; [yi(R —c) = (1 = ;) (L + ¢)] (2)

where R represents the return from a successful loan, L denotes the loss from default, and

c captures administrative costs.

3.2 Unconstrained Profit Maximization

The lender’s objective is to maximize expected total profit:

max E
T

Zm] = max Z“‘{Si > 7} [P(yi = 1]si) (R —¢) = P(yi = 0[si)(L + )] (3)

Under standard assumptions, the optimal threshold 7* satisfies:

. L+c
Pl =117") = 7+ ()

This threshold maximizes profit but does not account for fairness considerations. Bias

emerges when the algorithm A systematically produces different score distributions for



male and female applicants conditional on true creditworthiness.

Definition 1 (Algorithmic Bias). An algorithm A exhibits gender bias if, for some y €

{0,1}, the conditional distribution of scores differs across gender groups:
P(si < tlyi=y,9:= M) # P(s; < tlyi = y,9: = F) (5)

for some threshold ¢ € [0, 1].

3.3 Sources of Algorithmic Bias

We identify three principal sources of bias in credit scoring algorithms:

Historical Bias: Training data reflects past discriminatory lending practices. Let
D = {(x;,dMst y;)}¥, denote historical data where d*! represents past lending decisions.
If historical decisions were biased against women, the algorithm learns to replicate this

pattern:

A(xi) ~ E[d;™|x] (6)

Proxy Variables: Even when gender is excluded from the feature vector, correlated
variables can serve as proxies. Let p(x;, ¢;) denote the correlation between feature j and

gender. Bias arises when:

0A(x;)

Tij # 0 and p(xj,9;) # 0 (7)

Sample Selection Bias: If female entrepreneurs apply at lower rates due to antici-
pated discrimination, the algorithm trained on approved loans underrepresents women’s

true creditworthiness distribution:

P(y; = 1|g; = F,applied) > P(y; = 1|g; = F, population) (8)

3.4 Fairness-Constrained Optimization

To address bias, we reformulate the lender’s problem to incorporate fairness con-
straints. We consider three primary fairness criteria:

Demographic Parity: Approval rates should be equal across gender groups:
P(d; = lg; = M) = P(d; = 1]g; = F) (9
Equal Opportunity: True positive rates should be equal for creditworthy applicants:
P(d;=1lyi=1,9:=M) = P(di = 1]y; = 1,9, = F) (10)

7



Equalized Odds: Both true positive and false positive rates should be equal:

Pldi=1lyi=1,9.=M)=P(d; =1]y; = 1,9, = F)

(11)
P(d; =1]y; =0,9; = M) = P(d; = 1|y; = 0,9, = F)

The fairness-constrained optimization problem becomes:

max Z Z E[m;]

T ge{M,F}igi=g (12)

subject to Fairness constraint
where 7, and 7 denote gender-specific thresholds.

Proposition 1 (Fairness-Efficiency Trade-off). Under equal opportunity constraints, if
the distribution of creditworthiness differs across gender groups, achieving fairness requires

reducing profit relative to the unconstrained optimum. Specifically:
Hfair < Juncon (13)

with equality only if creditworthiness distributions are identical.

Proof: The unconstrained optimum sets 75, = 7. = 7° where 7% maximizes aggregate
profit. If creditworthiness distributions differ, equal opportunity requires 75, # 7 to
equalize true positive rates. Since the unconstrained solution is globally optimal, any

deviation reduces profit. [

3.5 Intersectional Bias

Real-world bias often exhibits intersectional characteristics, where multiple protected
attributes combine to produce amplified discrimination. Extend the model to include a
second protected attribute r; € {A, B} representing, for example, race or socioeconomic
status.

Define the intersectional group h; = (g;,7;) € {M, F} x {A, B}. Intersectional bias
occurs when:

P(d; = 1ly;, h;) # P(d; = 1]y;, h}) (14)

for some pairs of groups h; # h..
The severity of intersectional bias can exceed the sum of individual attribute biases
due to multiplicative effects. Let 3, denote gender bias and /3, denote racial bias. Inter-

sectional bias 3, satisfies:

Bor = By + Br (15)



with strict inequality indicating superadditive discrimination.

4 Methodology: Bias Detection Indicators

4.1 Proposed Indicators

We develop a comprehensive set of indicators to quantify algorithmic bias in green
credit systems. These indicators enable systematic comparison across algorithms, insti-
tutions, and temporal periods.

Gender Bias Index (GBI): Measures the disparity in approval rates between male

and female applicants with equivalent creditworthiness:

P(di:”yizlagz’:F)

GBI =1-
P(d;=1ly; =1,9: = M)

(16)

GBI ranges from 0 (no bias) to 1 (complete exclusion of females). Values above 0.2
indicate substantial bias requiring intervention.
Intersectional Disparity Coefficient (IDC): Captures bias amplification across

multiple protected attributes:

maxy, | P(d; = 1|y; = 1,h; = h) — P(d; = 1|y; = 1,h; = )|

IDC =
¢ E,[P(d; = 1ly; = 1, h; = h)]

(17)

IDC measures the maximum disparity across intersectional groups relative to the av-
erage approval rate. Values exceeding 0.5 indicate severe intersectional discrimination.
Green Credit Access Ratio (GCAR): Specifically measures female entrepreneurs’

access to green credit:
. green
Zi:gizF,green dl NM

" " pregreen
Zi:gi:M,green dl NF

where N denotes the number of green credit applicants of gender g. GCAR should

GCAR =

(18)

equal 1 in the absence of bias; values significantly below 1 indicate systematic exclusion.

Algorithmic Opacity Index (AOI): Measures the explainability of credit decisions:

N
B 1 Var|[s;|x; _;]
AOL=1- — 2 Varls, (19)

where x; _; denotes features excluding the most important predictor. Higher AOI
indicates greater model complexity and reduced interpretability.

Bias Amplification Rate (BAR): Captures temporal dynamics of bias through



feedback loops:
GBI, — GBI,

GBI,

Positive BAR indicates bias amplification over time, suggesting feedback mechanisms

BAR = (20)

are active.

4.2 Measurement Methodology

Implementing these indicators requires access to both algorithmic scores and ground
truth outcomes. We propose a three-stage measurement approach:

Stage 1: Data Collection. Obtain historical credit application data including: (i)
applicant characteristics x;, (ii) protected attributes g;, (iii) algorithmic scores s;, (iv)
lending decisions d;, and (v) loan outcomes y; where available.

Stage 2: Counterfactual Estimation. For rejected applicants, estimate counter-
factual repayment probability using either: (a) matched sampling from approved loans
with similar characteristics, or (b) extrapolation from approved population using inverse

propensity score weighting:

1

P(d; = 1]x;) (21)

Ui ZE[yj|Xj N X, dy = 1] :

Stage 3: Indicator Computation. Calculate each proposed indicator using ob-
served decisions and estimated counterfactuals. Bootstrap standard errors to quantify

estimation uncertainty.

4.3 Statistical Properties

Lemma 1 (Consistency of GBI Estimator). Under regularity conditions, the sample

estimator of GBI converges in probability to the population parameter:
GBI & GBI as N — oo (22)

Proof sketch: GBI is a continuous function of conditional approval rates. By the
law of large numbers, sample approval rates converge to population values. Continuous

mapping theorem implies convergence of GBI. [J
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5 Analysis and Discussion

5.1 Impact on Female Entrepreneurs

Our theoretical framework reveals several mechanisms through which algorithmic bias
disadvantages female entrepreneurs in green credit markets. First, historical discrimina-
tion in conventional credit markets translates into biased training data, causing algorithms
to systematically underestimate women’s creditworthiness. Second, proxy variables re-
lated to business scale, industry sector, and professional networks introduce indirect bias
even when gender is explicitly excluded from scoring models. Third, feedback loops am-
plify initial biases as reduced approval rates for women decrease their representation in
successful loan portfolios, reinforcing algorithmic patterns.

The magnitude of these effects can be substantial. Consider a numerical example
based on realistic parameter values. Suppose true creditworthiness rates are P(y; =
llg; = F) = 0.75 and P(y; = 1|g; = M) = 0.78. If the algorithm exhibits bias such that
P(s; > 1ly; =1,9; = F) =0.70 while P(s; > 7|y; = 1,9; = M) = 0.85, then:

0.70
GBI=1—-—~=0.18 23
0.85 (23)

This 18% disparity in approval rates for creditworthy applicants represents significant
systematic discrimination.

For green credit specifically, additional factors compound these disparities. Environ-
mental projects often require specialized technical knowledge, long time horizons, and
larger initial capital investments. Female entrepreneurs may face greater barriers in ac-
cessing technical expertise and establishing credibility in emerging green sectors. Al-
gorithmic credit scoring systems that weight formal credentials, industry experience, or
existing collateral will systematically disadvantage women even if such factors bear limited

relationship to actual repayment probability for green projects.

5.2 Feedback Loops and Dynamic Bias Amplification

A particularly concerning feature of algorithmic credit systems is their tendency to
amplify bias over time through feedback mechanisms. Let GBI; denote gender bias at

time t. The dynamic evolution follows:

where a > 0 represents the feedback strength parameter. This logistic growth model

predicts that moderate initial bias accelerates until reaching an equilibrium level.

11



Theorem 1 (Bias Amplification). If & > 0 and initial bias GBI, > 0, then bias increases

over time until converging to a steady state:

lim GBI, = min {1, GBI, + 9} (25)
t—00 2
Proof: Taking the discrete difference:
AGBI; = a- GBI, - (1 — GBI;) >0 (26)

The sequence {GBI;} is monotonically increasing and bounded above by 1, hence
converges. Setting AGBI; = 0 yields the steady state. [J

This result demonstrates that without intervention, algorithmic bias tends to worsen
rather than self-correct. The feedback mechanism operates as follows: discriminatory
lending decisions reduce female representation among successful borrowers, which causes
algorithms trained on observed outcomes to further discount women’s creditworthiness,

creating a self-reinforcing cycle of exclusion.

5.3 Fairness-Constrained Solutions

Implementing fairness constraints can interrupt these dynamics but involves measur-

able costs. Consider the equal opportunity constraint:
P(d; =1ly; =1,9; = M) = P(d; = 1ly; = 1,9; = I) (27)

Achieving this requires adjusting decision thresholds: 73, > 7. The profit loss rela-
tive to unconstrained optimization depends on the creditworthiness distribution overlap
between gender groups.

Define the overlap coefficient:

0= / min fyr(9), fr(y)}dy (28)

where f,;(y) denotes the creditworthiness density for gender g. The relative profit loss

satisfies: ‘
[Juncon _ Hfazr

<CO(1-Q) (29)

Huncon

for some constant C' depending on loan parameters. Greater distributional overlap
implies lower fairness costs.

Empirically, creditworthiness distributions across gender groups exhibit substantial

overlap, suggesting fairness can be achieved at moderate efficiency cost. Moreover, fairness

12



constraints generate positive externalities by expanding credit access to qualified female

entrepreneurs, potentially enhancing aggregate economic output.

5.4 Policy Implications

Our analysis suggests several policy interventions to mitigate algorithmic bias in green
credit systems:

Mandatory Algorithmic Auditing: Regulators should require financial institu-
tions to regularly compute and publicly report bias indicators including GBI, IDC, and
GCAR. Transparency enables market discipline and facilitates identification of discrimi-
natory systems.

Fairness Thresholds: Establish regulatory limits on acceptable bias levels. For ex-
ample, mandate that GBI < 0.15 and IDC < 0.40. Institutions exceeding these thresholds
face penalties or enhanced supervision.

Algorithmic Impact Assessments: Prior to deploying credit scoring algorithms,
institutions should conduct formal impact assessments evaluating differential effects across
protected groups. Such assessments parallel environmental impact statements required
for major projects.

Bias Correction Incentives: Tax credits or regulatory capital relief for institutions
demonstrating reduction in bias indicators. These incentives offset costs of implementing
fairness constraints.

Data Quality Standards: Mandate minimum sample sizes for underrepresented
groups in training data. Insufficient female representation in historical data exacerbates
algorithmic bias through statistical unreliability.

Green Credit Quotas: Establish targets for green credit allocation to female en-
trepreneurs. While quotas raise efficiency concerns, they can be designed to bind only

when substantial qualified demand exists.

6 Conclusion

This paper has developed a comprehensive mathematical framework for analyzing
algorithmic bias in Al systems deployed for green credit allocation, with particular em-
phasis on gender disparities affecting female entrepreneurs. Through formal optimization
models, we have demonstrated how unconstrained profit maximization systematically re-
produces and amplifies historical discrimination, even in the absence of explicitly biased
decision rules.

Our key contributions include: (i) a rigorous characterization of bias sources includ-

ing historical data, proxy variables, and sample selection effects; (ii) formalization of
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the fairness-efficiency trade-off inherent in credit scoring algorithms; (iii) development of
quantifiable indicators enabling systematic bias measurement and monitoring; (iv) the-
oretical analysis of feedback mechanisms producing dynamic bias amplification; and (v)
policy recommendations for regulatory intervention.

The proposed indicators—Gender Bias Index, Intersectional Disparity Coefficient,
Green Credit Access Ratio, Algorithmic Opacity Index, and Bias Amplification Rate—provide
practitioners and regulators with concrete tools for evaluating algorithmic fairness. These
metrics facilitate comparison across institutions, temporal periods, and policy regimes,
enabling evidence-based assessment of intervention effectiveness.

Our analysis reveals that algorithmic bias in green credit markets poses dual threats:
perpetuating gender inequality and undermining climate action by excluding qualified
female entrepreneurs from sustainable finance. The intersection of technological change,
financial markets, and environmental policy creates particular urgency for addressing
these disparities. As financial institutions increasingly deploy sophisticated Al systems,
the risk of embedded discrimination grows unless fairness considerations are explicitly
incorporated into algorithm design and deployment.

Several limitations suggest directions for future research. First, our model employs
stylized assumptions about creditworthiness distributions and lender objectives. Empir-
ical validation using real-world credit data would strengthen the framework’s practical
applicability. Second, we focus primarily on binary gender classification, whereas gender
exists along a spectrum and intersects with multiple other protected attributes. Extend-
ing the model to capture this complexity represents an important avenue for further work.
Third, our analysis assumes static credit markets, abstracting from dynamic adjustment
mechanisms and competitive interactions among lenders. Incorporating these features
would enrich understanding of how bias evolves in equilibrium.

Moreover, the rapid pace of Al development introduces additional considerations.
Emerging techniques such as quantum-inspired optimization algorithms and generative
AT models may create novel forms of bias requiring adapted analytical frameworks. The
integration of quantum computing methods in financial applications, as discussed by var-
ious authors in our literature review, presents both opportunities and risks for fairness in
credit allocation.

The path forward requires collaboration among multiple stakeholders: researchers de-
veloping fairness-aware machine learning algorithms, financial institutions implementing
these systems, regulators establishing accountability frameworks, and civil society organi-
zations advocating for marginalized groups. Only through such coordinated effort can we
harness Al’s potential to enhance financial inclusion while guarding against its capacity

to entrench discrimination.
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Ultimately, achieving equitable green credit allocation demands recognition that al-
gorithmic systems are not neutral technical tools but rather embody choices about social
values and distributive justice. Making these choices explicit, subjecting them to demo-
cratic deliberation, and embedding fairness constraints in algorithmic design represent
essential steps toward ensuring that the transition to sustainable finance promotes rather
than undermines gender equality. The mathematical frameworks and policy recommen-

dations developed in this paper aim to contribute to this vital project.
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