%s\
Original Research

Machine Learning—Based Diagnostic Classification of Active Breast
Cancer Using Clinical and Blood-Based Biochemical Biomarkers

Clinical and Experimental

. ! Clin. Exp. Obstet. Gynecol. 2026; 53(10): 48645
Obstetrics & Gynecology ’ o (10)

https://doi.org/10.31083/CEOG48645

Yiqi Lin'®, Duo Xu?®, Feng Xu'®, Dianchun Qi'®, Yiping Wang'®, Kunpeng Cheng'®,
Yuanyuan Li*®, Jiaxin Zhang!*

I Department of Breast, Jilin Maternal and Child Hospital, 130000 Changchun, Jilin, China
2Department of Third Breast Surgery, Jilin Cancer Hospital, 130000 Changchun, Jilin, China
3Department of Obstetrics, Jilin Maternal and Child Hospital, 130000 Changchun, Jilin, China
*Correspondence: ktyr88bru@hotmail.com (Jiaxin Zhang)
Academic Editors: Michael H. Dahan and Michael Friedrich
Submitted: 28 November 2025 Revised: 9 March 2026 Accepted: 18 March 2026 Published: 16 October 2026

Abstract

Background: Breast cancer remains the most frequently diagnosed malignancy among women globally, with rising incidence in low-
and middle-income countries. Conventional screening methods, such as mammography, ultrasound, and magnetic resonance imaging
(MRI), have limitations related to cost, accessibility, and diagnostic accuracy, highlighting the need for complementary strategies. This
study aimed to improve the diagnostic classification of prevalent, undiagnosed breast cancer by integrating routine clinical variables
with blood-based biochemical markers using machine learning models. Methods: A retrospective cohort of 2000 women was analyzed
from January to December 2024. Clinical parameters (age, menopausal status, family history, comorbidities) and routinely measured
biomarkers (hemoglobin, red cell distribution width, platelet distribution width, mean corpuscular hemoglobin concentration, C-reactive
protein, lipid profile, and fasting glucose) were included. Logistic regression, decision trees, random forests, extreme gradient boosting
(XGBoost), and neural networks were trained and evaluated using stratified cross-validation. Model performance was evaluated using
accuracy, sensitivity, specificity, F1-score, the receiver operating characteristic (ROC) curve, and the area under the curve (AUC). Feature
importance was examined using Shapley additive explanations (SHAP) values to enhance interpretability. Results: XGBoost achieved
the highest diagnostic performance (accuracy 81.7%, AUC 0.86), followed closely by neural networks (accuracy 80.5%, AUC 0.85).
The random forest also performed strongly (accuracy 78.0%, AUC 0.82). Logistic regression and decision tree models yielded lower
accuracies of 71.0% and 69.2%, respectively. SHAP analysis identified platelet distribution width, age, red cell distribution width,
hemoglobin, and C-reactive protein as the most influential predictors. The integrated model achieved an AUC of 0.86, compared with
0.77 for the clinical-only model and 0.78 for the biomarker-only model. Conclusion: Machine learning models integrating clinical
and biochemical data provide accurate, noninvasive, and scalable diagnostic classification of active breast cancer. By complementing
imaging-based screening, such tools may support early identification of active breast cancer, particularly in resource-limited settings.
Further validation in diverse populations and prospective clinical studies is warranted.

Keywords: breast cancer; machine learning; biochemical markers; clinical characteristics; XGBoost; SHAP; early detection; low- and
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1. Introduction an alarming rise in younger patients at diagnosis [6]. De-
spite national screening initiatives, late-stage presentation

Breast cancer is the most frequently diagnosed cancer e aing prevalent, resulting in poorer survival outcomes

among women worldwide and remains one of the leading
causes of cancer-related mortality. According to GLOBO-
CAN 2020 estimates, it accounted for 2.3 million new cases
and 685,000 deaths, underscoring its profound global health
burden [1]. While mortality rates have declined in high-
income countries due to advances in early detection and
treatment, the incidence of breast cancer continues to rise,
particularly in low- and middle-income countries (LMICs)
where healthcare access is limited [2,3]. The Asia-Pacific
region has witnessed a sharp increase in cases over the past
two decades, driven by demographic transitions, lifestyle
changes, and increased life expectancy [4]. In India, breast
cancer has overtaken cervical cancer as the most common
malignancy among women [5], with urban areas reporting

than in high-resource settings [7]. This dual challenge of
rising incidence and delayed diagnosis underscores the ur-
gent need for scalable, accessible strategies to improve di-
agnostic classification and early detection.

Current breast cancer screening methods, including
mammography, ultrasound, magnetic resonance imaging
(MRI), and biopsy, face significant limitations. Mammog-
raphy, while the gold standard for population-level screen-
ing, demonstrates reduced diagnostic accuracy in women
with dense breast tissue, which is particularly common in
younger and Asian populations [8]. Ultrasound provides
valuable complementary imaging but is heavily operator-
dependent, resulting in variable sensitivity [9]. MRI of-
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fers high sensitivity, particularly in high-risk cohorts, yet
its high cost, limited availability, and contraindications re-
duce its feasibility for widespread use [10]. Biopsy re-
mains the definitive diagnostic procedure, but it is inva-
sive, expensive, and associated with patient discomfort
[11]. In addition, all imaging modalities are subject to inter-
observer variability and require highly trained radiologi-
cal expertise, which is unevenly distributed across health-
care systems [12]. These challenges collectively hinder the
timely identification of early-stage disease, particularly in
resource-limited regions, underscoring the need for com-
plementary, non-invasive, and cost-effective approaches to
improve early detection.

Machine learning (ML), a branch of artificial intelli-
gence, has emerged as a powerful tool capable of addressing
these limitations by analyzing complex, high-dimensional
datasets to uncover patterns predictive of disease risk and
outcomes [13]. Unlike traditional statistical models that
rely on predefined assumptions, ML algorithms can learn
adaptively from diverse data sources and large sample sizes,
thereby improving predictive accuracy [14,15]. In breast
cancer, ML applications have spanned lesion detection [16],
prognosis prediction [17], and personalized treatment plan-
ning [18]. Recent evidence also demonstrates the potential
of ML models trained on clinical and biochemical data to
achieve diagnostic classification performance comparable
to that of radiological methods [19]. Such approaches are
not only scalable but also reduce reliance on costly imaging
infrastructure, making them highly relevant to LMICs.

Among the data sources available for integration into
ML models, blood-based biochemical and haematological
biomarkers stand out as minimally invasive, cost-effective,
and widely accessible tools for early cancer detection [20].
Routine laboratory indices such as hemoglobin concentra-
tion, platelet distribution width (PDW), mean corpuscular
hemoglobin concentration (MCHC), red cell distribution
width (RDW), and inflammatory markers have been linked
to cancer biology [21,22]. These biomarkers reflect sys-
temic processes including inflammation, angiogenesis, and
immune dysregulation, which often precede radiological
abnormalities [23]. When combined with clinical param-
eters such as age, menopausal status, family history, and
lifestyle factors, they offer a more comprehensive approach
to individualized risk stratification [24]. Advances in com-
putational modeling have enabled ML algorithms to inte-
grate these multimodal data and identify predictive patterns
beyond the reach of conventional statistical analysis [25].

Several studies have demonstrated promising results,
with neural networks and ensemble models achieving re-
spectable accuracy and the receiver operating characteris-
tic (ROC) and area under the curve (AUC) in distinguish-
ing breast cancer from benign or healthy states [24,25,26].
Leveraging routinely collected blood test data thus presents
a promising strategy for large-scale, non-invasive, and ac-
cessible risk prediction. Despite these advances, significant

research gaps remain. Many studies have been constrained
by small, single-centre cohorts [27] or have focused pre-
dominantly on imaging datasets [28]. Furthermore, most
ML models are often criticized as opaque “black boxes”,
limiting interpretability and clinician trust [29]. In India
and similar contexts, the absence of standardized data col-
lection and quality control poses additional barriers to the
clinical adoption of Al-driven screening tools [30].

This study aims to address these gaps by analysing
a large, systematically collected cohort of 2000 women
over one year, to develop interpretable ML models that in-
tegrate clinical and blood-based biomarkers for the diag-
nostic classification of active breast cancer. The objec-
tives are fourfold: first, to preprocess and analyse rou-
tinely collected clinical and laboratory data from January
to December 2024; second, to train and evaluate mul-
tiple ML algorithms including logistic regression, deci-
sion trees, random forests, extreme gradient boosting (XG-
Boost), and neural networks for predictive performance;
third, to identify the most influential biomarkers using in-
terpretability frameworks such as shapley additive expla-
nations (SHAP); and fourth, to compare integrated multi-
modal models against single-domain approaches, thereby
demonstrating the added value of combining clinical and
biochemical data for enhanced diagnostic classification.

2. Materials and Methods
2.1 Study Design and Case Collection

This study was designed as a retrospective observa-
tional analysis to develop and internally validate ML mod-
els for the diagnostic classification of active breast cancer.
Data were collected from electronic health records and lab-
oratory databases between January 1, 2024, and Decem-
ber 31, 2024. Clinical, demographic, and biochemical pa-
rameters were obtained for women who underwent breast
cancer screening or diagnostic evaluation during this pe-
riod. The dataset was curated to include both breast can-
cer cases confirmed by histopathology and control groups
comprising healthy individuals or those with non-malignant
breast conditions. All data were anonymized before anal-
ysis. Given the cross-sectional design, all machine learn-
ing models were developed for diagnostic classification of
active breast cancer at the time of evaluation, rather than
for prospective prediction of future cancer risk. Although
clinical and laboratory data were originally recorded dur-
ing routine patient care, the present analysis was conducted
retrospectively using existing electronic health records.

2.2 Study Population and Sample Size

The study population included women aged 20-75
years presenting to the oncology, radiology, or preventive
health units at collaborating tertiary hospitals. Inclusion
criteria comprised (i) confirmed diagnosis of breast cancer
by biopsy for the case group, or (ii) absence of malignant
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disease for the control group, verified through clinical and
radiological evaluation. Exclusion criteria included prior
history of malignancy other than breast cancer, incomplete
medical records, or refusal of data use consent.

The declared target sample size was 2000 cases, with
the final number to be validated based on data availability
and completeness. Within this cohort, approximately half
were expected to represent confirmed breast cancer cases,
while the remainder served as controls, either healthy par-
ticipants undergoing routine health checks or patients di-
agnosed with benign breast disease. Stratification across
age, menopausal status, and urban/rural background was
ensured to minimize selection bias and improve representa-
tiveness. The sample size was chosen to balance feasibility
with statistical power, allowing robust training and evalua-
tion of multiple ML algorithms while providing sufficient
subgroup variation for feature importance and interpretabil-
ity analyses.

The target sample size of 2000 participants was deter-
mined pragmatically based on data availability within the
study period and the need to ensure sufficient statistical
power for training and validating multiple machine learn-
ing models. With an approximately balanced distribution
between breast cancer cases and controls, this sample size
provided adequate events-per-variable to minimize overfit-
ting and allowed stable estimation of model performance
metrics across cross-validation folds.

2.3 Data Sources: Clinical and Biochemical Parameters

Data were obtained from structured hospital databases
and laboratory information systems. Clinical variables
available for model development included age, body mass
index (BMI), menopausal status, family history of breast
or ovarian cancer, reproductive history (age at menarche,
parity, breastfeeding duration), use of hormonal therapy,
lifestyle factors such as smoking and alcohol consumptio-
nand comorbidities (diabetes and hypertension). Tables
1,2 summarize the variables for which finalized descriptive
group-level statistics were available in the dataset.

Biochemical variables available for model develop-
ment included routine haematological and serum biochemi-
cal markers from complete blood counts and chemistry pan-
els, including hemoglobin (Hb), white blood cell (WBC)
count, platelet count, RDW, MCHC, and PDW. Biochem-
ical parameters included fasting blood glucose, liver func-
tion markers (ALT = Alanine Aminotransferase, AST = As-
partate Aminotransferase), renal function markers (serum
creatinine, urea), lipid profile, and inflammatory indices
such as C-reactive protein (CRP). Only biomarkers with fi-
nalized case/control descriptive statistics are presented in
Table 2.

These parameters were selected because they are com-
monly collected during routine health checks and have
previously been associated with cancer risk or prognosis.
Combining these diverse clinical and biochemical features
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yielded a multimodal dataset suitable for ML-driven diag-
nostic classification.

2.4 Data Preprocessing

Before model development, data were subjected to ex-
tensive preprocessing. Records with missing or incomplete
identifiers were excluded. For continuous variables, miss-
ing values with a frequency below 10% were imputed us-
ing median values, while categorical missing values were
handled using mode imputation. Outliers were identified
using the interquartile range method and corrected where
possible or truncated to biologically plausible limits. Con-
tinuous features were normalized to zero mean and unit
variance, while categorical features were one-hot encoded.
To prevent data leakage, synthetic minority oversampling
(SMOTE) was applied exclusively to the training dataset af-
ter splitting into train, validation, and test sets. The valida-
tion and test sets were left untouched and retained the orig-
inal class distribution. All preprocessing procedures were
performed using Python version 3.11.7 (Python Software
Foundation, Wilmington, DE, USA), with the Pandas ver-
sion 2.2.0, NumPy version 1.26.4, and Scikit-learn version
1.4.0 libraries (open-source software packages distributed
through the Python Package Index [PyPI]). The proportion
of missing data for each clinical and biochemical variable is
reported in Supplementary Table 1. Overall, missingness
was low (<10% for all predictors).

Multiple Imputations Sensitivity Analysis

To assess the robustness of model performance to
missing data handling, a sensitivity analysis was conducted
using multiple imputations by chained equations (MICE).
Twenty imputed datasets (n = 20) were generated using pre-
dictive mean matching for continuous variables and logistic
or multinomial regression for categorical variables. All pre-
dictors and the outcome variable were included in the im-
putation models. Machine learning analyses were repeated
across all imputed datasets, and performance metrics were
pooled using Rubin’s rules. Results were compared with
the primary complete-case analyses.

2.5 Machine Learning Models Applied

Multiple ML algorithms were implemented to identify
the optimal approach for the diagnostic classification of ac-
tive breast cancer. The machine-learning models were im-
plemented using XGBoost version 2.0.3 (XGBoost Devel-
opment Team, Distributed Machine Learning Community;
project originating at the University of Washington, Seat-
tle, WA, USA), TensorFlow version 2.15.0 with Keras ver-
sion 2.15.0 (Google LLC, Mountain View, CA, USA), and
SHAP version 0.44.1 (Scott M. Lundberg and the SHAP
Development Team; original developer affiliation: Mi-
crosoft Research, Redmond, WA, USA). Baseline models
included logistic regression (LR) for its interpretability and
decision tree (DT) classifiers for intuitive feature-based par-
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Table 1. Demographic and clinical characteristics.

Characteristic Value
Total participants 2000
Breast cancer cases 1020
Controls 980
Mean age (years) 49.8+10.2

BMI (kg/m?)
Postmenopausal (%)
Urban residents (%)
Family history (%)
Diabetes (%)
Hypertension (%)
Overweight/Obese (%)
Age at menarche (years)
Parity

Breastfeeding duration (months)
Hormonal therapy use (%)
Smoking (%)

Alcohol consumption (%)

25.4 + 3.5 (cases) vs 24.7 &+ 3.5 (controls)

58.2 (cases) vs 42.6 (controls)
61.8 (cases) vs 64.3 (controls)
18.0 (cases) vs 7.0 (controls)
12.0 (cases) vs 6.0 (controls)
19.0 (cases) vs 11.0 (controls)
54.0 (cases) vs 41.0 (controls)

12.8 + 1.2 (cases) vs 12.8 £ 1.2 (controls)
1.7 £ 1.3 (cases) vs 1.7 + 1.2 (controls)
6.1 £5.5 (cases) vs 6.3 + 5.6 (controls)

10.0 (cases) vs 7.0 (controls)
7.0 (cases) vs 5.0 (controls)
6.0 (cases) vs 4.0 (controls)

Continuous and categorical variables are presented according to their distri-

bution and measurement scale.

Table 2. Haematological and biochemical biomarkers in breast cancer cases and controls.

Biomarker n (Cases/ Cases Controls Test Statistic ~ p-value
Controls)
Hemoglobin (g/dL) 1012/975 11.80 + 1.60 12.60 + 1.40 t-test t=-11.87 <0.001
WBC (x10°/L) 1020/980 6.54 (5.53-7.58) 6.34 (5.33-7.34) Mann—-Whitney U~ z=2.88 0.004
Platelet count (x10%/L) 1020/980  246.75 (213.70-285.85) 252.20 (211.38-289.80) Mann-Whitney U~ z=-0.56 0.577
RDW (%) 1008/972 15.20 (14.30-16.10) 13.60 (12.90-14.40) Mann-Whitney U~ z=19.09  <0.001
MCHC (g/dL) 1020/980 32.04+1.11 32,99 +1.04 t-test t=-19.67 <0.001
PDW (fL) 1005/968 17.40 (16.10-18.90) 15.80 (14.60-17.20) Mann—Whitney U~ z=13.81  <0.001
CRP (mg/L) 980/940 5.61 (3.20-8.90) 2.40 (1.10-4.30) Mann—Whitney U~ z=17.22  <0.001
Fasting glucose (mg/dL) 1020/980  99.85 (88.30-113.00) 93.05 (80.20-104.50)  Mann—Whitney U~ z=8.61 <0.001
ALT (U/L) 1020/980 24.10 (18.80-29.10) 24.20 (18.60-29.73) Mann—Whitney U~ z=-0.57 0.570
AST (U/L) 1020/980 23.00 (18.50-27.60) 23.50 (18.88-28.10) Mann—Whitney U~ z=-1.08 0.280
Serum creatinine (mg/dL) 1020/980 0.75 (0.65-0.85) 0.77 (0.67-0.87) Mann—Whitney U~ z=-2.28 0.023
Serum urea (mg/dL) 990/950 29.00 + 6.40 26.00 + 5.90 t-test t=10.74  <0.001
HDL cholesterol (mg/dL) 1020/980 46.50 (39.77-53.40) 52.20 (45.88-59.50) Mann—-Whitney U z=-1220 <0.001
LDL cholesterol (mmol/L)  1020/980 2.83+0.63 2.80 £0.65 t-test t=1.09 0.278

Normality was assessed using the Shapiro—Wilk test. Normally distributed variables are presented as mean + standard deviation; non-normally

distributed variables are presented as median (Q1, Q3). RDW, red cell distribution width; MCHC, mean corpuscular hemoglobin concentration;

PDW, platelet distribution width; CRP, C-reactive protein; WBC, white blood cell count; ALT, alanine aminotransferase; AST, aspartate

aminotransferase; HDL, high-density lipoprotein; LDL, low-density lipoprotein.

titioning. Ensemble learning methods were employed, in-
cluding random forests (RF) and XGBoost, both of which
are known for robustly handling nonlinear relationships and
feature interactions. In addition, artificial neural networks
(ANNG5s) were trained to capture complex, high-dimensional
interactions across clinical and biochemical data. Hyper-
parameters, including the number of layers, the number of
neurons per layer, activation functions, and dropout rates,
were tuned via grid search and Bayesian optimization. All

models were implemented in Python using Scikit-learn,
XGBoost, and TensorFlow libraries. Rather than estimat-
ing causal effects, this study employed a predictive mod-
eling framework, including potential confounders such as
age, BMI, menopausal status, and comorbidities as predic-
tors to improve classification performance.

Comparative analysis of these models enabled assess-
ment of predictive performance, interpretability, and com-
putational efficiency. Feature importance analyses were
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conducted for ensemble and ANN models, using SHAP val-
ues to enhance transparency and identify the biomarkers
contributing most to risk prediction.

To enhance case-level interpretability, SHAP force
plots were generated for individual predictions. One exem-
plar case with a high predicted probability of breast cancer
and one with a low predicted probability were selected from
the test set to illustrate how individual features contributed
to the model’s output.

2.6 Training, Validation, and Test Strategy

The dataset of 2000 participants was stratified into a
model-development set (70%, n = 1,400) and an indepen-
dent test set (30%, n = 600), preserving the proportions of
breast cancer cases and controls. The development set com-
prised 714 breast cancer cases and 686 controls, while the
test set included 306 cases and 294 controls. Five-fold strat-
ified cross-validation was performed within the develop-
ment set for model training, hyperparameter optimization,
and internal validation. During each cross-validation itera-
tion, four folds (n = 1,120) were used for training and one
fold (n = 280) for validation. The validation fold was ro-
tated across five iterations. The independent test set was
excluded from model training, preprocessing parameter es-
timation, feature selection, and hyperparameter optimiza-
tion, and was reserved for final model evaluation.

2.7 Evaluation Metrics

Model performance was evaluated using multiple
standard classification metrics. Accuracy measured over-
all correctness, while precision quantified the proportion of
true positives among predicted positives. Recall (sensitiv-
ity) measured the proportion of actual positives correctly
identified, and specificity assessed the correct identifica-
tion of negatives. F1-score, the harmonic mean of precision
and recall, was calculated to account for class imbalance.
Precision—recall (PR) curves were generated for all models,
and the area under the precision—recall curve (AUPRC) was
calculated to further assess performance under class imbal-
ance. Spearman’s rank correlation coefficients were calcu-
lated among the ten most influential features identified by
SHAP analysis to assess potential collinearity. For models
incorporating linear components (e.g., logistic regression),
variance inflation factors (VIFs) were computed; VIFs >5
indicated potential multicollinearity.

ROC curves and AUC values were generated to as-
sess discriminative ability. Precision-recall curves were
also analysed due to potential class imbalance. Confusion
matrices were constructed for each model to the distribu-
tions of true positives, true negatives, false positives, and
false negatives. SHAP values were used for interpretabil-
ity, allowing identification of key features influencing pre-
dictions and enhancing clinical applicability.
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2.7.1 Confidence Intervals and Uncertainty Estimation

Ninety-five percent confidence intervals (95% Cls)
were calculated for AUC, sensitivity, specificity, precision,
and F1-score. AUC confidence intervals were estimated us-
ing DeLong’s non-parametric method, while confidence in-
tervals for sensitivity, specificity, precision, and F1-score
were obtained using bootstrap resampling with 1000 iter-
ations. All estimates are reported as point estimates with
corresponding 95% Cls.

2.7.2 Statistical Comparison of Model Performance

Model performance was compared descriptively using
the reported discrimination and classification metrics and
their available 95% confidence intervals. Given the case—
control, cross-sectional design, the models were developed
to classify existing breast cancer status rather than to predict
future disease incidence.

2.8 Statistical Analysis and Software

All statistical analyses and machine learning model-
ing were performed using Python version 3.11.7 (Python
Software Foundation, Wilmington, DE, USA) with Pan-
das, NumPy, Scikit-learn, XGBoost, TensorFlow/Keras,
and SHAP libraries. Continuous variables were assessed
for normality using the Shapiro—Wilk test. Normally dis-
tributed continuous variables are presented as mean + stan-
dard deviation and were compared using Welch’s Student’s
t-test; non-normally distributed continuous variables are
presented as median (Q1-Q3) and were compared using the
Mann—Whitney U test. Categorical variables are presented
as number (percentage) and were compared using the
test. A two-sided p-value < 0.05 was considered statisti-
cally significant unless otherwise stated. Confidence inter-
vals were calculated at the 95% level.

3. Results
3.1 Demographic and Clinical Characteristics

A total of 2000 participants were included in the fi-
nal dataset, comprising 1020 confirmed breast cancer cases
and 980 controls, either healthy individuals or those with
benign breast conditions. The mean age of the overall co-
hort was 49.8 + 10.2 years. Mean BMI was 25.4 + 3.5 kg/m?
in cases and 24.7 + 3.5 kg/m? in controls. Postmenopausal
status was present in 58.2% of cases and 42.6% of controls,
while urban residence accounted for 61.8% and 64.3%, re-
spectively. A family history of breast or ovarian cancer was
reported in 18.0% of cases and 7.0% of controls. Diabetes
occurred in 12.0% and 6.0%, hypertension in 19.0% and
11.0%, and overweight or obesity in 54.0% and 41.0% of
cases and controls, respectively. Age at menarche was sim-
ilar between groups (12.8 + 1.2 years in both groups), as
were parity (1.7 = 1.3 vs 1.7 £+ 1.2) and breastfeeding dura-
tion (6.1 £ 5.5 vs 6.3 £ 5.6 months). Hormonal therapy use
was reported in 10.0% of cases and 7.0% of controls, smok-
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ing in 7.0% and 5.0%, and alcohol consumption in 6.0% and
4.0%, respectively. These demographic and clinical char-
acteristics are summarized Table 1.

3.2 Biomarker Descriptive Statistics

Haematological and biochemical indices showed dis-
tinct group-level patterns. Hemoglobin was lower in breast
cancer cases than controls (11.80 = 1.60 vs 12.60 = 1.40
g/dL; t = -11.87, p < 0.001), and MCHC was also lower
(32.04+1.11 vs 32.99 + 1.04 g/dL; t =—19.67, p < 0.001).
RDW [15.20 (14.30-16.10) vs 13.60 (12.90-14.40)%; z
=19.09, p < 0.001], PDW [17.40 (16.10-18.90) vs 15.80
(14.60-17.20) fL; z=13.81, p < 0.001], CRP [5.61 (3.20—
8.90) vs 2.40 (1.10-4.30) mg/L; z=17.22, p < 0.001], fast-
ing glucose [99.85 (88.30—113.00) vs 93.05 (80.20-104.50)
mg/dL; z = 8.61, p < 0.001], and serum urea (29.00 +
6.40 vs 26.00 £ 5.90 mg/dL; t = 10.74, p < 0.001) were
higher in cases. HDL cholesterol was lower in cases [46.50
(39.77-53.40) vs 52.20 (45.88-59.50) mg/dL; z = —12.20,
p <0.001]. WBC showed a small difference [6.54 (5.53—
7.58) vs 6.34 (5.33-7.34) x 10°/L; z=2.88, p = 0.004], and
serum creatinine showed a small distributional difference
[0.75 (0.65-0.85) vs 0.77 (0.67-0.87) mg/dL; z=-2.28, p =
0.023]. Platelet count, ALT, AST, and LDL cholesterol did
not differ significantly between groups (all p > 0.05). Com-
plete sample sizes, data distributions, test statistics, and p-
values are presented in Table 2.

3.3 Model Performance Comparison

Five machine learning algorithms—Ilogistic regres-
sion (LR), decision tree (DT), random forest (RF), extreme
gradient boosting (XGBoost), and artificial neural network
(ANN)—were evaluated on the independent test set (n =
600). LR achieved 71.0% accuracy and an AUC of 0.74,
while DT achieved 69.2% accuracy and an AUC of 0.71.
RF achieved 78.0% accuracy and an AUC of 0.82. XG-
Boost showed the highest discrimination, with 81.7% accu-
racy, 81.0% sensitivity, 82.3% specificity, 82.7% precision,
an F1-score of 81.8%, and an AUC of 0.86. ANN achieved
80.5% accuracy and an AUC of 0.85. The ensemble and
neural-network models showed higher discrimination than
LR and DT. The AUC differences between XGBoost and
RF and between XGBoost and ANN were not statistically
significant after Bonferroni correction, whereas the differ-
ences versus LR and DT were statistically significant (Table
3).

3.4 Confusion Matrices and ROC Curve Analysis

Confusion matrix analysis of the test set (n = 600; 306
breast cancer cases and 294 controls) demonstrated differ-
ences in classification performance among the five mod-
els (Fig. 1). Logistic regression (LR) and decision tree
(DT) achieved accuracies of 71.0% and 69.2%, respec-
tively, whereas random forest (RF) improved accuracy to
78.0%. XGBoost achieved the highest accuracy (81.7%),

sensitivity (81.0%), and specificity (82.3%), correctly iden-
tifying 248 breast cancer cases and 242 controls, with 58
false negatives and 52 false positives. The artificial neural
network (ANN) achieved an accuracy of 80.5%, sensitivity
of 80.1%, and specificity of 81.0%. XGBoost also yielded
the fewest misclassifications (110/600, 18.3%), followed
by ANN (117/600, 19.5%) and RF (132/600, 22.0%), in-
dicating superior numerical classification performance for
XGBoost among the evaluated models, as shown in Fig. 1.

Fig. 2 Receiver operating characteristic (ROC) curves
comparing the discriminative performance of logistic re-
gression, decision tree, random forest, XGBoost, and ar-
tificial neural network models. AUC, area under the ROC
curve.

Fig. 2 presents ROC curves for all five models. XG-
Boost achieved an AUC of 0.86, followed by ANN (0.85),
RF (0.82), LR (0.74), and DT (0.71).

3.4.1 Sensitivity Analysis Using Multiple Imputations

Model performance remained stable after multiple im-
putation by chained equations. Across all algorithms, AUC,
sensitivity, and specificity differed by 1-2% or less com-
pared with complete-case analyses (Supplementary Ta-
ble 2). XGBoost and neural network models continued to
demonstrate the highest diagnostic performance, confirm-
ing that the primary findings were robust to different miss-
ing data handling methods.

3.4.2 Precision—Recall Curve Analysis

Precision—recall curve analysis demonstrated consis-
tent trends with ROC-based evaluation. XGBoost achieved
the highest AUPRC (0.84), followed by the neural network
(0.83) and random forest (0.80), whereas logistic regres-
sion and decision tree models showed lower AUPRC val-
ues (0.71 and 0.69, respectively). These findings indicate
superior positive case identification by ensemble and deep
learning models.

3.5 SHAP and Feature Importance Analysis

An interpretability analysis using SHAP values iden-
tified several biomarkers and clinical variables with high
predictive value. Age emerged as the strongest predictor,
followed by PDW, RDW, hemoglobin concentration, and
menopausal status. Elevated CRP also ranked among the
top biochemical predictors, consistent with inflammation-
driven tumour biology.

In the XGBoost model, feature importance plots con-
firmed similar rankings, with PDW and age contributing
most to classification decisions. Neural network SHAP
analysis demonstrated consistent feature weightings, rein-
forcing the validity of ensemble-based insights. Clinical
variables such as family history and BMI contributed mod-
erately, while lifestyle factors showed a weaker influence.

These findings support the clinical plausibility of the
ML models and suggest that commonly available haemato-
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Table 3. Diagnostic performance of machine learning models (95% CI).

Model AUC (95% CI)  Sensitivity % (95%  Specificity % (95%  Precision % (95%  Fl-score % (95% Adjusted
CI) CI) CI) CI) p-value*
LR 0.74 (0.70-0.78) 68.6 (63.6-71.9) 73.5 (68.8-78.4) 72.9 (67.6-78.0) 70.7 (66.3-74.8) <0.001
DT 0.71 (0.67-0.75) 67.0 (61.7-71.9) 71.4 (66.0-76.9) 70.9 (65.4-76.2) 68.9 (64.5-72.9) <0.001
RF 0.82 (0.79-0.85) 78.8 (74.3-83.2) 77.2 (72.2-81.8) 78.2 (73.3-83.0) 78.5 (75.0-82.0) 0.371
XGBoost 0.86 (0.83-0.89) 81.0 (76.8-85.3) 82.3 (77.7-86.8) 82.7 (78.4-86.7) 81.8 (78.5-84.9) Reference
ANN 0.85(0.82-0.88) 80.1 (75.7-84.4) 81.0 (76.7-85.6) 81.4 (77.1-85.7) 80.7 (77.1-84.1) 1.000

95% CI, 95% confidence interval; AUC, area under the receiver operating characteristic curve; LR, logistic regression; DT, decision tree; RF,
random forest; XGBoost, extreme gradient boosting; ANN, artificial neural network. *Pairwise DeLong test versus XGBoost with Bonferroni

correction; XGBoost is the reference model.
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Fig. 1. Confusion matrices of five machine learning models. Confusion matrices for logistic regression (LR), decision tree (DT),
random forest (RF), extreme gradient boosting (XGBoost), and artificial neural network (ANN) evaluated on the test set (n = 600; 306
breast cancer cases and 294 controls). Rows represent actual classes, and columns represent predicted classes. TP, true positive; TN,

true negative; FP, false positive; FN, false negative. Classification accuracy, sensitivity, specificity, precision, F1-score, and the number

of misclassifications are presented for each model.

logical indices, when combined with demographic factors,
can provide meaningful discrimination between breast can-
cer and non-cancer populations (Figs. 3,4). Fig. 4 presents
model-specific feature-importance rankings (Fig. 4).

Fig. 3 gives the SHAP summary plot. Top features
should include age, PDW, RDW, hemoglobin, and CRP.

Fig. 4 presents the relative contributions of the clini-
cal and biochemical variables to predictions generated by
the four machine-learning models. BMI, body mass in-
dex; HDL, high-density lipoprotein; ALT, alanine amino-
transferase; ANN, artificial neural network In the high-
probability case, advanced age, elevated PDW, increased
RDW, reduced hemoglobin levels, and elevated CRP col-
lectively pushed the model output toward a cancer classi-

&% IMR Press

fication. In contrast, the low-probability case was char-
acterized by younger age, normal PDW and RDW val-
ues, higher hemoglobin concentration, and low CRP, which
jointly shifted the prediction toward a non-cancer classifi-
cation. These case-level explanations demonstrate how the
model integrates routine clinical and biochemical features
to generate individualized predictions.

Feature Correlation and Collinearity Assessment

Spearman correlation analysis of the ten most im-
portant features revealed moderate correlations between
selected haematological indices, particularly RDW and
hemoglobin (p = —0.45) and PDW and platelet count (p =
0.41). No strong correlations (p >0.7) were observed. Vari-
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ROC Curves for Different Machine Learning Models
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Fig. 2. Receiver operating characteristic (ROC) curves.
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Fig. 3. Shapley additive explanations (SHAP) summary plot of feature contributions.

ance inflation factor analysis in logistic regression models
yielded VIF values below 3 for all predictors, indicating no
clinically meaningful multicollinearity. Ensemble models
are inherently robust to correlated features, further reduc-
ing concerns regarding collinearity.

3.6 Integrated vs. Single-Source Models

On the independent test set, the integrated model
achieved 81.7% accuracy and an AUC of 0.86, compared
with 73.5% accuracy and an AUC of 0.77 for the clinical-
only model and 75.2% accuracy and an AUC of 0.78 for
the biomarker-only model. Point estimates with 95% confi-
dence intervals for all performance indicators are presented
in (Table 4 and Fig. 5).
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Fig. 4. presents the feature-importance results for the XGBoost, Random Forest, Logistic Regression, and artificial neural net-

work models. BMI, body mass index; HDL, high-density lipoprotein; ALT, alanine aminotransferase.

Table 4. Performance comparison of clinical-only, biomarker-only, and integrated models.

Model type Accuracy (%)  Sensitivity (%)  Specificity (%)  Precision (%) F1-score (%) AUC (95% Adjusted
(95% CI) (95% CI) (95% CI) (95% CI) (95% CI) Ch p-value*

Clinical-only 73.5 72.5 74.5 74.7 73.6 0.77 <0.001
(69.8-76.7) (67.8-77.1) (69.3-79.2) (69.9-79.5) (69.6-77.2) (0.73-0.81)

Biomarker-only 75.2 74.2 76.2 76.4 75.3 0.78 0.004
(71.5-78.5) (69.2-79.3) (71.0-80.5) (71.8-81.1) (71.3-78.9) (0.74-0.82)

Integrated model 81.7 81.0 823 82.7 81.8 0.86 Reference
(78.2-84.7) (76.3-85.4) (77.3-86.6) (78.3-86.9) (78.2-85.2) (0.83-0.89)

*Adjusted p-values were calculated using DeLong’s test with Bonferroni correction, comparing each model with the integrated model as the

reference.

When recalibrated to population breast cancer preva-
lences of 5% and 10%, all models demonstrated high neg-
ative predictive values (>96%), supporting their utility as
rule-out or triage tools in population screening contexts
(Supplementary Table 3).

4. Discussion

This study demonstrates that machine learning mod-
els integrating clinical characteristics and blood-based bio-
chemical biomarkers can serve as effective tools for the di-
agnostic classification of active breast cancer in a cross-
sectional population. Using a cohort of 2000 women col-
lected retrospectively from electronic health records be-
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tween January and December 2024, we developed and
compared multiple algorithms, including logistic regres-
sion, decision trees, random forests, XGBoost, and neu-
ral networks. Ensemble methods and deep learning con-
sistently outperformed baseline models, with XGBoost
achieving the highest predictive performance (accuracy:
82.6%, AUC: 0.86), closely followed by neural networks
(accuracy: 81.2%, AUC: 0.85). Logistic regression and de-
cision trees, while more interpretable, yielded lower AUC
values of 0.74 and 0.71, respectively. Importantly, inter-
pretability analysis using SHAP values revealed that PDW,
age, RDW, hemoglobin, and CRP were the most influential
features for distinguishing active breast cancer cases from
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Fig. 5. Comparison of clinical-only, biomarker-only, and integrated models.

non-cancer controls. These findings confirm the clinical
plausibility of the models, as they reflect known associa-
tions between systemic inflammation, hematologic indices,
and tumor biology [31,32,33]. Integrating clinical factors
such as menopausal status, family history, and comorbidi-
ties further improved predictive accuracy, with multimodal
models outperforming single-source approaches by 5-7%.
This study does not estimate future breast cancer risk; in-
stead, it focuses on the diagnostic classification of prevalent
malignancy at the time of clinical evaluation.

Our results align with prior literature in several ways.
Many earlier studies have focused on imaging-based ML
applications, such as convolutional neural networks applied
to mammography or ultrasound, achieving high diagnos-
tic accuracy [33,34,35]. While valuable, these methods
rely on expensive infrastructure and highly trained person-
nel, making them less accessible in LMICs. By contrast,
our approach demonstrates that predictive insights can be
drawn from data already available in most healthcare sys-
tems, thus improving scalability and equity. Several stud-
ies have also reported the relevance of haematological and
inflammatory biomarkers in cancer. Elevated RDW and
PDW, for example, have been linked to systemic inflam-
mation and platelet activation in malignancies [19,36,37],
while low hemoglobin and altered MCHC have been as-
sociated with tumor-related anaemia [38]. Elevated circu-
lating CRP, a marker of systemic inflammation, has been
associated with increased cancer risk, suggesting a poten-
tial role of systemic inflammation in cancer development
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[19]. Our models confirmed these associations, with CRP
ranking consistently among the most important predictors.
This is consistent with epidemiological studies demonstrat-
ing the prognostic and diagnostic value of CRP in breast
cancer.

Comparisons with other ML-based diagnostic classi-
fication studies also show similar performance trends. Re-
cent studies [19,39] demonstrated that ML models trained
on electronic health records outperformed traditional risk
calculators such as Gail or Tyrer-Cuzick. However, di-
rect comparison with established prospective risk calcula-
tors such as the Gail or Tyrer-Cuzick models is not ap-
propriate in the present study because our models clas-
sify prevalent breast cancer rather than estimate future can-
cer incidence. Previous studies have reported varying dis-
criminative performance when clinical characteristics and
biomarkers were incorporated into predictive models, with
reported AUC values ranging from approximately 0.64 to
0.91 [19,37,38], these findings suggest that model perfor-
mance may vary across study populations, predictor com-
binations, and modeling approaches. In the present study,
the best-performing integrated model achieved an AUC of
0.86. Collectively, these findings highlight the strength
of multimodal approaches and indicate that routinely col-
lected blood test parameters can contribute meaningfully to
the diagnostic classification of active breast cancer. Our
study provides novel evidence by using a large, systemat-
ically collected dataset from Chinese University, thereby
extending the global relevance of such models to popu-
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lations where evidence is scarce and resource limitations
are acute. After adjustment for multiple comparisons, per-
formance differences among top-performing models (XG-
Boost, neural network, and random forest) were modest,
indicating broadly comparable diagnostic accuracy among
ensemble and deep learning approaches.

The clinical implications of this work are signifi-
cant. First, by relying on routine blood tests, our approach
provides a low-cost, non-invasive strategy for identifying
women with a high predicted probability of active breast
cancer. Unlike mammography or MRI, which require
costly infrastructure and skilled operators, blood-based test-
ing is widely accessible even in rural and resource-limited
settings [40]. ML models trained on these data could there-
fore serve as an equitable complement to imaging-based
screening. Second, such models may support clinical triage
by identifying individuals with a higher predicted probabil-
ity of active breast cancer who may warrant further diagnos-
tic evaluation, including appropriate imaging or other con-
firmatory investigations. This targeted approach may help
optimize resource allocation, especially in LMICs where
radiological resources are scarce [41]. Third, the inter-
pretability of our models, enabled by SHAP analysis, pro-
vides clinicians with a transparent rationale for diagnostic
predictions. For example, if a patient is classified as having
a high probability of active breast cancer based on features
such as elevated PDW, advanced age, and CRP, this infor-
mation may improve the interpretability of the model out-
put and support subsequent diagnostic evaluation [39]. Fi-
nally, incorporating comorbidities such as diabetes and hy-
pertension into the models reflects the interconnectedness
of metabolic and oncologic health. Addressing these co-
morbidities through preventive care may indirectly reduce
cancer risk, offering a dual benefit [39]. Sensitivity anal-
yses using multiple imputations yielded results consistent
with the complete-case analyses, indicating that missing
data did not materially influence model performance or con-
clusions. Recent studies published between 2021 and 2025
have increasingly emphasized the value of integrating non-
imaging data into breast cancer diagnostics [38,39]. For
example, large-scale electronic health record (EHR)-based
models have demonstrated AUCs ranging from 0.80 to 0.88
when combining clinical variables with laboratory markers,
comparable to the performance observed in our integrated
models. Unlike imaging-centric approaches, these strate-
gies prioritize scalability and accessibility, particularly rele-
vant for low- and middle-income settings. Our findings ex-
tend this literature by demonstrating that routinely available
haematological indices alone can provide meaningful di-
agnostic signals when analysed with interpretable machine
learning frameworks. Because the objective was prediction
rather than causal inference, formal confounder adjustment
was not performed; however, inclusion of known risk fac-
tors in all models mitigates major confounding effects.
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Compared with traditional screening and risk assess-
ment tools, ML approaches offer several advantages. Clas-
sical models such as the Gail score rely on a narrow set of
variables and predefined linear assumptions, often under-
performing in heterogeneous populations [42]. In contrast,
ML can learn nonlinear and high-dimensional patterns, cap-
turing subtle interactions between variables that might oth-
erwise go unnoticed. Our findings show that ensemble and
deep learning methods achieved substantially higher AUC
values than logistic regression, demonstrating the added
value of these approaches. Unlike imaging-based methods,
which are costly and resource-intensive, our models utilize
existing laboratory and clinical data, making them highly
scalable. Furthermore, interpretability tools such as SHAP
address one of the most common criticisms of ML—that
models function as opaque “black boxes”—by providing
transparent explanations of predictions [19]. This balance
of accuracy and interpretability positions ML as a strong
complement, and in some cases alternative, to conventional
approaches, particularly in resource-limited contexts.

Limitations

Despite these strengths, several limitations warrant
consideration. First, as a retrospective observational study,
our analysis is subject to potential biases in data collec-
tion. Although preprocessing and imputation were ap-
plied to handle missing values, residual bias cannot be
ruled out. Second, the dataset was drawn from tertiary
care centres, which may not fully represent rural popu-
lations or those with limited healthcare access. Broader
multi-centre datasets are needed to ensure generalizabil-
ity. Third, our models were based only on routinely
available haematological and biochemical markers. While
pragmatic, this excluded potentially informative molecu-
lar markers such as circulating tumor DNA, proteomic sig-
natures, or metabolomic profiles. Incorporating such data
in future studies could improve predictive accuracy [40].
Fourth, although SHAP analysis enhanced interpretability,
ML models remain more complex than traditional regres-
sion models. Clinical acceptance will require further vali-
dation of reliability and usability in real-world workflows.
Finally, our study was cross-sectional; prospective longitu-
dinal studies are needed to determine whether these models
can predict future cancer development or recurrence over
time [39].

Looking ahead, several future directions emerge. Ex-
ternal validation across diverse, multi-centre cohorts will
be essential to establish generalizability, particularly in
low- and middle-income settings. Incorporating molecular
biomarkers such as genomic and proteomic data could fur-
ther enhance predictive performance. Prospective studies
should assess the clinical utility of these models in prac-
tice, including their ability to improve patient outcomes
and optimize resource allocation [31,32,33]. Emerging ap-
proaches such as federated learning may enable secure,
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privacy-preserving data sharing across institutions, facili-
tating larger training datasets while addressing data protec-
tion concerns [35]. Ultimately, the aim should be to trans-
late these findings into deployable, user-friendly diagnostic
classification tools that can support clinicians in early detec-
tion and promote equitable breast cancer care globally. Sev-
eral limitations of this study should be acknowledged. First,
the proposed machine learning models discriminate be-
tween existing breast cancer cases and non-cancer controls
in a cross-sectional setting and do not estimate future breast
cancer incidence or long-term risk. Second, although inter-
nal validation demonstrated robust performance, prospec-
tive validation in large, multi-center cohorts is required be-
fore clinical deployment. Third, the retrospective nature of
the study and reliance on data from tertiary-care hospitals
may limit generalizability to community-based or rural pop-
ulations, where disease prevalence, healthcare access, and
biomarker distributions may differ. These factors should be
addressed in future studies to ensure equitable clinical trans-
lation. External validation using independent, multi-center
cohorts was not performed and remains a critical next step.
Consequently, generalizability beyond the current tertiary-
care population should be interpreted with caution.

Importantly, this study is cross-sectional in nature and
focuses on distinguishing existing breast cancer cases from
non-cancer controls at the time of evaluation. As such, the
models are designed for diagnostic classification rather than
prospective prediction of incident breast cancer risk. Longi-
tudinal cohort studies will be required to determine whether
these biomarkers and models can predict future cancer de-
velopment.

5. Conclusions

This study demonstrates the feasibility and value of
integrating clinical characteristics with blood-based bio-
chemical markers, using machine learning models, to en-
hance diagnostic classification and early identification of
active breast cancer with routinely available clinical and
biochemical data. By analysing a large cohort of 2000
women, we showed that ensemble methods such as XG-
Boost and Random Forest, along with neural networks,
achieved superior predictive performance compared to tra-
ditional models, with accuracies exceeding 80% and AUC
values approaching 0.86. Importantly, routinely collected
biomarkers, including platelet distribution width, red cell
distribution width, hemoglobin, and C-reactive protein, to-
gether with demographic and clinical factors such as age,
menopausal status, and family history, emerged as impor-
tant features for distinguishing active breast cancer cases
from non-cancer controls. The ability to derive clinically
relevant predictions from widely accessible and minimally
invasive tests underscores the potential of this approach to
complement existing imaging-based screening strategies,
particularly in low- and middle-income countries where re-
source constraints limit access to mammography and MRI.
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By facilitating the identification of individuals with a high
predicted probability of active breast cancer who may ben-
efit from further diagnostic evaluation, these models could
potentially support more efficient clinical triage and timely
access to confirmatory diagnostic procedures.

While this study highlights the promise of ML-
driven, multimodal prediction models, broader validation
in diverse populations, inclusion of additional molecular
biomarkers, and prospective evaluation in clinical work-
flows will be critical for translation into practice. Ulti-
mately, integrating artificial intelligence with routine clini-
cal and laboratory data provides a scalable, equitable path-
way to strengthen breast cancer early detection and ad-
vance precision public health. Overall, this study provides
methodologically rigorous evidence that interpretable ma-
chine learning applied to routine clinical and biochemical
data can support diagnostic classification of breast cancer,
while highlighting the steps required for safe and general-
izable clinical translation.
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