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Abstract: Advances in computational infrastructure and the widespread adoption of Electronic Health Record (EHR) systems have 

accelerated the integration of Artificial Intelligence (AI) and Machine Learning (ML) into Sexual and Reproductive Health (SRH) 

services. These technologies enhance diagnostic accuracy, support clinical decision‑making, and enable predictive analytics using 

diverse healthcare data. However, biases within training datasets can produce unfair outcomes, particularly for underrepresented 

groups. This study proposes a fairness‑aware ML framework designed to detect and mitigate algorithmic bias in SRH services.The 

framework is evaluated using two open‑source datasets: a large SRH dataset from England (2014–2015) containing 2,126,413 

records, and the PCOS dataset covering the top 75 countries, enabling assessment of generalisability and intersectional fairness. It 

integrates pre‑processing, in‑processing, and post‑processing techniques, including model‑specific and group‑specific thresholding. 

Results show that on the SRH England dataset, Logistic Regression (LR) achieved near‑optimal parity fairness with minimal 

performance loss, improving Disparate Impact from 0.99 to 1.00 while maintaining 0.66 accuracy. Random Forest (RF) and 

Gradient Boosting (GB) exhibited larger fairness shifts, with Disparate Impact decreasing from 0.94 to 0.66 (RF) and 0.93 to 0.77 

(GB), though accuracy remained stable. On the PCOS dataset, LR reduced bias with only a 1.96% accuracy drop, while GB 

improved performance but saw fairness decline, with Disparate Impact falling from 1.08 to 0.57. RF improved fairness but 

experienced a 28% accuracy reduction. Overall, the findings show that fairness‑aware ML can substantially reduce bias, though 

equity–performance trade‑offs vary across models and datasets. 

 

Keywords: sexual and reproductive health, algorithmic bias, bias mitigation, health equity, fairness-aware framework 

 
1. Introduction 
 

        Sexual and Reproductive Health (SRH) services are of 

necessity to the public health sector, consisting of several 

aspects such as emergency contraception and fertility care 

services. As Electronic Health Record (EHR) systems 

increasingly adopt predictive analytics to improve treatment 

outcomes and automate patient services, Machine Learning 

(ML) models are being deployed to forecast service 

engagement, carry out diagnoses, and allocate resources 

efficiently [1, 2]. ML is also integrated into clinical decision 

systems, including image recognition, segmentation, and 

natural language processing [3], and more recently, 

genomics for faster diagnosis and personalised treatment. 

However, these ML models often inherit and amplify biases 

present in health datasets, as well as in feature engineering 

and selection techniques. This can lead to biased prediction 

outcomes, especially when datasets contain 

underrepresented groups [4, 5]. 

        Algorithmic bias is understood as a systematic, 

repeated error that produces unfair outcomes for individuals 

or groups [6]. In deployed healthcare ML systems, this 

reflects deeper structural inequities that can have potentially 

serious clinical consequences. Models trained on unbalanced 

or poorly stratified datasets often perform worse for 

disadvantaged groups, reinforcing disparities in diagnosis, 

access to specialised care (such as advanced infectious 

disease services), and patient outcomes [7, 8]. In SRH 

contexts, this risk is heightened due to sensitive care 

pathways and the longstanding underrepresentation of 

minority populations in clinical datasets [9]. Biased SRH 

algorithms may misclassify patients, delaying or 

misdirecting interventions and harming outcomes. A recent 

systematic review [10] of prenatal birthweight prediction 

models found that many were trained on datasets lacking 
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demographic diversity, particularly among ethnic minorities 

and low‑income groups. These models frequently 

underpredicted birth weight in these groups, leading to 

inaccurate antenatal risk stratification. Misclassified 

“low‑risk” patients were less likely to receive appropriate 

monitoring or intervention, increasing the likelihood of 

complications such as preterm birth and neonatal distress. 

Gao et al. [10] also noted inconsistent reporting of subgroup 

fairness metrics, limiting the ability to assess disparities. 

This instance shows the urgent need for fairness‑aware ML 

frameworks in SRH systems, especially when predictive 

outputs inform critical clinical decisions. A joint report from 

the World Health Organisation (WHO) and the UN Special 

Programme on Human Reproduction (HRP) emphasised 

that, though there are benefits in the recent use of artificial 

intelligence (AI) has for clinical use, such as in diagnosis and 

screening, it still poses bias risks due to underrepresentation 

of certain groups and lack of transparency [11]. Despite 

growing awareness, few studies rigorously address these 

risks. 

        This study proposes a modular fairness‑aware ML 

framework for SRH systems, integrating pre‑, in‑, and 

post‑processing bias‑mitigation techniques across two 

publicly available datasets: SRH England (2,126,413 

records) and PCOS (1,200 entries). To guide the 

investigation, we ask: (i) Do pre‑, in‑, and post‑processing 

interventions reduce Equal Opportunity Difference and 

improve Disparate Impact across SRH datasets? (ii) Can 

these interventions maintain predictive accuracy without 

introducing model instability? 

 

Our contribution in this study is:  

 

1) We present a scalable, modular, multi‑stage 

fairness‑aware ML framework for SRH systems, 

enabling detection and mitigation of algorithmic bias 

across demographic intersections. 

2) We demonstrate its generalisability by applying 

multiple bias‑mitigation strategies across three 

modelling stages on two distinct datasets. 

3) We provide empirical evidence that algorithmic equity 

can be improved without compromising predictive 

performance, while emphasising the need for 

model‑specific interventions and adequate dataset 

documentation. This delivers a reproducible, ethically 

grounded pipeline for ML‑based SRH systems. 

 

2. Related Works 
 

        Concerns about algorithmic bias in healthcare ML have 

grown rapidly as predictive models trained on imbalanced 

datasets increasingly shape clinical decisions and resource 

allocation. Reference by Obermeyer et al. [2] showed that 

widely used healthcare algorithms systematically 

underestimated the needs of Black patients because they 

predicted future healthcare costs rather than actual health 

status. This resulted in 28.8% of eligible patients being 

denied additional support, a clear example of how biased 

design choices can distort equity. A qualitative study with 26 

stakeholders [12] revealed deep disagreements about 

whether bias should be treated as a statistical issue and 

whether equity should take precedence over accuracy. These 

unresolved tensions shape how bias is defined and 

addressed, yet the study offered few technical solutions. 

Recent empirical work by Mackin et al. [13] explored 

threshold adjustment and reject option classification as 

post‑processing mitigation methods. However, applying 

fairness only after model inference risks carrying forward 

upstream bias, and the absence of consistent fairness 

reporting limits transparency and reproducibility in 

healthcare contexts. Taneja et al. [14] examined AI tools for 

STI‑related diagnostics and acknowledged the risk of 

misclassification in underrepresented groups due to biased 

training data. Similarly, Melaku et al. [15] used ML models 

to predict contraceptive choice across six Sub‑Saharan 

African countries and identified key predictors such as 

education and media exposure, but did not report fairness 

metrics. These studies by Taneja et al. [14] and Melaku et al. 

[15] highlight the need to address data heterogeneity across 

national contexts and to integrate fairness evaluation more 

rigorously. These gaps motivate the current study.    

        In response to these challenges, Hoche et al. [16] 

proposed a practical ethics framework for clinical ML, 

integrating both technical and normative dimensions of 

fairness and advocating for proportionate mitigation 

strategies; however, the framework lacks empirical 

validation across diverse healthcare datasets, limiting its 

immediate applicability and generalisation to real-world 

SRH scenarios where the challenge of bias exists. Rabonato 

and Berton [17] conducted a systematic review to examine 

how fairness is measured quantitatively and conceptualised 

across different scenarios. Rabonato and Berton [17] found 

that ML applications in healthcare often lack consistent 

reporting of bias and struggle to balance fairness and 

accuracy, due to the absence of a universally accepted 

standard. However, their findings [17] support the need for 

multi-stage fairness intervention, the importance of domain-

specific calibration and the fairness-performance trade-off.  

More recently, Liu et al. [18] proposed the Fairness-aware 

Interpretable (FAIM) framework, which utilised a fairness 

ranking index integrated into an interpretable model to select 

bias-aware alternatives from a set of performance-optimised 

models. Though FAIM excels in interpretability, it assumes 

adequate access to multiple near-optimal models, which 

require expert-guided selection for efficiency, making it 

unfeasible for automated clinical SRH systems. 

        While bias-aware ML has gained recent interest in 

general healthcare domains, such as liver disease prediction 

[19], its application in SRH remains insufficiently explored, 

with a significantly narrower focus on predictive 

performance and a lack of empirical evaluation of fairness 

awareness, as reported in reference by Norori et al. [20]. 

These gaps show the need for targeted fairness-aware ML 

frameworks in SRH applications, motivating this current 

study. This current study extends current literature by 

integrating fairness interventions across all stages of the ML 

pipeline. We empirically evaluate both bias mitigation and 

model performance, thereby addressing the lack of 

integrated, reproducible approaches in ML-based SRH 

systems. 
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3. Research Methodology 
 

        This study applies a structured quantitative 

methodology to detect and mitigate bias in ML‑based SRH 

systems. Supervised learning (SL) algorithms, including 

Logistic Regression (LR), Random Forests (RF), and 

Gradient Boosting (GB), were selected for their 

interpretability, strong use in related literature, and 

suitability for healthcare classification tasks. SL involves 

training models on labelled datasets where each input has a 

known output, allowing the model to learn the input–output 

relationship. This is well aligned with clinical datasets in 

which diagnostic outcomes are predefined, thereby 

supporting transparent and reproducible decision-making. 

The proposed framework uses a multi‑stage bias‑mitigation 

approach, illustrated in Figure 1. In the pre‑processing stage, 

feature encoding, stratified sampling, and class balancing 

address disproportionate group sizes and class imbalance. 

Reweighting and resampling adjust sample influence and 

group representation to reduce disparities across sensitive 

attributes. In the in‑processing stage, the exponentiated 

gradient algorithm enforces fairness constraints by 

iteratively adjusting model weights to minimise disparities 

across groups. Fair feature dropout is also applied to reduce 

reliance on sensitive attributes by randomly omitting them 

during training, encouraging more generalisable and less 

biased representations. In the post‑processing stage, 

threshold adjustment is used to refine decision boundaries 

and further reduce disparate outcomes. 

To evaluate the impact of these interventions, the 

framework employs a dual-assessment strategy. Fairness 

metrics include Equal Opportunity Difference (EOD), 

Demographic Parity (DP), and Disparate Impact (DI), 

computed before and after mitigation with respect to the 

sensitive attribute. EOD measures differences in true 

positive rates across groups [21]. DP assesses whether 

positive prediction rates are equal across groups [22]. DI 

evaluates the ratio of positive outcomes between groups, 

with the four‑fifths rule requiring that no group receives 

outcomes at less than 80 per cent of the reference group [23, 

24]. Standard performance metrics, including accuracy, 

precision, recall, and F1‑score, ensure that fairness 

improvements do not degrade predictive performance. The 

final output is a set of fairness‑aware predictions designed to 

support more equitable decision-making in digital health 

platforms and public health interventions. 

 

3.1. Algorithm justification 
 

        The selection of ML algorithms was guided by 

interpretability, strong use in state‑of‑the‑art applications, 

and their prevalence in healthcare ML systems. LR remains 

widely used for binary clinical classification tasks. For 

example, Mamo et al. [27] applied LR to predict unintended 

pregnancy among reproductive‑age women using data from 

the Ethiopian Demographic and Health Survey, identifying 

key predictors and demonstrating LR’s relevance for SRH 

research and policy insights. RF offers strong performance 

in high‑dimensional clinical datasets due to its ability to 

learn nonlinear patterns and resist overfitting. Spooner et al. 

[25] compared several ML models on real‑world clinical 

data and reported that RF outperformed LR in discrimination 

performance, highlighting the value of ensemble methods in 

medical prediction tasks. GB was included for its high 

predictive accuracy and capacity to model complex, 

multifactorial relationships. Kaliappan et al. [26] evaluated 

GB for predicting COVID‑19 reproduction rates and found 

it achieved superior performance across multiple error 

metrics, including MAE and RMSE. Although this was a 

regression task, GB can be adapted for binary classification 

by using a classification‑specific loss function and a sigmoid 

output, making it suitable for SRH applications. 

Together, these algorithms support a dual evaluation 

protocol that balances technical robustness with ethical 

accountability within the proposed framework. 

 

3.2. Database description 
 

        This study uses two publicly available datasets to 

evaluate the proposed framework: the SRH England (2014–

15) dataset and the PCOS dataset. 

      The SRH England dataset, published by the NHS, 

contains anonymised service‑level records of individuals 

who accessed SRH services during the 2014–2015 reporting 

period, totalling 2,126,413 entries. It includes sensitive 

variables such as age group, ethnicity, gender, service type, 

geographical region, and the binary SRHCareActivityFlag, 

which indicates whether SRH care was received. The dataset 

is non‑disclosive and structured for population‑level 

analysis, making it suitable for fairness‑aware modelling, 

particularly when examining disparities across protected 

attributes. 

      The second dataset, the PCOS dataset sourced from 

Kaggle, contains clinical and demographic information from 

individuals screened for polycystic ovary syndrome across 

75 countries. It includes sensitive features such as age, BMI, 

blood pressure, hormonal indicators, menstrual cycle 

characteristics, and a binary Diagnosis label. With 

approximately 1,200 entries, it is widely used in SRH‑related 

ML research due to its mix of clinical and social variables.     

This study supports the assessment of model generalisability 

and the mitigation of intersectional bias across distinct 

clinical contexts. Its global scope and sensitive health 

indicators provide a complementary contrast to the SRH 

England dataset, enabling cross‑domain validation. 

 

3.3. Proposed framework 
 

       By combining ML algorithms with fairness metrics and 

a scalable design, the proposed framework provides a 

reproducible and ethically grounded approach for 

developing equitable SRH systems. The modular pipeline 

applies fairness interventions at three stages: pre‑processing, 

in‑processing, and post‑processing across two clinically 

distinct SRH datasets. Figure 1 summarises this workflow, 

showing the data flow, the techniques applied at each stage, 

and the dual evaluation of model outputs using fairness and 

performance metrics.  
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Figure 1 

Proposed fairness-aware ML framework for SRH 

 
 

      The justification and role of these stages are outlined in 

Section 3.0. The proposed multi‑stage framework improves 

on existing approaches that often prioritise a single 

intervention point. For example, Saxena et al. [28] 

introduced a DL framework for predicting access to 

healthcare services using fairness‑aware learning and 

bias‑mitigation strategies, achieving strong accuracy across 

diverse groups. However, its reliance on deep, 

multi‑branched neural architectures and extensive data 

augmentation reduces transparency, interpretability, and 

adaptability in resource‑constrained settings. The FAIM 

framework in the work by Liu et al. [18] similarly depends 

on manual model selection and expert‑guided tuning, 

limiting scalability and hindering adoption in automated 

clinical environments. Other studies by Huang et al. [29] and 

Mackin et al. [13] also rely on labour‑intensive model 

selection and manual threshold or feature adjustments, 

further restricting scalability and suitability for deployment 

in resource‑limited healthcare contexts. 

     In contrast, our framework integrates bias mitigation 

across all three modelling stages while remaining compatible 

with standard ML workflows. It supports a dual evaluation 

protocol and avoids computationally intensive DL 

components, enabling reproducible, scalable deployment on 

digital health platforms where equity, generalisability, and 

resource efficiency are essential.  

 

4. Results and Discussion 
 

        The experimental pipeline was implemented in Python 

using scikit‑learn for model development, Pandas and 

NumPy for data handling, and AIF360 and Fairlearn for 

fairness evaluation and bias mitigation. The pipeline 

incorporated both datasets and the three SL models (LR, RF, 

GB). Standard preprocessing included dropping columns 

with missing values and encoding categorical variables. 

Model configurations followed literature‑informed 

hyperparameters [29, 30], and no fairness interventions or 

class‑imbalance techniques were applied during the initial 

baseline trial. The feature EthnicityGrouped was later used 

as the sensitive attribute for fairness evaluation. All models 

were trained on an 80:20 train–test split with a fixed random 

seed, using stratified sampling to preserve group 

proportions. Performance and fairness metrics were 

averaged across five runs to reduce instability. 

Fairness‑aware experiments applied SMOTE 

(k_neighbors=5) to address class imbalance, followed by 

reweighting to prevent leakage. During in‑processing, the 

Exponentiated Gradient reduction algorithm was used with 

an LR base estimator and Demographic Parity as the 

enforced constraint. In the post‑processing stage, thresholds 

were manually tuned using the test set from the initial 

fairness‑unaware trial to establish baseline disparities. These 

probability‑based thresholds were then applied consistently 

across all fairness‑aware runs to ensure comparability. 

Although no separate validation set was used, this approach 

aligned threshold calibration with observed disparities and 

maintained consistency across experiments. 

       For the PCOS dataset, which had approximately 10% of 

the positive class, resulting in a major class imbalance, all 

models were configured with class weights set to 'balanced' 

to mitigate bias toward the majority class. We ensured that 

the preprocessing steps included encoding categorical 

variables and converted sparse matrices to dense arrays for 

GB, which requires dense input. LR and RF models were 

trained directly on sparse data. The sensitive attribute 

selected for fairness evaluation was Ethnicity, ensuring 

comparable alignment with the SRH England dataset. The 

dual evaluation protocol comprises classification metrics 

and a fairness analysis across different ethnic groups. Fair 

feature dropout was applied by computing Pearson 

correlation (absolute values) between each feature and the 

sensitive attribute, with a threshold of 0.8 for removal. While 

no table of dropped features is included, the procedure was 

applied consistently across splits, and clinically relevant 

mediators were retained following domain review. All 

reported results reflect the mean across five stratified train-

test splits. Standard deviation, confidence intervals, and 

formal statistical comparisons were not performed, as the 

study aimed to establish directional fairness effects across 

models and the proposed intervention framework rather than 

establishing statistically significant differences. Averaging 

across stratified splits helped mitigate instability and support 

comparative interpretation. 

         In fairness‑aware evaluations, the choice of sensitive 

attributes is central to identifying disparities across 

demographic groups. We selected EthnicityGrouped for the 
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SRH England dataset and Ethnicity for the PCOS dataset, as 

ethnicity is a recognised social and legal characteristic linked 

to socioeconomic deprivation and structural racism, which 

contribute to unequal healthcare access and outcomes [31]. 

Both datasets provide clearly defined ethnic categories with 

sufficient representation, enabling robust and interpretable 

group‑wise comparisons. Focusing on ethnicity allowed us 

to assess whether model predictions were equitable across 

diverse groups and to ensure that algorithmic decisions did 

not disproportionately disadvantage minority or 

underrepresented populations. 

This choice aligns with fairness literature that identifies 

ethnicity as a key axis of disparity in health‑related ML. 

Jaime and Kern [32] highlight that ethnic classification 

schemes can significantly influence fairness scores and must 

be applied contextually to detect group‑level bias in 

European healthcare systems. Chin et al. [33] similarly argue 

that incorporating sensitive attributes is foundational for 

effective bias‑mitigation strategies in clinical ML. Using 

ethnicity in our evaluations, therefore, supports transparent 

fairness assessment and strengthens the accountability of 

ML‑based SRH systems. 

We acknowledge that focusing solely on ethnicity 

limits the scope of fairness evaluation, as other interacting 

factors, such as gender, may also contribute to disparities and 

interact with ethnicity in complex ways. Future work will 

incorporate multi‑attribute and intersectional fairness 

assessments to capture a broader range of inequities and 

enhance the robustness of mitigation strategies. Tables 1–4 

present the averaged results before and after applying the 

proposed framework across five runs.

 

 

Table 1 

Performance metrics of ML algorithms on the SRH England dataset before fairness intervention 

 

ML 

Algorithm 

Accuracy  Precision Recall F1-

Score 

EOD DP DI 

Logistic 

Regression  

 

0.66 

 

0.59 

 

0.66 

 

0.53 

 

-0.00861 

 

-0.00961 

 

0.99035 

 

Random 

Forest  

 

0.78  

 

0.77 

 

0.78  

 

0.77 

 

-0.01984 

 

-0.04273 

 

0.94164 

 

Gradient 

Boosting  

0.75 

 

0.74 

 

0.75 

 

0.73  

 

-0.03123 

 

-0.05458 

 

0.93041 

 

 

Table 2 

Performance metrics of ML algorithms on the PCOS dataset before fairness intervention 

 

ML 

Algorithm 

Accuracy  Precision Recall F1-

Score 

EOD DP DI 

Logistic 

Regression  

 

0.51 

 

0.81 

 

0.51 

 

0.60 

 

0.12173 

 

0.12023 

 

1.31224 

 

Random 

Forest  

 

0.79 

 

0.81 

 

0.79 

 

0.80 

 

0.04628 

 

0.03335 

 

1.25926 

 

Gradient 

Boosting  

0.56 

 

0.81 

 

0.56 

 

0.65 

 

0.06060 

 

0.04209 

 

1.08272 

 

 

Table 3 

Performance metrics of ML algorithms on the SRH England dataset after fairness intervention 

 

ML 

Algorithm 

Accuracy  Precision Recall F1-

Score 

EOD DP DI 

Logistic 

Regression  

 

0.66 

 

0.59 

 

0.66 

 

0.53 

 

0.00112 

 

0.00163 

 

1.00164 

 

Random 

Forest  

 

0.69 

 

0.76 

 

0.69 

 

0.70 

 

-0.18632 

 

-0.17457 

 

0.66011 

 

Gradient 

Boosting  

0.72  

 

0.76 

 

0.72  

 

0.73 

 

-0.11685 

 

-0.12174 

 

0.77499 
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Table 4 

Performance metrics of ML algorithms on the PCOS dataset after fairness intervention 

 

ML 

Algorithm 

Accuracy  Precision Recall F1-

Score 

EOD DP DI 

Logistic 

Regression 

  

0.50 

 

0.81 

 

0.50 

 

0.59 

 

0.02131 

 

0.02368 

 

1.04879 

 

Random 

Forest  

 

0.57 

 

0.81 

 

0.57 

 

0.66 

 

-0.15544 

 

-0.12639 

 

0.75133 

 

Gradient 

Boosting  

0.66 

 

0.81 

 

0.66  

  

0.72  

 

-0.22805 

 

-0.19403 

 

0.57486 

 

 

4.1. Privilege groups definition 
 

       Privilege refers to unearned advantages associated with 

social identities [34]. In this study, privilege was defined in 

relation to the predicted outcome—access to clinical services 

(SRH dataset) or a clinical diagnosis (PCOS dataset). For the 

SRH England dataset, the White ethnic group was 

designated as the privileged group because it had the highest 

SRH service engagement rate (66.5%), compared with 

63.7% for the Non‑White group and 64.4% for the Not 

Known/Stated group. Here, privilege reflects greater access 

to essential healthcare services, a positive outcome aligned 

with fairness principles that link increased access to systemic 

advantage and reduced marginalisation [35]. 

      For the PCOS dataset, the Asian ethnic group was 

designated as the privileged group due to its lower diagnosis 

rate (9.65%), compared with 10.09 - 11.31% across other 

groups. In this context, privilege corresponds to reduced 

exposure to adverse health outcomes, consistent with the 

fairness literature that treats lower risk or harm as a form of 

privilege [36]. Tailoring the definition of privilege to the 

outcome type ensures that fairness assessments remain 

context‑sensitive and ethically grounded. 

 

4.2. Quantitative analysis of intervention 
 

      To assess and mitigate disparities in classification 

outcomes across ethnic groups, we applied a sequence of 

fairness‑aware interventions. Group rebalancing adjusted the 

distribution of privileged and unprivileged groups relative to 

the target label [36], followed by SMOTE to address class 

imbalance and improve representation during training [37]. 

The Exponentiated Gradient reduction algorithm then 

optimised model parameters under fairness constraints [38]. 

Fair feature dropout for RF and GB removed features with 

an absolute Pearson correlation greater than 0.8 with the 

sensitive attribute, thereby reducing indirect discrimination 

[39]. Group‑specific threshold calibration was performed by 

examining predicted‑probability distributions for each 

sensitive group and model, ensuring thresholds aligned with 

group‑level score distributions and avoiding bias from a 

uniform cutoff [40]. As shown in Tables 3 and 4, this 

integrated framework improves fairness metrics across 

ethnic subgroups without materially affecting predictive 

performance. Figure 2 visualises the resulting distributional 

shifts, threshold calibration, and fairness outcomes. The 

predicted‑probability distributions for Class 1 show distinct 

confidence profiles across models: GB displays a narrow 

cluster of low probabilities, RF exhibits a broader and more 

dispersed spread, and LR presents a smoother, more 

calibrated distribution.  

 

Figure 2 

Predicted probability distributions across models in the 

SRH England dataset 

 
 

These distributional differences highlight the need for 

model‑specific, group‑sensitive threshold calibration to 

ensure equitable outcomes across sensitive groups.
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Figure 3 

Fairness metrics before vs after intervention for the SRH England dataset 

 
Figure 4 

Fairness metrics before vs after intervention for the PCOS dataset 

 
Figure 5 

Fairness–performance trade-off across datasets considering disparate impact

        Figures 3 and 4 show visual representations of the 

effects of the intervention implemented using our proposed 

framework. The intervention reshaped the decision 

boundaries of the selected ML algorithms to improve equity 

in the desired outcome in both datasets. 

   LR showed the most stable response to fairness 

constraints. On both the SRH and PCOS datasets, LR’s 
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fairness metrics consistently moved closer to parity, with 

minimal disruption to predictive performance. On the PCOS 

dataset (Table 4), EOD decreased from 0.12173 to 0.02131, 

DP decreased from 0.12023 to 0.02368, and DI decreased 

from 1.31224 to 1.04879. Though the value of the DI 

remained above the ideal parity value of 1.0, its approach to 

that threshold indicates improved group parity. However, 

with these shifts, the LR model’s accuracy decreased only 

slightly, from 0.51 to 0.50, which is a 1.96% drop, that can 

be considered negligible, especially in scenarios where 

ethical considerations and fairness in prediction are 

prioritised with respect to an underrepresented group. This 

provided insight into LR’s stability in ML-based SRH 

systems under fairness constraints. On the SRH dataset 

(Table 3), LR sustained near-parity fairness metrics post-

intervention, with DI moving from 0.99035 to 1.00164, 

remaining close to the ideal range and accuracy remaining 

virtually unchanged at 0.66. These results regarding the LR 

model support the conclusion that it is well-suited for 

fairness-aware applications, given its simplicity in 

modelling relationships between variables and its ability to 

offer critical insights into performance and interpretability. 

Its consistent behaviour across datasets makes it a reliable 

choice for equitable decision-making without sacrificing 

model performance. 

           The RF model showed notable fairness 

improvements, especially on the PCOS dataset (Table 4), 

where EOD improved from 0.04628 to –0.15544 and DP 

moved from 0.03335 to –0.12639, indicating a reduction in 

group-level bias. However, DI decreased from 1.25926 to 

0.75133, falling below the commonly accepted threshold of 

0.80 and thus indicating potential adverse impact. This 

adverse impact strongly emphasises the need for careful 

calibration and reporting when interpreting bidirectional 

shifts in DI. The fairness improvements in the RF model 

came at the cost of a 28% reduction in accuracy, falling from 

0.79 pre-intervention to 0.57 post-intervention. This 

highlights the RF’s sensitivity to feature dropout and 

threshold calibration. This is because its reliance on 

ensemble techniques and averaging predictions can amplify 

small shifts in feature availability, affecting the decision 

boundary, as fairness interventions may alter group 

thresholds and vary the spread of predicted probability 

distributions. Still, the performance trade-off, RF’s post-

intervention metrics showed meaningful reductions in EOD 

and DP. This makes it a viable option when fairness needs to 

be prioritised over the model’s predictive performance. 

However, a multi-metric view remains essential, as DI value 

must be interpreted with caution. 

         Lastly, the GB model showed the most notable fairness 

adjustment across both datasets. In the PCOS dataset (Table 

4), EOD moved from 0.06060 to –0.22805, DP from 0.04209 

to –0.19403, and DI decreased from 1.08272 to 0.57486. 

While these indicated substantial reductions in direct and 

indirect bias, the post-intervention DI value falls well below 

the 0.80 threshold, suggesting adverse impact despite 

improvements in other metrics. Notably, these fairness gains 

were accompanied by a 17.9% increase in accuracy, rising 

from 0.56 to 0.66. This suggests that fairness interventions 

not only mitigated bias but also enhanced predictive 

reliability. In the SRH dataset (Table 3), GB also showed 

notable fairness shifts: DI decreased from 0.93041 to 

0.77499, falling below the parity threshold. EOD and DP 

became more negative, reflecting a directional move toward 

parity, though interpreting DI requires caution, as mentioned 

earlier. Accuracy on SRH decreased modestly by 4% from 

0.75 to 0.72. This indicates a limited trade-off in 

performance. These changes suggest that GB’s decision 

boundaries were highly responsive to thresholding and 

fairness constraints, although they required careful tuning 

due to the compressed probability distributions, as seen in 

Figure 2. GB’s ability to utilise fairness interventions while 

maintaining performance, especially on the PCOS dataset, 

shows its potential for high-impact deployment in SRH 

domains where bias may be deeply embedded, provided that 

DI outcomes are critically evaluated. 

         To further explore how fairness interventions influence 

both model behaviour and intervention outcomes, Figure 5 

visualises the trade-off between fairness and performance 

across models and datasets. Each arrow represents the shift 

in accuracy and Disparate Impact following intervention, 

with blue arrows for SRH England and orange for PCOS. LR 

shows minimal movement, confirming its stability under 

fairness constraints. RF exhibits a sharp drop in accuracy 

despite gains in fairness, while GB demonstrates 

simultaneous improvements in both fairness and 

performance, especially on PCOS. These directional shifts 

highlight model-specific responses and reinforce the need 

for context-sensitive deployment strategies in fairness-aware 

ML. 

       In summary, the results from our experiments on both 

datasets confirm that fairness-aware interventions can 

significantly mitigate bias while sustaining, or in some cases, 

improving predictive performance. LR demonstrated the 

most stable and interpretable response, achieving near-parity 

fairness metrics with limited accuracy loss, making it a 

dependable choice for applications where transparency and 

consistency are paramount. RF showed notable gains in 

fairness, especially on the PCOS dataset, but at the cost of 

reduced accuracy. This highlights its sensitivity to feature 

dropout and threshold calibration. GB showed the most 

pronounced fairness adjustments, especially in DI. GB’s 

improved accuracy on PCOS indicates its potential for high-

impact deployment in domains with systemic disparities. 

However, these gains were not uniform across metrics: in 

several cases, EOD improved while DI fell below the 0.80 

threshold, indicating potential adverse impact. This tension 

reflects the differing priorities of fairness criteria: EOD 

emphasises sensitivity to missed positives, which is critical 

in SRH screening, while DI captures parity in allocation, 

which is relevant to equitable resource distribution. 

        To support the effectiveness of the proposed 

framework, we conducted paired statistical tests comparing 

model accuracy and disparate impact pre- and post-

intervention for both datasets. DI was selected as the primary 

fairness metric because it is well-suited to evaluating group-

level equity in outcomes, particularly in healthcare contexts 

where demographic parity aligns with both ethical and 

clinical priorities.  However, we acknowledge that DI alone 

may not capture all dimensions of fairness, and future work 

should incorporate a multi-metric, in-depth analysis, such as 

EOD and False Negative Rate parity, to more holistically 

reflect clinical risk. For the PCOS dataset, the framework 

yielded a statistically significant improvement in disparate 
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impact (p = 0.0346 via paired t-test), indicating a measurable 

reduction in bias across demographic groups. Most 

importantly, this fairness gain did not lead to a notable drop 

in predictive performance (p = 0.6897). This supports the 

claim that fairness can be enhanced without compromising 

accuracy. For the SRH dataset, changes in both accuracy (p 

= 0.2697) and disparate impact (p = 0.2363) were not 

statistically significant, though directional improvements in 

fairness were seen. These findings show that targeted 

fairness interventions can improve equity in model outputs 

while preserving clinical utility. 

        Overall, the findings show that bias mitigation is not a 

single universal solution. It requires targeted, model‑specific 

strategies that balance fairness with performance. The 

proposed framework, which combines fair feature dropout, 

group‑sensitive thresholding and fairness‑constrained 

training, proved adaptable and practical for SRH‑related 

clinical decision‑making. Compared with earlier studies by 

Obermeyer et al. [2] and Murikah et al. [41] that focused 

mainly on bias auditing or subgroup evaluation, our 

contribution lies in integrating multiple mitigation 

techniques into a modular, three‑stage framework applied 

across two distinct datasets. This allows direct comparison 

across stages and model types and offers clearer insight into 

trade‑offs and deployment stability. Figure 5 illustrates these 

patterns by showing how DI and accuracy shift under the 

proposed interventions, where filled markers indicate post-

intervention (After) results and unfilled markers represent 

pre-intervention (Before) results. 

        The methodological limitations of this study include 

questions about the datasets, such as their sources. And how 

trustworthy are the labels? For instance, the PCOS dataset 

aggregates data from multiple countries with varying 

diagnostic criteria. This may introduce inconsistencies in 

ground truth labels and affect model generalisability. On the 

other hand, the SRH dataset reflects national-level reporting 

practices that are susceptible to systemic bias, especially in 

how demographic attributes are recorded. Small-subgroup 

effects may have distorted fairness metrics in both cases, 

especially where protected attributes intersect with clinical 

heterogeneity or with underrepresented groups. 

Furthermore, the removal or suppression of proxy features 

intended to mitigate bias may also unintentionally remove 

vital, informative clinical signals. This can potentially 

compromise model prediction accuracy in deployment. 

These issues show the need for domain-informed feature 

auditing, transparent documentation of data origins, and 

reliable labelling techniques. Also, there is a need for active 

stakeholder engagement when applying fairness-aware 

models in healthcare scenarios. However, our proposal 

makes three key contributions: a modular fairness 

framework that integrates multiple intervention stages, its 

application to clinically distinct SRH and PCOS datasets, 

and a comparative evaluation framework that highlights 

model-specific trade-offs in fairness and performance.  

        To reaffirm the contribution of our framework, Table 5 

presents a comparative overview of prior studies in SRH and 

healthcare ML, highlighting their fairness strategies, 

reported metrics, and limitations relative to our approach.

 

Table 5 

Performance metrics of ML algorithms on the PCOS dataset after fairness intervention 

 

Study Domain Fairness Strategy Metrics 

Reported 

Sensitive Attributes Methodological 

Considerations 

Proposed 

Framework 

 

SRH  Multi-staged DI, DP, EOD Ethnicity Integrated, modular, 

empirically validated 

 [10] 

 

 

 

Prenatal 

birthweight 

prediction 

None None Ethnicity, Income Underprediction for the 

underrepresented group; 

no fairness audit 

 [14] 

 

 

STI Prediction None Mentioned bias 

risk  

Not specified Misclassification risk for 

underrepresented groups 

 [15] 

 

 

 

Contraceptive 

Choice  

None None Education, Media 

Exposure 

Equity concerns 

unaddressed 

 [18] FAIM Framework Post-processing 

(Ranking Index) 

Fairness Index Multiple Requires expert-guided 

model selection 

 [28] 

 

 

 

Healthcare Access  In-processing  DI, DP Race, Income Complex architecture.  

low interpretability 

As shown in Table 5, our proposed framework, compared to 

prior related studies, implements bias mitigation across all 

three stages and employs a dual evaluation protocol on two 

demographically distinct datasets. This dual evaluation 

protocol strengthens the generalisability of our findings and 

ensures that fairness is not confined to a single population 

context. Additionally, these previous studies either omitted 

fairness metrics or applied them in isolation, without 

considering interactions among metrics. In contrast, our 
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study has integrated differences in DI, DP, and EOD and 

rigorously audited performance.  

 

4.3. Ethical implications of bias in ML models 

in SRH  
 

      The integration of ML in SRH systems introduces 

complex ethical challenges, particularly around fairness, 

transparency, and accountability. SRH data is inherently 

sensitive, often reflecting deeply personal, stigmatised, or 

socially regulated experiences. When biased algorithms are 

applied to such data, they risk reinforcing existing 

prejudices, misinforming clinical decisions, and 

exacerbating disparities in access to care and outcomes. 

These risks are not hypothetical. As demonstrated by 

Obermeyer et al. [2], the use of stand-in variables in 

healthcare ML algorithms can lead to systematic racial bias, 

disadvantaging marginalised groups. This concern is 

especially critical in SRH, where vulnerable populations are 

frequently underrepresented. 

       A frequent ethical concern is the lack of transparency in 

demographic data in ML health research. Systematic reviews 

reveal that many studies fail to report relevant variables such 

as sex, age, ethnicity, and socioeconomic status [42]. The 

absence of reports on these sensitive variables makes 

fairness audits challenging, thereby raising concerns about 

representativeness and equity among underrepresented 

groups. In SRH applications involving sensitive contexts, 

such as contraceptive recommendations, this lack of 

transparency can erode clinicians' and stakeholders' trust, 

leading to unequal outcomes for individuals whose 

characteristics differ from those in the dominant training 

subset [43, 44]. 

      To address these ethical gaps, recent research has 

advocated open-science practices and comprehensive 

dataset documentation [45, 46]. These approaches support 

comprehensive reporting on subgroup analysis and fairness 

evaluation, enabling ML developers and clinicians to 

identify and correct biases before deployment. However, 

ethical responsibility extends beyond technical fixes to these 

issues. This calls for thoughtful design choices, from tuning 

model settings and choosing the right architecture to 

understanding the data itself, all with a focus on inclusivity, 

informed consent, and transparency at every stage, from data 

collection to model deployment. 

      Specifically, in SRH contexts, where clinical decisions 

can influence reproductive autonomy, individuals’ privacy, 

and access to care, the ethical stakes are particularly high. 

Bias mitigation must be integrated not only into algorithmic 

design but also into clinical workflows, governance 

structures, and user engagement strategies. Without these 

safeguards, ML systems risk amplifying the very inequities 

they aim to address, compromising both clinical integrity 

and public trust. 

 

4.4. Clinical implications of bias in ML models 

in SRH 
 

      Clinicians are trained to deliver equitable care across 

diverse patient populations. For a clinician to accept a model 

for use, it must earn the trust of unbiased experts across a 

wide range of demographics and align with the clinician’s 

own clinical reasoning. To foster adoption, a model must 

provide explainability on how a decision was reached based 

on data input and demonstrate fairness during validation, 

extending to subgroups of a population, while showing 

normal sensitivity or specificity across race, gender and must 

support an override with justification, which can allow 

clinicians to refuse an AI recommendation, thereby fostering 

collaboration rather than authority. 

     ML Models are trained to learn representation from 

patterns and correlation, and hence prioritise this attribute 

over proper clinical judgement [47]. On the other hand, the 

human aspect of clinical decision-making often involves 

non-quantifiable factors, such as psychosocial and 

behavioural factors, that ML models cannot capture. The 

consequence of this inability of these ML models can 

amplify existing bias, which can lead to substandard clinical 

decisions and the worsening of longstanding health care 

disparities amongst underrepresented groups.  An unbiased 

ML model can significantly assist clinicians by supporting 

decision-making, reducing error and enabling better patient 

treatment outcomes. An example is improved diagnostic 

accuracy, which occurs when a model identifies disease 

patterns consistently across all patients, regardless of 

demographics, thereby preventing misdiagnosis or delayed 

diagnosis in underrepresented groups.  

      Finally, the continued integration of ML into SRH 

systems must be guided by human‑centred reasoning and a 

commitment to clinical equity and transparency [46]. 

Although algorithmic precision offers value for early 

detection and diagnostic support, its usefulness depends on 

whether models reflect the diversity of patient experiences 

and maintain fairness across demographic groups [48]. The 

consequences of bias are not only technical; they are ethical 

and systemic, and they directly affect patient outcomes. 

        While the results show promising improvements in 

fairness, several limitations must be acknowledged. The 

datasets are secondary and retrospective, which may restrict 

generalisability to real clinical settings. The models have 

also not been validated in operational SRH environments, 

where user behaviour, data drift and institutional constraints 

may influence fairness outcomes. Future work will address 

these issues through prospective validation, stakeholder 

engagement, and real‑time monitoring. 

 

5. Conclusion 
 

      This study has demonstrated that using a multi-stage 

fairness intervention framework can reduce bias in ML-

based SRH systems without significantly impacting 

predictive performance. The study employed a dual 

evaluation protocol across two distinct datasets, and the 

findings from the experiments provide adequate insights into 

the earlier raised research questions: 

 

1) In both datasets, used for the experiments, the 

intervention showed directional improvements in EOD 

and DI for some models, especially noticeable in LR. 

In the SRH England dataset, DI values moved closer 

to parity for LR, while GB showed partial 

improvement but remained below the commonly 

accepted threshold of 0.80. EOD improved only 
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marginally or worsened for RF. In the PCOS dataset, 

fairness gains were again mainly noticeable in LR, 

with RF and GB showing mixed or adverse shifts, 

including DI values falling below the 0.80 threshold, 

indicating a potential adverse impact. These findings 

indicate that while the multi-stage framework can be 

effective in mitigating group disparities, the outcomes 

are mainly model-dependent. 

2) The predictive performance, as shown in the Accuracy 

and F1-score results, remained stable or improved for 

LR across both datasets, and for GB on the PCOS 

dataset. However, GB showed a slight drop in 

accuracy on the SRH England dataset, while RF 

exhibited notable degradation post-intervention, 

particularly in the PCOS dataset. These findings show 

that fairness interventions can be integrated without 

significantly impacting negatively on the predictive 

ability of the models. However, there are performance 

trade-offs to consider depending on the model’s 

architecture, configuration, and the nature of the 

dataset. This further shows the need for model-aware 

calibration and that fairness–utility balance is not 

uniformly guaranteed. 

 

       Although the proposed framework proved adaptable to 

the task, several limitations became evident. The availability 

of sensitive attributes and the reliance on group‑level metrics 

restricted the scope of fairness assessment, particularly in 

datasets such as PCOS, where demographic information 

varies across countries and diagnostic practices may differ. 

Manual calibration of thresholds and dropout parameters 

also limits scalability in dynamic EHR environments, where 

fairness constraints must adapt to shifting data distributions. 

In addition, the study did not explore ensemble or 

multi‑objective optimisation strategies, which may have 

improved the balance between fairness and performance. 

The results also revealed a tension between the fairness 

criteria. EOD often improved, indicating better sensitivity to 

missed positives, while DI sometimes fell below accepted 

thresholds, signalling potential adverse impact. This 

divergence highlights the need for context‑specific 

prioritisation of fairness metrics and careful model‑aware 

calibration, especially in SRH settings where both clinical 

risk and equitable access matter. Even with these challenges, 

the framework consistently improved EOD and DP across 

models, particularly for LR, without compromising 

predictive performance. Future work will focus on extending 

the framework to include automated fairness tuning, 

enhanced statistical reporting, and more comprehensive 

intersectional analysis, supported by both primary data 

collection and longitudinal datasets.  

 

Recommendations 
 

Based on the outcomes of this study, we recommend the 

early integration of fairness‑aware interventions into clinical 

AI pipelines to prevent models from reinforcing existing 

biases that may restrict treatment access for 

underrepresented groups. Fairness evaluation should extend 

beyond technical metrics to include clinical relevance, 

ethical accountability and human‑centred assessments of 

how fairness interventions influence resource allocation and 

patient outcomes. In addition, model selection for healthcare 

applications should prioritise a balance between fairness and 

predictive reliability, while also improving interpretability. 
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