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ABSTRACT: Polyendocrine metabolic ovarian syndrome (PMOS) previously known as Polycystic 
Ovary Syndrome (PCOS) is a common endocrine disorder affecting women of reproductive age, yet its 
diagnosis remains challenging because accurate assessment often depends on investigations that are 
costly, less accessible, and difficult to scale in resource-constrained clinical settings. We develop and 
assess a cost-aware modelling framework for PCOS risk stratification, comparing an inexpensive-
feature model based on demographic, symptom, anthropometric, and routine clinical variables with 
an augmented model that additionally incorporates laboratory and ultrasound features when fuller 
diagnostic work-up is available. Logistic Regression (LR) and Random Forest (RF) models are 
evaluated using discrimination and calibration metrics, including AUC, accuracy, F1, precision, recall, 
Brier score, and expected calibration error (ECE), alongside clinical utility through decision curve 
analysis (DCA). To support safer decision-making under constrained capacity, we further integrate 
conformal prediction to provide finite-sample coverage guarantees and controlled abstention. 

Across train-test and out-of-fold evaluations, the augmented model showed consistent performance 
gains over the inexpensive-feature model, with AUC increasing by 6.9% for LR and 7.4% for RF. LR 
exhibited more favourable calibration in most settings, while RF achieved higher precision. Decision 
curve analysis showed higher net benefit for the augmented model across clinically relevant threshold 
regions, although feature sensitivity analysis indicated that a compact subset of inexpensive predictors 
preserved over 80% of maximal AUC, supporting the practical value of lower-burden screening. 
Conformal prediction achieved 94.5% overall coverage with a 41.3% abstention rate, maintaining near-
nominal validity across age and BMI subgroups. Under constrained referral capacity, prioritising 
highest-risk cases maximised net benefit at lower capacity levels, while uncertainty-aware deferral 
became more compatible with decision utility as available capacity increased. These findings support 
a proof-of-concept framework in which inexpensive information provides meaningful early risk 
stratification, while added laboratory and ultrasound inputs offer incremental value when more 
resource-intensive assessment is feasible. 
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1. Introduction  

1.1. Background 

In accordance with the 2026 international consensus 
renaming of polycystic ovary syndrome, this manuscript 
adopts the term polyendocrine metabolic ovarian 
syndrome (PMOS) [1]. The abbreviation PMOS is used in 
the title and abstract to reflect this updated terminology. 
However, PCOS is retained in the main text where 
appropriate to maintain consistency with earlier literature, 
existing diagnostic guidelines, and source dataset labels. 

Polycystic ovary syndrome (PCOS) stands as the most 
common endocrine disorder affecting reproductive-aged 
women worldwide, with prevalence estimates ranging 
from 4% to 21% in earlier studies, depending on diagnostic 
criteria used [2]. Later investigations have reported higher 
estimates ranging 5% to 26% [3]. This trend demonstrates 
the increasing attention of the condition and investigation 
into the global burden of PCOS The syndrome is a leading 
cause of anovulatory infertility, accounting for over 75% 
of cases related to ovulation disorders [4].  

Beyond reproductive health, PCOS is associated with 
significant metabolic and cardiometabolic risks, including 
insulin resistance, type 2 diabetes, obesity and 
cardiovascular disease [5], [6]. These comorbidities 
threaten long-term individual health and place 
considerable socioeconomic burden on healthcare 
systems. Additionally, delayed diagnosis often because of 
heterogeneous symptom profiles and limitations of 
conventional diagnostic criteria restrains early 
intervention strategies aimed at mitigating long-term 
outcomes [3]. An effective predictive framework that can 
swiftly identify high-risk individuals presents a critical 
opportunity for clinical intervention, resource 
optimisation and improved patient outcomes. 

In PCOS, artificial intelligence and machine learning 
are increasingly being explored to improve diagnostic and 
classification performance and support earlier detection 
[7]. In this study, the practical question is not whether a 
model performs well under full-information conditions, 
but how much useful decision support can already be 
obtained from information that is inexpensive, routinely 
available and feasible to collect at scale. This consideration 
is especially important in PCOS, where confirmatory 
laboratory and ultrasound assessments may be delayed, 
unevenly available or financially burdensome, thereby 
motivating a framework that compares an inexpensive-
feature model with an augmented model that incorporates 
more resource-intensive diagnostics when available. 

1.2. Gaps in research 

While machine learning (ML) applications for PCOS 
risk prediction are growing in number, they often focus 
primarily on maximizing diagnostic accuracy using 

standard performance metrics such as AUC, precision and 
recall without assessing whether these models deliver 
meaningful clinical value. A systematic review noted high 
reported performance in PCOS detection (AUCs between 
73% and 100%, diagnostic accuracy up to 100% and 
positive predictive value (PPV)/negative predictive value 
(NPV) frequently exceeding 90%) [7]. However, these 
studies typically lack evaluations based on decision-
analytic frameworks that reflect real clinical trade-offs. 
Moreover, existing work often neglects probabilistic 
calibration, critical when translating predictions into 
actionable risk thresholds. Methods to handle predictive 
uncertainty remain largely unexplored in PCOS contexts, 
although conformal prediction has shown promise for 
delivering reliable set-valued predictions in healthcare [8]. 
Likewise, Decision Curve Analysis (DCA) which allows 
quantification of net clinical benefit across threshold 
strategies is notably absent from PCOS-focused ML 
studies [9]. 

Another important but under-addressed area is 
operational realism. In many clinical settings, capacity 
constraints limit how many patients can receive intensive 
evaluation or screening. Yet, prior PCOS prediction 
models rarely consider triage strategies under capacity 
limitations, which can significantly influence utility and 
practicality. There is limited emphasis on feature cost-
efficiency; few studies assess whether omitting low-
importance features compromises performance, a key 
consideration for low-resource implementation. Recent 
PCOS prediction with machine learning has progressed 
across three data modalities: self-reported/clinical 
features, electronic health records (EHRs) and imaging; 
yet most studies emphasize discrimination 
(accuracy/AUC) over calibration, decision-analytic value, 
or uncertainty aware deployment. In a large EHR study 
[10], gradient boosting, logistic regression, SVM and 
random forests on 30,601 at-risk outpatients and reported 
AUCs of 0.87-0.91 for prevalent PCOS and 0.82-0.84 for 
incident PCOS, highlighting scalability to routine care but 
without decision curve analysis (DCA) or coverage-
guaranteed uncertainty estimates. 

On imaging, [11] built a deep-learning pipeline on 
ovarian ultrasound features and achieved 99.89% 
accuracy in a 1,000-image benchmark, demonstrating 
near-ceiling discrimination while leaving calibration and 
clinical utility assessment unexplored. A hospital-based 
multimodal study [12] fused ovarian ultrasound images 
with patient-level clinical data and achieved 82.46% 
classification accuracy, but evaluation remained centered 
on conventional predictive performance metrics, without 
reported probability calibration, decision-curve net 
benefit, or subgroup reliability analysis. Another work by 
[13] pursued “non-invasive” diagnosis from clinical plus 
ultrasound features, with XGBoost reaching AUC = 0.995 
(Clinical+USG+AMH) and even perfect test-set 
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performance (AUC = 1.00) on a small external set, which 
the authors themselves caution may reflect 
overfitting/data leakage, yet calibration, DCA and 
abstention policies were not explored.   

Furthermore, several works develop patient-facing or 
clinician-support tools from non-invasive or 
questionnaire-like variables [14] proposed “machine-
aided self-diagnostic” PCOS models from 
anthropometrics and symptoms to enable pre-
consultation screening; they prioritized convenience and 
explainability but did not report probability calibration, 
DCA, or abstention policies. In a study by [15], they used 
correlation-based feature selection to reduce inputs and 
trained LR/NB/SVM, the SVM achieved 94.44% accuracy 
on the clinical subset, while a VGG16 modelling pipeline 
on ultrasound achieved 98.29% validation accuracy again 
without calibration or decision-analytic evaluation. In [16], 
the authors built hormone-based diagnostic models 
combining AMH and steroid/estrogen panels, the logistic 
classifier achieved test-set ROC-AUC = 0.934 (specificity = 
0.947; F1 = 0.864), while XGBoost maximized accuracy 
(0.905) and sensitivity (0.870), yet no calibration checks, 
decision curve analysis, or uncertainty triage were 
reported. 

A substantial stream of studies relies on the widely 
used 541-patient Kerala clinical dataset [17] (the same 
open dataset used in our study), typically targeting binary 
PCOS classification with conventional metrics. In [18], the 
authors introduced an “explainable multi-stacking” 
framework and reported ~98% accuracy using feature-
selected clinical predictors and SHAP-based explanations, 
but did not assess calibration, capacity-constrained triage, 
or uncertainty aware abstention. In [19], the authors built 
a web-based pipeline on the same dataset, where 
AdaBoost and Random Forest each reached 94% accuracy 
with F1 up to 0.91; despite a clear engineering 
contribution, calibration analysis and DCA were not 
performed. A comparative study by [20] evaluated seven 
supervised learners on the same Kerala PCOS dataset and 
reported Logistic Regression as best overall (accuracy = 
91.7%, precision = 96.0%, ROC-AUC = 96.8%), but it did 
not assess calibration, decision-analytic utility, 
uncertainty, or subgroup reliability leaving open 
questions central to cost-aware deployment and safe 
abstention. A Smart Polycystic Ovary Syndrome 
diagnostic system (SPOSDS) optimized feature selection 
and classifiers [21] was conducted on the same dataset and 
reported ~93.25% accuracy yet omitted probability 
calibration diagnostics and decision-analytic evaluation.  

In addition, [22] systematically compared traditional 
and ensemble classifiers on the Kerala dataset, 
underscoring the value of feature selection but again 
without calibration reporting or uncertainty aware triage. 
[23] previously evaluated logistic regression and random 

forests on the dataset in IEEE TENSYMP, reporting ~91% 
accuracy but no assessment of reliability (e.g., calibration 
curves, Brier score) or clinical net benefit. In [24], the 
authors examined eight traditional and ensemble models 
on the 541-record dataset, highlighting very high headline 
scores (e.g., up to 99.78% for LR/SVM in their web 
supplement) without external validation, calibration, 
decision-curve, or uncertainty aware triage, highlighting 
overfitting risks for clinical translation. In [25], the 
researchers proposed an optimized stacked ensemble 
(WaOEL) for “early, inexpensive” PCOS screening from 
symptomatic, attaining accuracy = 92.8% and AUC = 0.93 
on a blended low-cost feature set that included the Kaggle 
PCOS resource; however, the study emphasized accuracy 
without calibration, capacity-constrained triage, or formal 
error-rate control. In [26], the authors introduced a 
stacked-learning pipeline with ADASYN/SMOTE 
rebalancing on the same Kaggle dataset and reported 97% 
accuracy, but again did not quantify probability 
calibration, net benefit under operational caps, or 
coverage guarantees. Overall, prior work rarely evaluates 
models under capacity constraints (e.g., fixed slots for 
further testing), seldom implements triage policies that 
integrate model confidence and almost never use formal 
uncertainty quantification with coverage guarantees in 
PCOS. 

Conformal prediction (CP) has emerged in clinical AI 
as a distribution-free framework to deliver set-valued 
predictions with finite-sample coverage, enabling 
principled abstention; however, CP has not been 
incorporated into PCOS risk tools. A recent study [27] 
introduced practical CP methods with coverage 
guarantees but did not target PCOS specifically. A clinical 
review in [8] catalogued CP applications across medical 
areas and argued for CP to quantify per-case reliability, 
yet no PCOS application was identified. 

Methodological elements needed to bridge research to 
practice such as DCA for net benefit and calibration for 
trustworthy probabilities also remain underused in PCOS 
modeling. DCA is a standard way to quantify whether 
model-guided action improves decisions over “treat all” 
or “treat none but PCOS studies rarely report it [28]. Even 
where discrimination is strong (e.g., ultrasound or stacked 
clinical models), miscalibration can undermine threshold-
based actionability [7], a concern not addressed in the 
above works.  

In summary, existing PCOS prediction studies report 
strong discrimination across datasets and modalities, but 
they generally leave several clinically important questions 
unresolved. First, they rarely evaluate whether lower-
burden clinical information can provide sufficient first-
line risk stratification before escalation to laboratory and 
ultrasound assessment, limiting their usefulness in 
resource-constrained settings. Second, they seldom assess 
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probability calibration or decision-analytic value, even 
though poor calibration can misalign risk thresholds and 
weaken clinical actionability. Third, uncertainty-aware 
triage under fixed capacity constraints is rarely examined, 
despite its relevance when only a subset of patients can be 
referred for more intensive evaluation. Finally, conformal 
prediction has not been incorporated into PCOS risk tools 
to maintain coverage while allowing controlled abstention 
across patient subgroups. These gaps motivate our 
integrated framework, which compares an inexpensive-
feature model with an augmented model, evaluates 
clinical utility under constrained capacity, and embeds 
conformal prediction as the uncertainty-control layer of 
the decision pathway. 

1.3. Methodological Advances Needed 

To address these gaps, an improved framework for 
PCOS risk stratification should combine discrimination, 
calibration, uncertainty quantification, decision-analytic 
evaluation, and feature cost-efficiency within a coherent 
workflow. Model performance should not be judged by 
accuracy alone. In settings where clinical action depends 
on threshold probabilities, probability quality matters, 
and calibration metrics such as the Brier score and 
expected calibration error (ECE) become essential for 
assessing whether predicted risks are trustworthy [29]. 
Likewise, DCA provides a clinically interpretable way to 
determine whether model-guided action offers greater net 
benefit than default strategies such as treating all or 
treating none [28]. 

In addition, PCOS assessments often take place under 
constraints in which laboratory assays and ultrasound are 
not immediately available for all patients [2], [4]. This 
makes it important to evaluate how much predictive value 
can be obtained from inexpensive, routinely available 
information before escalation becomes necessary, and 
what incremental value is gained when more resource-
intensive diagnostics are added. Feature importance 
analysis grouped feature reduction and targeted ablation 
therefore have an important role in identifying which 
variables support lower-burden screening and which 
added diagnostics provide meaningful marginal benefit 
[13], [18], [22]. 

Finally, uncertainty-aware prediction frameworks 
such as conformal prediction provide a principled way to 
generate prediction sets with finite-sample coverage 
guarantees and to defer ambiguous cases when confidence 
is insufficient [27]. When combined with capacity-
constrained triage policies, this allows the evaluation of 
not only which model performs best, but how model 
predictions may be translated into safer and more 
operationally realistic referral decisions. These elements 
define the methodological basis for the framework 
developed in this study.  

1.4. Research Question 

This study is guided by three core research questions 
that together address predictive performance, operational 
feasibility, and safety in AI-assisted PCOS risk 
stratification: 

1. How can a cost-aware modelling framework that 
compares an inexpensive-feature model with an 
augmented model using inexpensive plus expensive 
features support improvements in predictive 
performance for PCOS while maintaining practical 
relevance under resource constraints? 

2. Under real-world capacity constraints, how do risk-
based, utility-based, and uncertainty-aware triage 
strategies differ in terms of net clinical benefit, and 
under what capacity conditions is uncertainty-aware 
referral most useful? 

3. How can conformal prediction maintain high 
coverage and controlled abstention rates across PCOS 
patient subgroups, and how can this contribute to 
safer and more trustworthy AI-assisted decision-
making? 

These questions form the backbone of our 
investigation, linking model development with 
downstream clinical utility, uncertainty handling, and 
responsible use. 

1.5. Contribution and Novelty of This Work 

This study presents a proof-of-concept framework for 
AI-assisted PCOS risk stratification that integrates 
performance evaluation, cost considerations, uncertainty 
handling, and clinical utility within a single workflow. The 
contribution of this work lies in the operational integration 
of these components to assess how PCOS risk models may 
function under realistic diagnostic and capacity 
constraints, with emphasis on practical implementation, 
clinical utility, and deployment considerations. 

The contributions to our work as follows: 

1. By comparing an inexpensive-feature model with an 
augmented model that adds laboratory and 
ultrasound variables, we quantify how much 
predictive value can be obtained from lower-burden 
clinical information and what incremental benefit is 
gained when more resource-intensive diagnostics are 
available. Feature importance and sensitivity analyses 
further show that a compact subset of inexpensive 
predictors preserves over 80% of maximal AUC, 
supporting cost-efficient early risk stratification [30], 
[31]. 

2. We extend model evaluation beyond conventional 
accuracy metrics by incorporating Decision Curve 
Analysis (DCA) to quantify net clinical benefit across 
plausible decision thresholds. This enables predictive 

http://www.jenrs.com/


 A. A. Adegoke et al., A Step Toward the Use of AI for PMOS 

www.jenrs.com                        Journal of Engineering Research and Sciences, 5(8): 1-27, 2026                                            5 

performance to be interpreted in terms of its potential 
clinical consequences and decision-making value, an 
approach that remains rarely applied in PCOS-
focused modelling studies [32]. 

3. We evaluate capacity-constrained triage policies that 
compare risk-based, utility-based, and uncertainty-
aware referral strategies. This provides an operational 
view of how predictive models may be used when 
only a subset of patients can receive more intensive 
assessment. 

4. We embed conformal prediction within the decision 
pathway to produce set-valued predictions with 
finite-sample coverage guarantees and explicit 
abstention. This enables structured deferral of 
ambiguous cases and supports more transparent 
uncertainty handling across subgroups such as age 
and BMI, contributing to safer AI-assisted decision 
support [33]. 

The following section describes the data, modelling 
approaches, evaluation metrics, and decision-analytic 
methods used to address these questions. 

2. Methods 

2.1. Data Description 

The dataset used in this study is a publicly available 
Polyendocrine metabolic ovarian syndrome (PCOS) 

dataset comprising records collected from 10 hospitals 
across Kerala, India. It contains 541 patient records and 44 
variables, including a binary target variable indicating the 
presence of PCOS (1), with 177 participants (32.7%), or the 
absence of PCOS (0), with 364 participants (67.3%) as 
shown in Fig 1. The variables capture demographic 
information, anthropometric measurements, lifestyle 
habits, menstrual history, biochemical assay results, and 
ultrasound findings. These features provide a broad 
clinical representation of factors associated with PCOS 
and support predictive modelling of the condition.  

 
Figure 1: Distribution of PCOS Status 

Table 1: Variables with their data types and brief descriptions. 

S/N Feature Name Data Type Description 
1 Age (years) Numeric Age of the patient in years 
2 Weight (Kg) Numeric Body weight measured in kilograms 
3 Height (Cm) Numeric Height of the patient in centimetres 
4 BMI Numeric Body mass index, calculated from weight and height 
5 Blood Group Categorical Patient's blood group, encoded numerically 
6 Pulse rate(bpm) Numeric Heart rate measured in beats per minute 
7 RR (breaths/min) Numeric Respiratory rate measured in breaths per minute 
8 Hb(g/dl) Numeric Haemoglobin concentration in grams per decilitre 
9 Cycle(R/I) Categorical Menstrual cycle regularity or irregularity indicator 
10 Cycle length(days) Numeric Length of menstrual cycle in days 
11 Marriage Status (Years) Numeric Number of years since marriage 
12 Pregnant(Y/N) Binary Pregnancy status 
13 No. of abortions Numeric Number of abortions or miscarriages 
14 I   beta-HCG (mIU/mL) Numeric Serum beta-HCG hormone level (first measurement) 
15 II    beta-HCG (mIU/mL) Numeric Serum beta-HCG hormone level (second measurement) 
16 FSH (mIU/mL) Numeric Follicle-stimulating hormone level 
17 LH (mIU/mL) Numeric Luteinising hormone level 
18 FSH/LH Numeric Ratio of FSH to LH 
19 Hip(inch) Numeric Hip circumference in inches 
20 Waist(inch) Numeric Waist circumference in inches 
21 Waist: Hip Ratio Numeric Waist-to-hip circumference ratio 
22 TSH (mIU/L) Numeric Thyroid-stimulating hormone level 
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S/N Feature Name Data Type Description 
23 AMH (ng/mL) Numeric Anti-Müllerian hormone level 
24 PRL (ng/mL) Numeric Prolactin hormone level 
25 Vit D3 (ng/mL) Numeric Vitamin D3 level 
26 PRG (ng/mL) Numeric Progesterone hormone level 
27 RBS (mg/dl) Numeric Random blood sugar level 
28 Weight gain(Y/N) Binary Indicator for recent weight gain 
29 hair growth(Y/N) Binary Indicator for excessive hair growth 
30 Skin darkening (Y/N) Binary Indicator for skin hyperpigmentation 
31 Hair loss(Y/N) Binary Indicator for hair loss 
32 Pimples(Y/N) Binary Indicator for presence of acne 
33 Fast food (Y/N) Binary Indicator for regular fast-food consumption 
34 Reg.Exercise (Y/N) Binary Indicator for regular exercise 
35 BP Systolic (mmHg) Numeric Systolic blood pressure measurement 
36 BP Diastolic (mmHg) Numeric Diastolic blood pressure measurement 
37 Follicle No. (L) Numeric Number of ovarian follicles on the left ovary 
38 Follicle No. (R) Numeric Number of ovarian follicles on the right ovary 
39 Avg. F size (L) (mm) Numeric Average follicle size in the left ovary 
40 Avg. F size (R) (mm) Numeric Average follicle size in the right ovary 
41 Endometrium (mm) Numeric Endometrial thickness in millimetres 
42 PCOS (Y/N) Binary Presence or absence of PCOS 

 
2.2. Data Pre-processing 

All column names were stripped of extra spaces to 
ensure consistency. A missing value check identified two 
variables with incomplete records: 

• Marriage Status (Years) - 1 missing value, handled 
using median imputation.  

• Fast food (Y/N) - 1 missing value, imputed with the 
mode. 

We selected these imputation methods due to the 
minimal proportion of missing data and their ability to 
preserve the central tendency of the variables with 
minimal distortion [34]. 

Duplicate record checks across all variables returned 
zero duplicates. Binary categorical variables such as 
Pregnant(Y/N), Weight gain(Y/N) were identified by the 
(Y/N) suffix in their names and recorded as integers (0 = 
No, 1 = Yes) to facilitate direct use in analysis.  

After these steps, the dataset contained 541 complete 
observations and 42 variables, with no missing values or 
duplicate records. 

2.3. Feature Partitioning 

For modelling purposes, we separated all predictor 
variables into two clinically motivated categories based 
on method of acquisition, availability and relative cost. 
The target variable, PCOS (Y/N), is a binary indicator of 
diagnosis. This partitioning was designed to compare an 
inexpensive-feature model, built from variables that are 

routinely obtainable without laboratory or imaging 
procedures, with an augmented model using 
inexpensive plus expensive features, in which laboratory 
assays and ultrasound findings are added when fuller 
diagnostic work-up is available. 

• Initial evaluation using inexpensive and readily 
obtainable information such as patient history, 
anthropometric measurements, lifestyle indicators, 
and routine vital signs; 

• further assessment using more resource-intensive 
investigations such as hormonal assays and pelvic 
ultrasound when additional diagnostic clarification 
is needed. 

Figure 2 presents an overview of the proposed cost-
aware PCOS risk stratification framework. Inexpensive 
features are used for first-line risk estimation, while 
uncertainty and clinical decision rules guide escalation to 
more resource-intensive assessment. The workflow 
emphasises efficient resource use, transparency, and 
clinically informed decision support, with algorithmic 
complexity kept secondary to practical deployment 
considerations. 

The dataset was partitioned enabling comparison 
between a lower-burden model based on inexpensive 
information and an augmented model that incorporates 
laboratory and ultrasound features. Table 2 summarises 
the principles used to define these feature groups, and 
Table 3 presents the resulting partitioning. 
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Figure 2: Proposed workflow of the PCOS modelling 

Table 2: Principles of Feature Partitioning 

Model/Feature Group Inclusion Criteria Examples 
Inexpensive-feature model Self-reported, physical examination, or routine vital signs; no 

laboratory or imaging required; minimal acquisition cost. 
Age, BMI, Blood Pressure, 
Lifestyle indicators 

Expensive additions in the 
augmented model 

Laboratory analysis (e.g., hormonal assays) or imaging 
procedures (e.g., pelvic ultrasound); require specialist 
facilities and higher financial cost. 

FSH, LH, AMH, 
Ultrasound follicle counts 

Table 3. Feature Categories after partitioning with Justification 

Feature Group Category Feature Name Partition Justification 
Inexpensive 
features 

Demographics Blood Group inexpensive Often known or on 
medical record 

Marriage Status (Yrs), Pregnant (Y/N), Age 
(yrs) 

inexpensive Self-reported 

No. of aborptions inexpensive Medical history 
Anthropometrics Weight (Kg), Height (Cm) inexpensive Routine measure 

BMI, Waist: Hip Ratio inexpensive Derived 
Hip (inch), Waist (inch) inexpensive Measured with tape 

Vitals Pulse rate (bpm), RR (breaths/min), BP 
Systolic (mmHg), BP Diastolic (mmHg) 

inexpensive Measured at clinic 

Menstrual History Cycle (R/I), Cycle length (days) inexpensive Patient-reported 
Lifestyle / 
Symptoms 

Weight gain (Y/N), hair growth (Y/N), Skin 
darkening (Y/N), Hair loss (Y/N), Pimples 
(Y/N), Fast food (Y/N), Reg.Exercise (Y/N) 

Inexpensive Patient-reported 

Augmented 
features 

Hormonal Assays Hb(g/dl) Expensive Requires lab blood test 
I beta-HCG (mIU/mL), II beta-HCG 
(mIU/mL), FSH (mIU/mL), LH (mIU/mL), 
TSH (mIU/L), AMH (ng/mL), PRL (ng/mL), 
Vit D3 (ng/mL), PRG (ng/mL), RBS (mg/dl) 

Expensive 
 

Requires lab assay 
 

FSH/LH Expensive Derived from lab 
results 

Ultrasound Finding Follicle No. (L), Follicle No. (R), 
Avg. F size (L) (mm), Avg. F size (R) (mm), 
Endometrium (mm) 

Expensive Requires ultrasound 
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Table 3 details the variables assigned to the 
inexpensive feature group and the additional expensive 
variables incorporated into the augmented model. The 
inexpensive feature group comprised 24 features while the 
expensive additions in the augmented features were 17 
features. This split reflects real-world diagnostic 
economics; inexpensive feature groups are low-cost or free 
to collect, while the augmented features require 
specialized lab or imaging services. This partition 
supports three related objectives in the present study: 

1. Evaluation of an inexpensive-feature model for first-
line PCOS risk stratification under limited resource 
conditions. 

2. Comparison with an augmented model that adds 
laboratory and ultrasound variables when fuller 
diagnostic assessment is available. 

3. Support for downstream triage and uncertainty-
aware escalation, where early predictions from 
inexpensive information may guide referral for more 
intensive follow-up. 

2.4. Baseline Modelling Framework 

2.4.1. Modelling Configuration 

To evaluate the trade-off between predictive 
performance and diagnostic burden, we developed two 
baseline modelling configurations. The first was an 
inexpensive-feature model, trained using demographic, 
symptom, anthropometric, lifestyle, menstrual, and 
routine clinical variables that can be obtained without 
specialised testing. The second was an augmented model 
using inexpensive plus expensive features, in which 
laboratory and ultrasound variables were added to the 
inexpensive feature set to represent fuller diagnostic 
work-up when these investigations are available. 

The inexpensive-feature model was intended to reflect 
a first-line risk stratification setting in which rapid, 
accessible, and lower-burden information is used to 
estimate PCOS risk. The augmented model was included 
to quantify the incremental value gained when more 
resource-intensive diagnostics are added. This 
comparison supports the question of the study, namely 
how much predictive signal can be captured before 
escalation becomes necessary, and how much additional 
value is obtained when fuller testing is feasible. 

2.4.2. Baseline Algorithms 

To provide transparent and interpretable benchmark 
models for the inexpensive-feature and augmented 
configurations, we selected Logistic Regression (LR) and 
Random Forest (RF) as the baseline classifiers. 

1. Logistic Regression (LR), serving as an interpretable 
linear model, with standardisation applied to all 

numeric predictors. Its transparency allows direct 
inspection of coefficient magnitudes and directions, 
supporting clinical interpretability [31]. 

2. Random Forest (RF), an ensemble of decision trees 
capable of modelling non-linear relationships and 
higher-order feature interactions, with intrinsic 
robustness to multicollinearity and noise [35]. 

LR and RF were evaluated across both the inexpensive-
feature model and the augmented model to compare 
discrimination, calibration, and downstream decision 
utility under different levels of diagnostic information 
availability instead of comparing a broad set of 
algorithms. This focus allowed us to investigate the value 
of the framework itself while keeping computation 
lightweight and practical for potential clinical use. The 
training approaches for this work in summarized in Table 
4. 

2.4.3. Evaluation Metrics 

We assessed model performance using a combination 
of statistical and clinical evaluation measures. 
Discrimination ability was quantified via Area Under the 
Receiver Operating Characteristic Curve (AUC), 
Accuracy, F1-score, Precision and Recall [36]. Calibration 
quality was measured using Brier score [37] and Expected 
Calibration Error (ECE) [38], ensuring predicted 
probabilities aligned with observed event rates. In 
addition, decision curve analysis in [28] was retained in 
the evaluation plan to estimate clinical net benefit across a 
range of threshold probabilities, enabling direct 
translation of model outputs into decision-focused 
frameworks explored in Section 2.5. 

2.4.4. Integrated Feature Importance and Selection 

To understand how predictive value was distributed 
across feature groups, we conducted integrated feature 
importance and sensitivity analysis across the two 
baseline model configurations. For the inexpensive-
feature model, we examined permutation importance [39] 
and grouped feature reduction to determine how much 
predictive performance could be preserved using a 
smaller and lower-burden set of variables. 

For the augmented model, we performed targeted 
ablation of the added expensive variables to assess which 
laboratory and ultrasound features contributed 
incremental value beyond the inexpensive baseline. 

The choice of distinct feature-selection approaches 
reflects the different aims of the two grouped feature 
models and how they work in a cost-sensitive workflow. 
Inexpensive-feature model aims to identify the minimal 
set of low-cost features that support early triage, making 
permutation-based ranking and grouped removal 
appropriate for evaluating redundancy. Addition of 
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expensive features in the augmented model requires 
determining which costly tests meaningfully enhance 
discrimination beyond inexpensive-feature, for which 
single-feature ablation provides the clearest estimate of 
marginal gain. The two analyses therefore offer 
complementary insights; feature importance within the 
inexpensive-feature model isolates informative low-cost 
variables for initial PCOS risk assessment, while ablation 
of expensive additions in the augmented model identifies 
high-cost features that justify escalation. 

2.4.5. Preventing Data Leakage 

All preprocessing, feature selection and model fitting 
procedures were performed strictly within the training 
folds during cross-validation, with transformations 
applied to validation and test folds only after fitting. This 
ensured no information from the validation or test data 
influenced model training, thereby preserving the validity 
of out-of-sample performance estimates [40]. The outputs 
from the baseline modelling phase serve three primary 
functions: 

1. Identification of high-yield inexpensive features 
suitable for lower-burden first-line screening. 

2. Quantification of the marginal value of expensive 
diagnostic features within the augmented model. 

3. Provision of benchmark performance metrics for 
subsequent decision curve analysis, triage evaluation, 
and conformal prediction. 

By quantifying feature contributions, calibration 
behaviour, and performance trade-offs under different 
levels of diagnostic burden, the baseline framework 
provides the empirical foundation for the decision-
focused analyses that follow. 

2.4.6. Baseline Model Experimental Settings 

To ensure reproducibility, we conducted all 
experiments with fixed parameters as summarized in 
Table 5. These parameters detail the data partitioning 
strategy, cross-validation configuration, calibration 
settings and algorithm-specific parameters. 

2.5. Decision-Focused Learning with Conformal Prediction 

In this phase of the study, we extended the baseline 
predictive framework into a decision-focused setting by 
integrating clinical utility analysis with class-conditional 
split conformal prediction [41], [42]. Whereas the 
inexpensive-feature and augmented models quantify 
performance trade-offs under different levels of diagnostic 
information, the conformal component serves as the 
uncertainty-control layer of the framework, allowing 
ambiguous cases to be identified and deferred when 
model confidence is insufficient for a definitive binary 
decision. This enables evaluation of predictive accuracy 
and how model outputs may be translated into safer and 
more operationally realistic triage under constrained 
capacity. 

2.5.1. Clinical Utility Assessment and Capacity-
Constrained Referral Optimisation 

In this study, we evaluated the clinical utility of the 
PCOS risk models and their operational use under 
constrained diagnostic capacity using a decision-analytic 
framework. Figure 3 illustrates the flow from baseline risk 
estimation using the inexpensive-feature and augmented 
models to decision curve analysis, net benefit evaluation 
across thresholds, and comparison of risk-based, utility-
based, and uncertainty-aware referral strategies under 
fixed referral-capacity constraints.

Table 4: Model training framework 

Approach Training Strategy Cross validation 
used 

Evaluation set Predictions used for 
metrics 

Train-test split 
evaluation 

Model trained on a 
single training subset 

No Fixed test set (30%) Test set predictions 

Cross validated 
evaluation (OOF) 

Model trained across 
folds 

Yes (5 folds) Out of fold samples OOF predictions 

Table 5: Baseline Model Experimental Settings 

Parameter Value 
Train/test split ratio 70% training / 30% testing (stratified by target) 
Cross-validation folds (OOF) 5 folds (StratifiedKFold) 
Random seed 42 (fixed across all experiments) 
ECE bin count 10 bins 
Random forest trees (baseline models) 500 trees 
Random forest trees (Permutation importance) 200 trees 
Scaling method StandardScaler (applied only to LR numeric features) 
Evaluation metric for model selection AUC (ROC area) 
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Figure 3: Clinical utility and capacity-constrained decision framework 

for our PCOS risk models. 

Predicted PCOS risk scores from both the inexpensive-
feature model and the augmented model were used as 
inputs to this analysis. We first assessed model usefulness 
using Decision Curve Analysis (DCA) [28], which 
quantifies clinical value in terms of net benefit across a 
range of decision thresholds. For each threshold 
probability, model-based referral decisions were 
compared with two non-informative reference strategies, 
namely treating all individuals as high risk and treating 
none. Net benefit was computed as:  

𝑁𝑁𝑁𝑁 =
𝑇𝑇𝑇𝑇
𝑁𝑁
−
𝐹𝐹𝐹𝐹
𝑁𝑁
⋅

𝑝𝑝𝑡𝑡
1 − 𝑝𝑝𝑡𝑡

 

where TP = True Positive, FP = False Positive, N = patient 
population, 𝑝𝑝𝑡𝑡= Decision thresholds, the relative trade-off 
between false positive and false negative decisions. 

We then extended the analysis to reflect real-world 
limits on diagnostic capacity. Specifically, we considered 
referral capacities of 20%, 40%, and 60%, representing 
scenarios in which only a subset of women can be referred 
for further assessment. Within each capacity setting and at 
each decision threshold, we evaluated three referral 
strategies.  

First, we considered a Risk Top-K policy, in which 
referrals were allocated to individuals with the highest 
predicted PCOS risk probabilities. This reflects a 
straightforward risk-ranking approach based solely on 
estimated disease likelihood. 

Second, we evaluated a Utility Top-K policy, in which 
individuals were ranked according to an expected utility 
score that incorporates the threshold-specific trade-off 
between false positive and false negative decisions. 

𝑠𝑠𝑠𝑠 =  𝑝𝑝𝑝𝑝 −  𝑤𝑤(1 −  𝑝𝑝𝑝𝑝),  𝑤𝑤 =  𝑝𝑝𝑝𝑝/(1 −  𝑝𝑝𝑝𝑝) 

Third, we evaluated an Uncertainty-Aware policy, in 
which individuals for whom the model could not make a 
confident classification were prioritised for referral, and 
any remaining referral capacity was then allocated using 
the same utility-based ranking. In the present framework, 
this strategy is intended to ensure that diagnostically 
ambiguous cases are not automatically deprioritised 
under fixed capacity constraints, while still preserving 
alignment with threshold-specific decision utility.  

For each referral capacity, we computed net benefit 
across the full threshold grid for all three strategies and 
identified the threshold that maximised net benefit. This 
analysis defines the optimal capacity-constrained referral 
rules for PCOS risk stratification and provides the 
decision-analytic foundation for the uncertainty-aware 
triage framework used in this study. These policies allow 
comparison of how the inexpensive-feature model and the 
augmented model may support referral decisions under 
scarcity, while clarifying the operational role of conformal 
abstention within the broader decision pathway. 

2.5.2. Data Partitioning for Conformal Prediction 

We partitioned the dataset into training, calibration 
and test sets using a stratified split to preserve class 
balance. In line with established conformal methodology 
[41], [43], we allocated 60% of the data for training, 20% for 
calibration and 20% for testing. We used the calibration set 
exclusively for determining nonconformity thresholds, 
thereby ensuring an unbiased evaluation on the held-out 
test set. 

2.5.3. Model Training and Nonconformity Scoring 

We trained a classifier on the training set presented 
[35]. Using the calibration set, we obtained class-
conditional probability estimates and computed 
nonconformity scores: for positive cases, (1 - p1); for 
negative cases, (p1), where p1 denotes the predicted 
probability of the positive label. We then calculated class-
conditional (Mondrian) quantiles using the finite-sample 
formula:  

qα = Quantile[(n+1) (1-α)]/n with α = 0.05, 

yielding separate thresholds t1 and t0 for the positive and 
negative classes. 

2.5.4. Prediction Set Construction and Subgroup Analysis 

For each test instance, we constructed the conformal 
prediction set according to inclusion rules: we included 
class 1 if p1 >= 1 - t1 and class 0 if p1 <= t0. When both 
conditions were satisfied, we labelled the case as 
abstained, triggering a deferred decision. We then 
evaluated coverage and abstention rates across clinically 
relevant subgroups, including age quartiles and BMI 
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categories defined by World Health Organisation (WHO) 
guidelines. 

2.5.5. Coverage and Confidence Interval Estimation 

We computed coverage, abstention rates, singleton set 
rates and polarity-specific singleton proportions both 
overall and within subgroups. To quantify uncertainty in 
these estimates, we applied the Clopper-Pearson exact 
method which provided reliable confidence intervals even 
for smaller subgroup sizes [44]. 

2.6. Comparative Evaluation and Statistical Analysis 

2.6.1. Evaluation Strategy 

We designed a unified evaluation framework to 
compare baseline classifiers, decision-focused learning 
models and their conformal prediction-augmented 
variants. Our analysis jointly assessed predictive 
performance, calibration reliability, clinical decision utility 
and uncertainty quantification, with all statistical 
inference grounded in out-of-fold (OOF) predictions. 
These OOF predictions served as the common input for all 

subsequent statistical tests, calibration analysis, decision 
curve estimations and bootstrap confidence interval 
computations. 

2.6.2. Performance, Calibration and Decision Utility 
Analysis 

We evaluated discrimination using the area under the 
ROC curve (AUC), with statistical differences between 
paired AUCs tested via the DeLong method for correlated 
ROC curves [45]. Sensitivity and specificity were 
compared using the McNemar test for paired binary 
classifications, applied at a fixed decision threshold of 0.5. 
Calibration was assessed through both the Brier score and 
the expected calibration error (ECE), the latter computed 
with 10 equal-width probability bins. ECE estimates were 
accompanied by bootstrap-derived 95 % confidence 
intervals using 500 stratified resamples to preserve class 
proportions. Paired differences in Brier scores between 
models were quantified using bootstrap mean difference 
estimation (1,000resamples). 

Table 6: Experimental Settings for decision curve analysis & conformal prediction 

 Parameter Implementation Details Notes 

Decision 
Curve 
Analysis 

Referral capacities 0.20, 0.40, 0.60 Fraction of test cohort 

Decision thresholds (pt) 0.05 to 0.50 Step size = 0.01 

Triage policies uncertainty aware, Risk Top-K, Utility Top-K See Section 2.5.1 

Net benefit computation Vickers & Elkin (2006) Normalised by test set size 

Conformal 
Prediction 

Feature set Inexpensive-feature model Demographic, lifestyle and 
basic clinical measures 

Train / Calibration / Test 
split 

60% / 20% / 20% Stratified by PCOS label 

Confidence level (α) 0.05 Target coverage = 95% 

Conformal type Mondrian split conformal (Class-conditional 
thresholds) 

Separate nonconformity 
distributions for positive and 
negative calibration samples 

Coverage CI method Clopper-Pearson (exact) Applied overall and within 
subgroups 

Subgroup definitions Age quartiles, BMI categories BMI cut-points per WHO 
guidelines 

Class conditional 
nonconformity scores 

For PCOS: (A1 = 1 - p). For non PCOS: (A0 = p) Lower values indicate better 
conformity with a class 

Rules for assigning 
labels to new patients 
(Prediction set 
construction) 

For predicted probability (p): include PCOS if 
(p ≥ 1 - t1). Include non PCOS if (p ≤ t0) 

Can produce {1}, {0}, or {0,1}, 
depending on uncertainty 

Prediction Set (Possible 
output) 

{1} confident PCOS. {0} confident non PCOS. 
{0,1} ambiguous 

Prediction set size reflects 
certainty 

Identification of 
uncertain cases 

Abstention occurs when the prediction set is 
{0,1} 

Empty sets do not occur 
under this method 
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For uncertainty quantification, we examined empirical 
coverage rates from the conformal prediction sets both 
overall and within clinically relevant strata (PCOS-
positive vs. negative, age quartiles and BMI categories). 
Deviations from nominal coverage were tested using exact 
binomial confidence intervals (Clopper-Pearson) and 
abstention rates were compared between subgroups via 
the Chi-square test. To assess clinical utility, we applied 
decision curve analysis [28] and simulated diagnostic 
capacity constraints allowing advanced testing for 20 %, 
40 % and 60 % of patients. For each scenario, we computed 
net benefit (NB) and the number of unnecessary advanced 
tests avoided. Pairwise NB differences were evaluated via 
bootstrap confidence intervals using 2,000 stratified 
patient-level resamples. 

2.6.3. Statistical Inference and Multiple Comparisons 

All hypothesis tests were two-sided, and p-values were 
adjusted for multiple comparisons using the Benjamini-
Hochberg false discovery rate (FDR) control procedure. 
Statistical significance was defined as an adjusted p < 0.05. 
Effect sizes and CIs were prioritised over raw p-values in 
interpretation to align with modern statistical reporting 
recommendations [46]. 

Bootstrapping, exact tests and non-parametric 
alternatives (Wilcoxon signed-rank) were applied when 
distributional assumptions could not be verified via the 
Shapiro-Wilk test. All analysis were implemented in 
Python using NumPy, pandas and custom-written 
functions for DeLong, McNemar and bootstrap 
procedures, ensuring complete reproducibility without 
reliance on opaque third-party wrappers. 

Table 7: Experimental Settings for Statistical analysis 

Setting Value 

ECE computation 10 probability bins, bootstrap CIs 
from 500 resamples 

Brier score differences Paired bootstrap with 1,000 
resamples 

Net benefit 
comparisons 

Bootstrap with 2,000 stratified 
patient-level resamples 

Conformal coverage 
evaluation 

Nominal confidence level per 
method (reported in results) 

3. Results 

3.1. Baseline Modelling Performance 

In this study, we evaluated both the train-test 
performance (baseline) and the out-of-fold (OOF) cross-
validation estimates for the inexpensive-feature model 
and the augmented model (inexpensive + expensive 
features), reporting discrimination (AUC, Accuracy, F1-

score, Precision, Recall) and pre-calibration metrics (Brier 
score and ECE) summarized in Table 8, following TRIPOD 
guidelines for transparent reporting of prediction models 
[47]. This comparison was designed to quantify how much 
predictive value can already be obtained from inexpensive 
variables alone, and how much additional gain is achieved 
when laboratory and ultrasound features are added.  

For the inexpensive-feature model, the train-test split 
results showed broadly comparable performance for 
Logistic Regression (LR) and Random Forest (RF): LR 
achieved 84.94% AUC, 83.44% Accuracy, 73.27% F1, 
77.08% Precision and 69.81% Recall with Brier = 0.1335 and 
ECE = 0.0669, while RF reached 85.75% AUC, 80.98% 
Accuracy, 67.37% F1, 76.19% Precision and 60.38% Recall 
with Brier = 0.1357 and ECE = 0.0884. The corresponding 
OOF estimates were slightly higher for discrimination and 
accuracy and exhibited better pre-calibration, with LR at 
87.60% AUC, 83.36% Accuracy, 73.84% F1, 76.05% 
Precision, 71.75% Recall, Brier = 0.1229, ECE = 0.0494 and 
RF at 88.57% AUC, 80.96% Accuracy, 68.31% F1, 75.00% 
Precision, 62.71% Recall, Brier = 0.1258, ECE = 0.0629 as 
presented in Table 8. LR provided a more balanced 
sensitivity-recall profile and more favourable raw 
calibration, whereas RF showed slightly stronger 
discrimination but tended to prioritise precision at the 
expense of recall. These findings indicate that the 
inexpensive-feature model already provides meaningful 
first-line PCOS risk stratification using lower-burden 
clinical information. 

When moving to the augmented model, where 
laboratory and ultrasound features were added to the 
inexpensive baseline, performance improved for both 
algorithms in both evaluation settings. On the train-test 
approach, LR obtained 93.53% AUC, 85.89% Accuracy, 
78.50% F1, 77.78% Precision, 79.25% Recall, with Brier = 
0.0939 and ECE = 0.0513, while RF achieved 94.97% AUC, 
89.57% Accuracy, 82.11% F1, 92.86% Precision, 73.58% 
Recall, Brier = 0.0902, ECE = 0.1113. The OOF estimates 
showed the same qualitative pattern: LR reached 94.47% 
AUC, 89.46% Accuracy, 83.76% F1, 84.48% Precision, 
83.05% Recall, with Brier = 0.0782 and ECE = 0.0334, while 
RF achieved 96.00% AUC, 90.39% Accuracy, 84.34% F1, 
90.32% Precision, 79.10% Recall, with Brier = 0.0845 and 
ECE = 0.1013. As in the inexpensive-feature setting, LR 
exhibited more favourable raw probability calibration, 
whereas RF delivered the strongest discrimination and 
precision once fuller diagnostic information was available. 

These results illustrate the expected pattern in a cost-
aware diagnostic framework, where the inexpensive-
feature model provides moderately high discrimination 
with minimal acquisition burden, while the augmented 
model benefits from specialised tests to deliver stronger 
classification performance and improved discrimination. 
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Table 8: Train-test split performance and out-of-fold performance metrics (AUC, F1, Precision, Recall, Brier, ECE) for inexpensive model and 
augmented model 

Evaluation 
Type 

Feature Group Algorithm AUC 
(%) 

Accuracy 
(%) 

F1 
(%) 

Precision 
(%) 

Recall 
(%) 

Brier 
Score 

ECE 

Train-test 
split 
Prediction 
(Baseline) 

Inexpensive LR 84.94 83.44 73.27 77.08 69.81 0.1335 0.0669 

RF 85.75 80.98 67.37 76.19 60.38 0.1357 0.0884 

Augmented LR 93.53 85.89 78.50 77.78 79.25 0.0939 0.0513 

RF 94.97 89.57 82.11 92.86 73.58 0.0902 0.1113 

Out of fold 
Prediction 
(Cross 
validation) 

Inexpensive LR 87.60 83.36 73.84 76.05 71.75 0.1229 0.0494 

RF 88.57 80.96 68.31 75.00 62.71 0.1258 0.0629 

Augmented LR 94.47 89.46 83.76 84.48 83.05 0.0782 0.0334 

RF 96.00 90.39 84.34 90.32 79.10 0.0845 0.1013 

The baseline results are also consistent with the OOF 
estimates: adding laboratory and ultrasound variables 
materially improves predictive performance, while the 
inexpensive-feature model still retains substantial 
screening value. Between algorithms, RF showed the 
strongest overall discrimination and precision, 
particularly in the augmented setting, whereas LR yielded 
more balanced recall and better raw probability 
calibration. On this basis, we carried forward Random 
Forest for the subsequent feature sensitivity, ablation, and 
downstream decision-focused experiments, while 
retaining the LR comparison here to characterise the 
baseline performance-calibration trade-off. 

Next, we plot the ROC curves used to compare the 
inexpensive-feature model and the augmented model 
using the OOF estimates in Fig 4. ROC curves evaluate the 
trade-off between sensitivity (true positive rate) and 
specificity (false positive rate) across varying decision 
thresholds [48]. In the inexpensive-feature model, the 
Random Forest (RF) achieved an AUC of 88.60%, slightly 
outperforming Logistic Regression (LR) with an AUC of 
87.6%. This indicates both models have strong 
discriminative power, but RF captures marginally more 
non-linear interactions in the limited feature set. 

In the augmented feature model, incorporating 
expensive diagnostic features alongside the inexpensive 
set, both models improved markedly. RF rose to an AUC 
of 96.00%, while LR increased to 94.47%. The 
improvement is consistent with prior findings that richer 
feature sets enhance classification performance, 
particularly for ensemble methods [49]. The steeper rise of 
the ROC curve near the y-axis in the augmented feature 
model reflects a reduction in false positives at high 
sensitivity levels. While LR’s AUC gains from inexpensive 
feature model to the augmented feature model were 

substantial, RF retained a consistent advantage at both 
configurations. This aligns with the known robustness of 
tree-based ensembles to complex feature interactions and 
heterogeneous data scales [50], [51] and supports the use 
of RF as the main baseline model for the subsequent 
feature reduction, ablation, and decision-focused 
analyses.  

We also assessed how well predicted probabilities 
matched observed outcomes using reliability diagrams 
built from OOF predictions shown in Fig 5. Probabilities 
were partitioned into 10 equal-width bins and each point 
was annotated with its bin count to make sampling 
variability explicit. In the inexpensive feature model, both 
Random Forest and Logistic Regression track the diagonal 
closely across the bulk of the probability range. Small 
departures appear around the mid-probability bins (≈0.3-
0.6), but the curves remain near the ideal line. This pattern 
indicates usable probabilistic outputs already at the 
inexpensive-feature configuration; any minor mid-range 
bias could be addressed later with lightweight post-hoc 
calibration if deployment requires tighter probability 
estimates. 

In the augmented feature model, discrimination 
improved and calibration remained strong overall, with a 
slight over-confidence tendency for Random Forest in the 
upper-probability bins (>0.7) and a mild under-confidence 
for Logistic Regression in the mid-high range (≈0.5-0.7) 
before converging near the diagonal at the top end. These 
are typical model-specific patterns documented in the 
calibration literature: tree ensembles can become over-
confident and monotonic transformations (e.g., Platt 
scaling) or non-parametric isotonic regression are 
standard remedies when strict probability calibration is 
required [52]. Considered along with the baseline metrics  
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Figure 4: ROC curves for Inexpensive feature model and augmented models. Curves plotted from OOF predictions 

 

Figure 5: Reliability Diagram for inexpensive feature model and augmented models. Observed event rate vs. bin-mid predicted probability; 10 
equal-width bins; per-bin n annotated. 

in Table 8, these calibration patterns show that the 
augmented model improves discrimination, while the 
inexpensive-feature model still offers usable probabilistic 
outputs for early risk stratification and referral support 
when fuller diagnostic testing is not immediately 
available. 

3.2. Feature Importance and Selection 

To further examine the cost-performance trade-off 
identified in Section 3.1, we carried out feature importance 
and sensitivity analyses using Random Forest, which 
showed the strongest overall discrimination and precision 
in the baseline comparison and was therefore carried 
forward for the remaining experiments. For the 
inexpensive-feature model, we applied permutation 
importance and grouped feature removal to identify a 
lower-burden subset that could preserve performance. For 

the augmented model, we conducted one-at-a-time 
ablation of the added expensive features to assess their 
marginal contribution beyond the inexpensive baseline.  

Over the full set of 24 “inexpensive” predictors ranked 
Hair growth (Y/N), Skin darkening (Y/N) and Fast food 
(Y/N) as the most influential features, with mean 
importance scores of 0.044, 0.031 and 0.020 respectively. In 
contrast, variables such as Hair loss (Y/N), No. of 
abortions, Blood group, BP Systolic (mmHg) and Height 
(cm) were ranked lowest, in some cases contributing 
negligible or slightly negative mean importance as shown 
in Fig 6. This ranking highlights a clear separation between 
high and low-impact inexpensive predictors, providing an 
interpretable basis for targeted feature reduction when 
time, cost, or data availability constrain first-line 
screening. 
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Figure 6: Ranked list of features by mean permutation importance (using inexpensive feature model – RF Baseline) 

In addition, we conducted a feature drop sensitivity 
analysis (Fig 7) for the inexpensive-feature RF model 
under baseline evaluation. Removing the bottom 3 to 8 
least important features, as summarised in Table 9, 
resulted in no deterioration in discrimination and, in fact, 
moderate AUC gains: from a baseline of 85.8% to 87.1% (k 
= 3) and 87.4% (k = 5), while removing the bottom 8 
features yielded the highest observed AUC (88.6%) as 
shown in Fig 8. The associated metric changes revealed 

small improvements in recall (+7.55% at k = 8) but minor 
decreases in precision (-4.2% at k = 8) as seen in Fig 7. Brier 
score and Expected Calibration Error (ECE) changes were 
negligible across all k values. These results suggest that 
several of the lowest-ranked inexpensive predictors may 
contribute noise or redundancy, and that a reduced 
inexpensive-feature model can maintain, and in some 
cases slightly improve, predictive performance without 
sacrificing raw calibration quality. 

Table 9: Least importance features guided by the permutation importance 

K- removed Feature dropped 

3 Height (cm), BMI, Waist (inch) 

5 Height (cm), BMI, Waist (inch), Weight (kg), Marriage Status (yrs) 

8 Height (cm), BMI, Waist (inch), Weight (kg), Marriage Status (yrs), BP Systolic (mmHg), No. of 
abortions, Blood Group 

The AUC slope plot (Fig 8) illustrated a consistent 
upward trend in performance as low-value predictors 
were dropped, with diminishing returns beyond the top 
~16 features. This supports a modelling approach in which 
a compact inexpensive-feature subset can be deployed at 
lower operational cost while maintaining, or even slightly 
enhancing, predictive performance for early PCOS risk 
stratification. 

To complement the permutation importance and 
feature-drop sensitivity analysis results from the 
inexpensive-feature model, we performed an ablation 
analysis on the augmented Random Forest model, where 

each added expensive feature was removed individually 
to measure its marginal contribution to performance. The 
change in AUC (ΔAUC) from the full model was used as 
the sensitivity metric. The results (Table 10) show that 
Follicle Number (R) had the largest performance drop 
when removed (ΔAUC = -2.49%), followed by Follicle 
Number (L) (-1.04%) and PRG (ng/mL) (-0.79%). Several 
features, including PRL (ng/mL) and Endometrium (mm), 
had minimal impact (ΔAUC ≤ -0.35%), suggesting that 
they contribute comparatively little additional value once 
stronger predictors are present. 
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Figure 7: Heatmap of performance metric changes (ΔAUC, ΔF1, 
ΔPrecision, ΔRecall, ΔBrier, ΔECE) after dropping the k least important 
features 

 

Figure 8: plot of baseline vs. post-drop AUC for k = 3, 5, 8 feature 
removals 

The analysis highlights that a small subset of expensive 
features drives most of the incremental performance gain 
in the augmented model. Features with negligible ΔAUC 
could potentially be deprioritised in a cost-sensitive 
setting without substantial loss in discrimination. When 
considered alongside the permutation importance and 
drop-sensitivity results from the inexpensive-feature 
model, these findings support the central practical 
motivation of this study: meaningful PCOS risk 
stratification can be achieved using lower-burden 
information, while a selected set of additional diagnostics 
provides incremental value when escalation is feasible  

Table 10: Ablation results for augmented features 

Feature Removed AUC (%) ΔAUC (%) 
Follicle No. (R) 92.48 -2.49 
Follicle No. (L) 93.93 -1.04 
PRG (ng/mL) 94.18 -0.79 
AMH (ng/mL) 94.19 -0.78 

Feature Removed AUC (%) ΔAUC (%) 
LH (mIU/mL) 94.24 -0.73 
FSH/LH 94.33 -0.64 
II beta-HCG (mIU/mL) 94.34 -0.63 
RBS (mg/dl) 94.37 -0.60 
Vit D3 (ng/mL) 94.37 -0.60 
Avg. F size (R) (mm) 94.45 -0.52 
TSH (mIU/L) 94.49 -0.48 
I beta-HCG (mIU/mL) 94.54 -0.43 
PRL (ng/mL) 94.63 -0.34 
Hb(g/dl) 94.64 -0.33 
FSH (mIU/mL) 94.68 -0.29 
Avg. F size (L) (mm) 94.74 -0.23 
Endometrium (mm) 94.83 -0.14 

3.3. Decision Curve Analysis 

We carried forward the OOF prediction estimates for 
the remaining experiments and decision-focused analyses, 
as these provide the most stable out-of-sample basis for 
comparing clinical utility under the unified framework 
described in Section 2.5. We designed a decision curve 
analysis with 2,000 stratified bootstrap resamples and 
compared the net benefit of the inexpensive-feature and 
augmented models across threshold probabilities from 
0.05 to 0.50. As shown in Fig 9, both model configurations 
deliver positive clinical net benefit across the examined 
thresholds relative to the “treat none” strategy, which 
remains flat at zero. They also outperform the “treat all” 
strategy over nearly the entire range, with the treat-all 
curve declining rapidly as threshold increases and 
crossing zero at approximately one-third risk. Comparing 
the two feature configurations, the augmented model 
consistently lies above the inexpensive-feature model, 
indicating incremental decision value from adding 
laboratory and ultrasound variables. 

The gain is most evident in the 0.15 to 0.35 threshold 
region, where many screening and referral decisions are 
likely to be made. At very low thresholds, around 0.05 to 
0.10, the curves are closer, but the augmented model still 
retains a slight advantage; at higher thresholds, net benefit 
tapers for all models, yet the augmented model continues 
to remain higher. Between algorithms, the differences are 
modest and the bootstrap confidence intervals overlap 
across most thresholds. RF is slightly higher than LR in the 
augmented setting, consistent with its stronger precision, 
while LR tracks closely and at times leads in the 
inexpensive-feature setting, consistent with its higher 
recall and more favourable raw calibration. Clinically, this 
supports a practical strategy in which inexpensive 
variables can be used for lower-burden initial screening, 
while escalation to the augmented model provides 
additional net benefit when more resource-intensive 
diagnostics are available. 
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Figure 9: Decision curve plots for the inexpensive-feature model (left) and the augmented model (right) using OOF predictions. Net benefit is plotted 
against threshold probability with 95% bootstrap confidence intervals. 

3.4. Capacity-Constrained Triage 

To extend the decision curve analysis into a more 
operational setting, we next evaluated how referral 
performance changes when diagnostic capacity is limited. 
Using the OOF risk estimates from the baseline models 
and the triage policies defined in Section 2.5.1, we 
compared Risk Top-K, Utility Top-K, and Uncertainty-
Aware referral under fixed referral capacities of 20%, 40%, 
and 60% as summarized in Table 11. The aim was to 
identify the highest net benefit strategy, to examine how 
uncertainty-based deferral behaves when referral slots are 
scarce [28], [53]. 

At all capacities (20%, 40%, 60%), the two baselines 
(Risk Top-K and Utility Top-K) are essentially 
indistinguishable: the curves lie on top of each other across 
thresholds as seen in Fig 10,11 and 12. That matches our 
definition of the utility score i.e si=pi-w(1-pi) with a fixed 
threshold pt: because si is a monotone transform of pi 
under symmetric costs, ranking by utility selects the same 
patients as ranking by risk. The uncertainty-aware policy 
(prioritising abstentions first, then filling to capacity by 
utility) underperforms the baselines at every capacity 
across the shown threshold range (0.05-0.50). 

At 20% capacity, the uncertainty-aware policy yields 
lower net benefit than Risk Top-K across most thresholds 
as presented in Figure 10, indicating that when referral 

slots are highly scarce, prioritising the very highest-risk 
cases is more effective than diverting capacity toward 
abstained or ambiguous cases. The gap is largest at lower 
thresholds, where the uncertainty-aware curve is even 
outperformed by the treat-all reference up to 
approximately pt ≈ 0.22, showing how costly this 
diversion can be under severe scarcity. In this setting, 
abstaining on borderline-confidence cases reduces true 
positive yield more than it reduces false positives. This 
pattern is consistent with selective-classification theory, 
which predicts that abstention becomes disadvantageous 
when effective coverage is tight [54]. 

At 40% capacity, risk-based selection continues to 
maintain higher net benefit than the uncertainty-aware 
policy across most thresholds, while the Utility Top-K 
curve again lies almost exactly on top of the Risk Top-K 
curve as shown in Fig 11. The gap therefore persists at this 
intermediate capacity: prioritising abstentions still 
displaces higher-value, higher-risk cases that would 
otherwise contribute more to net benefit. At the same time, 
this 40% setting provides the most informative balance 
between case yield and overtreatment in the present 
study, because it delivers a substantial increase in detected 
true positives relative to the 20% scenario without the 
markedly higher false-positive burden observed at 60% 
capacity. 

Table 11: Best net benefit by policy and capacity 

Capacity (% of 
cohort triaged) 

NB (uncertainty 
aware) 

NB (Risk 
Top-K) 

NB (Utility 
Top-K) 

ΔNB (uncertainty 
aware - Risk Top-K) 

ΔNB (uncertainty 
aware - Utility Top-K) 

20 0.125 0.154 0.154 -0.029 -0.029 

40 0.162 0.270 0.270 -0.106 -0.106 

60 0.297 0.297 0.297 0.000 0.000 
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Figure 10: Triage Net Benefit baselines (Risk Top-K vs Utility Top-K) and uncertainty aware, 20% capacity. 

 
Figure 11: Triage Net Benefit baselines (Risk Top-K vs Utility Top-K) and uncertainty aware, 40% capacity. 

At 60% capacity, risk-based selection continues to 
remain above the treat-all reference, while the Utility Top-
K curve again tracks it almost exactly as shown in Fig 12. 
At this more generous capacity level, all three policies 
converge and produce nearly identical net benefit across 
thresholds. Once referral capacity is sufficiently high, the 

top-K sets selected by the different rules overlap strongly, 
and the effect of prioritising abstentions becomes much 
smaller. In practical terms, uncertainty-aware referral 
becomes less costly to decision utility as available capacity 
increases, even though it does not surpass risk-based 
selection in net benefit.

 
Figure 12: Triage Net Benefit baselines (Risk Top-K vs Utility Top-K) and uncertainty aware, 60% capacity. 
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Across capacity settings, the net-benefit curves decline 
monotonically with threshold, so the maximum net 
benefit occurs at the lowest tested threshold, 
approximately 0.05, for each policy. In this dataset and 
policy design, rank-by-risk selection remains preferable at 
constrained capacities, while uncertainty-first selection 
does not improve net benefit and often reduces it when 
referral slots are limited. Only when capacity becomes 
more generous do the three strategies begin to behave 
similarly. These plot findings are consistent with the 
summary statistics in Table 12 and indicate that 
uncertainty-aware referral should be interpreted 
primarily as a cautious decision-control mechanism for 
ambiguous cases; the findings do not support its 
interpretation as a universally superior triage rule. 

In the present setup, the utility function reduces to a 
monotone transformation of predicted risk under the 
same threshold-induced trade-off used in standard 
decision curve analysis. Under that symmetry, Utility Top 
K and Risk Top-K pick the same set of patients at the 
(empirically optimal) threshold, so their net benefits 
coincide. This is expected when the policy’s “value” is a 
monotone transform of risk under fixed class costs and a 
shared threshold [28].  

3.5. Conformal Prediction: coverage and abstention by 
age/BMI 

We applied class-conditional conformal prediction (α = 
0.05) to the inexpensive-feature Random Forest model 
using OOF predictions from Table 8 and summarised 
performance overall and by age and BMI subgroups in 
Table 13. In the context of the present framework, this 
conformal layer serves as the final uncertainty-control 
component, allowing the model either to issue a confident 
singleton prediction or to abstain and defer cases that 
remain ambiguous under lower-burden first-line 
information. For the overall cohort, the conformal 
predictor achieved 94.5% coverage (95% CI: 88.4-98.0%), 
close to the nominal 95% target. The abstention rate was 
41.3% (95% CI: 32.0-51.1%), while the singleton rate was 
58.7% (95% CI: 48.9-68.1%), indicating that more than half 
of predictions were issued as confident single-class 
outputs while maintaining near-nominal validity. 

Across age quartiles, as shown in Fig 13, coverage 
remained high but varied alongside abstention. Age Q1 
achieved 88.6% coverage (95% CI: 73.3-96.8%) with an 

abstention rate of 34.3%. Age Q2 and Age Q4 both 
achieved 100.0% coverage (95% CI: 85.8-100.0% and 86.8-
100.0%, respectively), accompanied by abstention rates of 
41.7% and 42.3%. Age Q3 recorded 91.7% coverage (95% 
CI: 73.0-99.0%) with the highest abstention rate at 50.0%, 
alongside a matched singleton rate of 50.0%. These results 
suggest that coverage is preserved across age strata largely 
through variation in abstention, with higher deferral in 
groups where the inexpensive-feature model is less 
decisive. 

Patterns by BMI subgroup were similar. Participants 
with normal BMI showed 94.3% coverage (95% CI: 84.3-
98.8%), the lowest abstention rate (32.1%), and the highest 
singleton rate (67.9%). The overweight group achieved 
92.7% coverage with an abstention rate of 43.9%. Both 
obese and underweight groups achieved 100.0% coverage; 
however, this was accompanied by substantially higher 
abstention rates (75.0% and 57.1%, respectively) and wide 
confidence intervals due to small sample sizes. This 
pattern indicates that near-nominal validity can be 
retained in smaller or less data-rich subgroups, but often 
at the cost of greater abstention and reduced decisiveness. 

Table 13 further disaggregates singleton predictions 
into positive and negative assignments and stratifies 
results by PCOS status.  

Overall, 58.7% of predictions were singletons, 
comprising 15.6% positive singletons and 43.1% negative 
singletons, indicating that the conformal predictor more 
frequently issued confident negative predictions at the 
inexpensive-feature screening stage. Stratification by 
outcome revealed clear differences. Among individuals 
with PCOS, abstention increased to 52.8% and the 
singleton rate fell to 47.2%, with singletons dominated by 
positive assignments (38.9%) while negative ones (8.3%). 
In contrast, individuals without PCOS exhibited lower 
abstention (35.6%) and a higher singleton rate (64.4%), 
with negative singletons predominating (60.3%) and 
positive singletons occurring infrequently (4.1%). Across 
age and BMI subgroups, negative singletons were more 
common in larger, data-rich strata, whereas smaller 
subgroups showed higher abstention and fewer confident 
assignments. This pattern suggests that the conformal 
mechanism adjusts its decisiveness according to both 
outcome distribution and subgroup sample density.

Table 12: Best threshold and net benefit by referral capacity, with corresponding true-positive and false-positive trade-offs. 

Capacity Optimal 
Threshold 

NB@best (Utility 
Top K) 

NB@best (Risk 
Top K) 

TP@best (Utility 
Top K) 

FP@best (Utility 
Top K) 

20% 0.05 0.168 0.168 92 16 

40% 0.05 0.259 0.259 144 72 

60% 0.05 0.289 0.289 165 159 
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Table 13: Conformal prediction overall and subgroup metrics for the inexpensive-feature Random Forest model (α = 0.05). 

Group Count Coverage 
(%) 

Coverage 
95% CI 
(%) 

Abstention 
(%) 

Abstention 
95% CI (%) 

Singleton 
rate (%) 

Singleton 
rate 95% 
CI (%) 

Positive 
Singleton 
(%) 

Negative 
Singleton 
(%) 

Overall 109 94.5 88.4-98.0 41.3 32.0-51.1 58.7 48.9-68.1 15.6 43.1 

With PCOS 36 91.7 77.5-98.2 52.8 35.5-69.6 47.2 30.4-64.5 38.9 8.3 

Without PCOS 73 95.9 88.5-99.1 35.6 24.7-47.7 64.4 52.3-75.3 4.1 60.3 

Age Quartile 1 35 88.6 73.3-96.8 34.3 19.1-52.2 65.7 47.8-80.9 34.3 31.4 

Age Quartile 2 24 100.0 85.8-100.0 41.7 22.1-63.4 58.3 36.6-77.9 16.7 41.6 

Age Quartile 3 24 91.7 73.0-99.0 50.0 29.1-70.9 50.0 29.1-70.9 4.2 45.8 

Age Quartile 4 26 100.0 86.8-100.0 42.3 23.4-63.1 57.7 36.9-76.6 0.0 57.7 

BMI Normal 53 94.3 84.3-98.8 32.1 19.9-46.3 67.9 53.7-80.1 13.2 54.7 

BMI 
Overweight 

41 92.7 80.1-98.5 43.9 28.5-60.3 56.1 39.7-71.5 19.5 36.6 

BMI Obese 8 100.0 63.1-100.0 75.0 34.9-96.8 25.0 3.2-65.1 25.0 0.0 

BMI 
Underweight 

7 100.0 59.0-100.0 57.1 18.4-90.1 42.9 9.9-81.6 0.00 42.9 

 
Figure 13: Grouped bars with error bars for coverage and abstention by (left) age quartile and (right) BMI group 

Because abstention alone does not show how reliable 
the actioned predictions are, we next examined 
performance conditional on singleton decisions and the 
distribution of abstentions across subgroups. Table 14 
summarizes abstention counts, the number of actioned 
cases, selective accuracy on singletons, and error rates 
among actioned predictions. Overall, 64 of 109 cases were 
actioned as singletons, with a selective accuracy of 90.6%. 
Among actioned predictions, false negatives occurred in 
17.6% of positive cases, while false positives among 
negative cases were limited to 6.4%. Across age groups, 
selective accuracy varied from 82.6% in Age Quartile 1 to 
100.0% in Quartiles 2 and 4. The largest abstention gap was 
observed in Age Quartile 3, where selective accuracy 
dropped to 83.3% and false-negative rates among actioned 
positives were elevated. Similar patterns were observed 
across BMI groups, with Normal BMI serving as the 
lowest-abstention reference. Obese and Underweight 

subgroups exhibited higher abstention gaps, consistent 
with small sample sizes and wider uncertainty. These 
results show that the conformal layer are controls 
coverage and also concentrates many uncertain cases into 
the deferred set, leaving the actioned singleton predictions 
comparatively accurate, while still requiring caution in 
smaller strata. 

3.6. Statistical Comparisons 

A series of statistical tests were conducted to evaluate 
whether the observed differences in model performance 
across metrics and settings were statistically significant. 
The results are summarised in Tables 15 to 18. These tests 
provide formal support for the descriptive trends reported 
in Sections 3.1 to 3.5, including the discrimination gains of 
the augmented model, the calibration advantage of LR, 
and the stronger downstream decision profile of RF.
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Table 14: Selective performance metrics under conformal prediction across subgroups 

Group 

 Abstention 
count, Set 
Size >= 2 

Actioned 
(singletons), 
Set size = 1 

Selective 
accuracy on 
singletons 
(%) 

FN among 
actioned 
positives 
(%) 

FP among 
actioned 
negatives 
(%) 

Abstention 
gap vs 
lowest (%) 

Lowest 
abstention 
reference 
group 

Overall 45 64 90.6 17.6 6.4 NaN NaN 

With PCOS 19 17 82.4 17.6 NaN NaN NaN 
Without 
PCOS 26 47 93.6 NaN 6.4 NaN NaN 
Age Quartile 1 12 23 82.6 10 23.1 0 Q1 
Age Quartile 2 10 14 100 0 0 7.4 Q1 
Age Quartile 3 12 12 83.3 66.7 0 15.7 Q1 
Age Quartile 4 11 15 100 NaN 0 8 Q1 

Normal 17 36 91.7 25 3.6 0 Normal 

Overweight 18 23 87 14.3 12.5 11.8 Normal 

Obese 6 2 100 0 NaN 42.9 Normal 

Underweight 4 3 100 NaN 0 25.1 Normal 

Note: NaN indicates “not estimable,” either because the subgroup has zero actioned positives (FN) or zero actioned negatives (FP) 
among singleton cases, or because the abstention gap and reference group are only defined within a multi-level stratum (age quartiles 
or BMI groups) and therefore do not apply to Overall or PCOS-status rows. 

First, DeLong’s test confirmed that both augmented 
models significantly outperformed their inexpensive-
feature counterparts in AUC (Table 15). The augmented 
RF model versus the inexpensive-feature RF model 
showed a ΔAUC of 7.4% (p = 0.001), while the augmented 
LR model versus the inexpensive-feature LR model 
yielded a ΔAUC of 6.9% (p = 0.005). In contrast, the within-
configuration comparisons between RF and LR were not 
statistically significant, with p = 0.544 for the inexpensive-
feature models and p = 0.334 for the augmented models. 
These findings formally support the discrimination gains 
already observed in Table 8 and are consistent with the 
stronger net-benefit curves seen for the augmented 
models in Section 3.3. 

Bootstrap resampling showed consistent 
improvements in Brier scores when moving from the 
inexpensive-feature models to the augmented models 
(Table 16). The augmented RF model achieved a Brier 
reduction of -0.041 relative to the inexpensive-feature RF 
model, while the augmented LR model achieved a Brier 
reduction of -0.045 compared with the inexpensive-feature 
LR model. In both cases, the confidence intervals excluded 
zero, indicating that the gains were not attributable to 
sampling variation alone. These reductions suggest that 
adding laboratory and ultrasound features improved 
overall probability quality, complementing the 
discrimination gains already shown in Table 15. 

Calibration analysis (Table 17) further highlighted the 
augmented LR model’s more favourable raw probability 
calibration, with the lowest Brier score (0.078) and ECE 

(0.033). By contrast, although the augmented RF model 
achieved the highest discrimination, its ECE remained 
higher (0.101), consistent with the reliability diagrams 
discussed in Section 3.1. These findings reinforce the 
distinction already established in the baseline comparison: 
LR provided the most stable raw calibration, whereas RF 
offered the strongest overall discrimination and precision 
for downstream decision support. 

McNemar’s test (Table 18) supported the classification-
level improvements observed for the augmented models. 
The augmented RF versus inexpensive-feature RF 
comparison revealed a highly significant imbalance in 
discordant predictions (χ² = 26.882, p < 0.001), while the 
augmented LR versus inexpensive-feature LR comparison 
was also significant (χ² = 13.299, p = 0.001). In contrast, LR 
and RF did not differ significantly within either the 
inexpensive-feature setting or the augmented setting. This 
indicates that the gains associated with adding laboratory 
and ultrasound variables reflect genuine reclassification 
improvement and are unlikely to be explained by chance 
fluctuations in paired predictions. 

These statistical comparisons corroborate the patterns 
observed throughout the Results section (3.1-3.5). The 
augmented models provide statistically significant gains 
in discrimination and probability quality relative to the 
inexpensive-feature models, while LR retains the most 
favourable raw calibration profile and RF remains the 
strongest overall baseline for discrimination, precision, 
and downstream decision-focused analysis. In this sense,  
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Table 15: Pairwise AUC comparisons between inexpensive-feature & augmented models using DeLong’s test. 

Model 1 Model 2 Model 1 
(AUC %) 

Model 2 
(AUC %) 

Δ AUC 
(%) 

Z 
Statistic 

P 
value 

Inexpensive-feature RF  Inexpensive-feature LR  88.6 87.6 1.0 0.607 0.544 

Augmented RF  Augmented LR  96.0 94.5 1.5 0.965 0.334 

Augmented RF  Inexpensive-feature RF  96.0 88.6 7.4 3.181 0.001 

Augmented LR  Inexpensive-feature LR  94.5 87.6 6.9 2.828 0.005 

Table 16: Bootstrap differences in Brier scores between inexpensive-feature and augmented models. 

Model 1 Model 2 Δ Brier (1 - 2) 95% CI (Low) 95% CI (High) 

Inexpensive-feature RF  Inexpensive-feature LR  0.003 -0.006 0.011 

Augmented RF  Augmented LR  0.006 -0.004 0.017 

Augmented RF  Inexpensive-feature RF  -0.041 -0.054 -0.029 

Augmented LR  Inexpensive-feature LR  -0.045 -0.062 -0.027 

Table 17: Calibration scores with 95% confidence intervals for inexpensive-feature and augmented models. 

Model Brier ECE ECE 95% CI (Low) ECE 95% CI (High) 

Inexpensive-feature RF  0.126 0.063 0.048 0.097 

Inexpensive-feature LR  0.123 0.049 0.038 0.083 

Augmented RF  0.084 0.101 0.084 0.126 

Augmented LR  0.078 0.033 0.025 0.067 

Table 18: McNemar’s test results comparing inexpensive-feature and augmented models. 

Model 1 Model 2 0→1 Errors 1→0 Errors Chi- Square P- Value 

Inexpensive-feature RF  Inexpensive-feature LR  25 12 3.892 0.143 

Augmented RF  Augmented LR  16 21 0.432 0.806 

Augmented RF  Inexpensive-feature RF  21 72 26.882 0.000 

Augmented LR  Inexpensive-feature LR  22 55 13.299 0.001 

 
the statistical evidence supports the central practical 
conclusion of the study: meaningful PCOS risk 
stratification is already achievable from inexpensive 
information, while a limited set of additional diagnostics 
yields significant incremental value when escalation is 
feasible. 

4. Discussion of Result 

The cost-aware modelling framework in this study 
demonstrated that predictive performance can be 
meaningfully enhanced by moving from the inexpensive-
feature model to the augmented model that adds 
laboratory and ultrasound variables when fuller 
diagnostic work-up is available. Across both Random 
Forest (RF) and Logistic Regression (LR), the augmented 
models achieved significant AUC gains over their 
inexpensive-feature counterparts (ΔAUC = 7.4% for RF, p 
= 0.001; ΔAUC = 6.9% for LR, p = 0.005) as presented in 
Table 15. At the same time, the inexpensive-feature model 

retained substantial predictive value, showing that lower-
burden clinical information can already support 
meaningful first-line PCOS risk stratification before 
escalation becomes necessary. 

In this work, feature importance and sensitivity 
analysis revealed that over 80% of the predictive 
performance of the inexpensive-feature model could be 
retained with the top 16 inexpensive features, potentially 
reducing administrative workload and unnecessary data 
collection while maintaining screening utility. Removing 
low-ranked inexpensive features resulted in consistent 
gains in discrimination, with exclusion of the bottom 
three, five, and eight features each producing incremental 
improvements in AUC (Figs 7 and 8). This suggests that 
several routine variables introduced noise as against 
signal. These findings indicate that a reduced inexpensive-
feature model may offer a more stable and efficient first-
line approach to PCOS risk assessment, particularly in 
settings where rapid and accessible screening is clinically 
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advantageous. In addition, correlated body-size measures 
indicated that multicollinearity may reduce their marginal 
contribution to prediction in this study, even though such 
variables remain clinically relevant for subgroup 
definition and downstream analysis. 

Similarly, ablation of the expensive additions in the 
augmented model produced ΔAUC values ranging from 
approximately 0.14% to 2.49% as shown in Table 10. The 
largest losses followed removal of Follicle Number (R), 
Follicle Number (L), and PRG, indicating that a relatively 
small subset of laboratory and ultrasound variables 
accounts for much of the incremental performance gain 
beyond the inexpensive baseline. Other features 
contributed more modestly, suggesting that not every 
additional diagnostic measurement provides the same 
practical value once stronger predictors are already 
present. This reinforces the central motivation of the 
framework: lower-burden information may support 
useful first-line stratification, while a selected subset of 
more resource-intensive diagnostics provides targeted 
incremental value when escalation is feasible. The baseline 
comparison also revealed a consistent trade-off between 
algorithms. LR provided more favourable raw probability 
calibration across both feature settings, while RF delivered 
the strongest overall discrimination and precision, 
particularly in the augmented setting. This distinction is 
important because it explains why RF was carried forward 
for the subsequent feature sensitivity, decision curve, 
triage, and conformal analyses, while LR remained useful 
as a benchmark for calibration-aware comparison. In other 
words, the downstream analyses build on the model that 
offered the strongest decision-facing profile, while still 
acknowledging that calibration remains a critical 
consideration when probability estimates are used directly 
for threshold-based action. 

Decision curve analysis further demonstrated that the 
augmented model provides higher net benefit than the 
inexpensive-feature model across clinically relevant 
threshold regions, particularly between approximately 
0.15 and 0.35, where many screening and referral decisions 
are likely to be made. This finding indicates that the 
additional laboratory and ultrasound information has 
practical decision value, not only statistical value. 
However, the inexpensive-feature model also maintained 
positive net benefit across the examined thresholds, which 
is important in settings where specialised diagnostics are 
delayed, unavailable, or financially burdensome. The 
clinical implication is therefore not that the inexpensive-
feature model should replace fuller diagnostic work-up, 
but that it may support lower-burden first-line risk 
stratification while preserving the option to escalate when 
additional diagnostic value is warranted. 

Furthermore, a key observation from this study 
concerns the behaviour of uncertainty-aware triage under 

different referral capacities. At 20% and 40% capacity, the 
uncertainty-aware policy did not outperform risk-based 
selection; across threshold regions, its net benefit was 
lower because prioritising abstained or borderline-
confidence cases reduced true-positive yield more than it 
reduced false positives. In the PCOS context, this suggests 
that when referral slots are highly constrained, diverting 
capacity toward uncertainty alone may delay 
identification of individuals with clinically meaningful 
risk profiles. Only at higher capacity (60%), where the 
referral sets selected by different policies overlap much 
more strongly, did all three strategies converge to similar 
net benefit. These findings suggest that uncertainty-aware 
triage is best interpreted not as a universally superior 
referral rule, but as a cautious decision-control mechanism 
whose operational cost becomes smaller as available 
capacity increases. 

Interestingly, at the 40% capacity level, the model 
delivers the most informative balance between case yield 
and over treatment. Net benefit rises by 54% (from 0.168 
to 0.259) in Table 12, and when contrasted against the 
uncertainty aware strategy in Table 11, it produces an 
incremental gain of 0.106. This operating point captures a 
substantial increase in true positives relative to the 20% 
setting, which yielded only 0.029, while maintaining a far 
more acceptable false positive burden than the 60% 
configuration, which delivered no incremental gain. In 
this work, the 40% capacity therefore represents the most 
clinically efficient region for PCOS treatment allocation, 
providing meaningful improvement in detected cases 
without a disproportionate rise in unnecessary 
interventions. Within the present dataset and policy 
design, the 40% capacity setting appeared to provide the 
most informative balance between true-positive yield and 
overtreatment, offering a substantial gain over the 20% 
scenario without the broader false-positive burden 
observed at 60%. 

Building on the triage framework, the conformal 
prediction analysis clarifies how uncertainty can be 
operationalized within the inexpensive-feature screening 
stage. Overall marginal coverage reached 94.5%, close to 
the nominal 95% target, while the abstention rate of 41.3% 
indicates that a substantial proportion of cases are 
explicitly deferred when lower-burden first-line 
information is insufficient for confident classification. The 
conformal layer separates cases that can be actioned as 
singleton predictions from those that warrant escalation 
for fuller assessment, thereby avoiding forced binary 
decisions when prediction uncertainty remains high. The 
additional selective-performance results further show that 
actioned singleton predictions were comparatively 
accurate overall, while many uncertain cases were 
concentrated into the deferred set. This supports the 
interpretation of conformal prediction as the final 
decision-control layer of the framework, governing when 
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inexpensive first-line screening is sufficient and when 
escalation is more appropriate. 

The subgroup results reinforce this interpretation 
while highlighting the limits imposed by small subgroup 
sizes. Coverage remained high across age and BMI strata, 
including subgroups with smaller counts, but in several of 
these cases this was achieved through increased 
abstention rather than more confident classification. This 
pattern was most pronounced in the obese and 
underweight BMI groups, where abstention exceeded 57% 
and confidence intervals widened because of limited 
counts. In this setting, higher abstention is better 
interpreted as model caution than as model failure: when 
data are sparse or subgroup patterns are less stable, the 
conformal mechanism defers as against forcing potentially 
unreliable early decisions. At the same time, these 
subgroup findings should be interpreted cautiously and 
viewed as exploratory, given the limited sample sizes. 

Although the individual components used in this work 
are not novel in isolation, the contribution of this study lies 
in their operational integration within a single PCOS-
oriented framework. Specifically, the work combines cost-
aware feature evaluation, baseline comparison between 
inexpensive and augmented models, decision curve 
analysis, capacity-constrained triage, and conformal 
prediction with subgroup-level abstention analysis. In this 
sense, the novelty is not algorithmic, but methodological 
and practical: the framework shows how established tools 
can be assembled to evaluate PCOS risk prediction in a 
way that reflects diagnostic burden, uncertainty, and 
constrained clinical capacity more directly than 
conventional accuracy-focused studies. Overall, this 
discussion supports a consistent interpretation of the 
findings. The inexpensive-feature model provides 
meaningful lower-burden first-line stratification, the 
augmented model yields significant incremental gains 
when fuller diagnostics are available, RF offers the 
strongest downstream decision-facing profile and 
conformal prediction provides a structured mechanism 
for deferring ambiguous cases under operational 
constraints. These strengths, however, should be 
interpreted within the limits of the study design and 
dataset, which are discussed below. 

5. Limitations & Future Works 

This study has several limitations that should be 
considered when interpreting the findings, which reflect 
the exploratory and proof-of-concept nature of the work. 
The results are intended to illustrate the potential of a cost-
aware, uncertainty-aware AI framework for more efficient 
and clinically grounded PCOS risk stratification under 
operational constraints, while recognising that further 
validation is required before deployment guidance can be 
established. 

First, the dataset size was relatively modest (n = 541), 
which limits statistical power for subgroup analysis, 
particularly in smaller BMI categories, and constrains the 
generalisability of the results. External validation on larger 
and more diverse PCOS cohorts will be essential to assess 
robustness across populations and care settings. Second, 
the modelling and operational analyses were conducted 
on retrospective data. Prospective evaluation will be 
required to determine how uncertainty-aware triage and 
escalation based on inexpensive first-line screening 
perform in real clinical workflows, including their effects 
on diagnostic timing, clinician workload, referral 
efficiency, and patient outcomes. Third, this work 
deliberately focused on a limited set of well-established 
algorithms and subgroup definitions to support a proof-
of-concept evaluation. Future studies could expand the 
framework to include additional modelling approaches, 
comparative analysis across algorithms, post hoc 
calibration, and alternative uncertainty-handling 
strategies. Similarly, subgroup analysis could be extended 
beyond age and BMI to incorporate richer clinical and 
socio-demographic factors relevant to PCOS 
heterogeneity and equity considerations. 

Furthermore, the PCOS outcome label was derived 
from a dataset for which detailed clinical diagnostic 
criteria are not publicly available. As a result, label validity 
cannot be independently verified and may reflect 
heterogeneous diagnostic standards. This represents a key 
limitation because it may influence transportability 
beyond the study dataset and complicate interpretation of 
the absolute performance levels reported. Future work 
should therefore prioritise clinically curated datasets with 
explicit diagnostic definitions and external validation 
across settings. 

In addition, although the framework is designed as an 
escalation pipeline, the augmented model was evaluated 
independently for decision curve analysis and capacity-
constrained triage rather than being trained and assessed 
exclusively on cases escalated from the inexpensive-
feature model. In real-world deployment, escalation 
would introduce selection effects and partial 
observability, particularly when laboratory and 
ultrasound assessments are unavailable for a substantial 
proportion of screened patients. Explicit modelling of this 
selection mechanism remains an important direction for 
future work and will be necessary to assess end-to-end 
pipeline behaviour more realistically. 

Finally, decision curve analysis, triage policies, and 
conformal efficiency are inherently prevalence dependent. 
The reported results therefore reflect the prevalence 
structure of the study dataset and may not generalise 
directly to settings with different baseline PCOS 
prevalence. Future work should evaluate prevalence 
reweighting, recalibration strategies, and scenario-based 
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sensitivity analyses to support deployment in more 
specific clinical contexts. These limitations indicate that 
the present study should be interpreted as a structured 
proof-of-concept evaluation of how cost-aware modelling, 
uncertainty-aware triage, and conformal prediction may 
be combined in PCOS risk stratification, as oppose to a 
definitive deployment-ready diagnostic system. 

6. Conclusion 

This study presents a proof-of-concept, cost-aware AI 
framework designed to support PCOS risk stratification 
under operational and capacity constraints. By integrating 
targeted feature selection, decision-focused evaluation, 
uncertainty-aware triage, and conformal prediction, we 
demonstrate how predictive performance, reliability, and 
transparency can be considered jointly within a clinically 
motivated workflow. Instead of introducing new 
modelling techniques, the framework shows how well-
established methods can be structured to prioritise 
inexpensive information, manage uncertainty explicitly, 
and guide escalation to more resource-intensive 
assessment when warranted. 

Across the framework, we observed that the 
inexpensive-feature model provided meaningful first-line 
discrimination, while a limited set of added laboratory 
and ultrasound variables contributed significant 
incremental value in the augmented model. Feature 
reduction analysis showed that much of the predictive 
signal could be retained using a compact inexpensive 
subset, supporting lower-burden screening under 
constrained settings. Decision curve analysis illustrated 
how model-guided utility changes across thresholds and 
referral capacities, and conformal prediction provided 
near-nominal coverage with interpretable abstention 
across age and BMI subgroups. Together, these findings 
show how model evaluation can move beyond accuracy 
alone to reflect operational feasibility, uncertainty 
handling, and subgroup stability. 

While the findings are not intended to support 
immediate clinical deployment or broad generalisation, 
they illustrate the potential of structured, uncertainty-
aware AI frameworks to inform diagnostic decision-
making in resource-constrained settings. In the context of 
PCOS, where diagnostic pathways are often delayed, 
heterogeneous, and resource intensive, this work 
contributes a practical methodological step toward AI-
assisted triage strategies that may ultimately support 
more timely, transparent, and efficient assessment in 
women’s health. 
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