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ABSTRACT

Objectives Female-specific cancers, including breast,
ovarian, cervical and uterine malignancies, lack
comprehensive early detection approaches, particularly
for ovarian and endometrial cancers where effective
population-level screening remains limited. This study
aimed to develop and validate a computational method

for early detection of female-specific cancers using
longitudinal healthcare records.

Methods We developed a multichannel convolutional
neural network (MCNN) to analyse 36-month pre-
diagnostic healthcare records from Taiwan’s National
Health Insurance Research Database. The study
included 19954 female patients (596 cancer cases,
19358 controls) from 1999 to 2013. Log-likelihood
ratio feature selection identified top 10 features across
three data modalities (diagnostic codes, medications,
medical orders). The six-channel architecture processed
temporal patterns through stratified 10-fold cross-
validation, with performance compared against nine
baseline algorithms.

Results MCNN achieved superior balanced performance
with Macro-F: score of 0.8443, precision of 0.9135

and recall of 0.7978, outperforming traditional machine
learning and deep learning approaches. Feature analysis
revealed clinically relevant patterns including tamoxifen
therapy, immunohistochemical procedures and cancer-
specific diagnostic codes. SHapley Additive exPlanations
(SHAP) interpretability analysis demonstrated the
model’s ability to identify pre-diagnostic phases through
temporal healthcare utilisation patterns. Systematic
feature selection reduced computational requirements
by over 99%, enabling validation on Taiwan’s population-
scale National Health Insurance Research Database
(NHIRD).

Discussion The multichannel deep learning approach
enables unified early detection across four female cancer
types using routine administrative data, addressing
detection gaps for ovarian and endometrial cancers while
providing complementary risk stratification for existing
screening programmes.

Conclusion Clinical implementation through electronic
health record (EHR) integration offers practical pathways
for accessible cancer risk assessment during routine
healthcare encounters.

WHAT IS ALREADY KNOWN ON THIS TOPIC

= Established screening programmes exist for breast
and cervical cancers, but systematic early detection
for ovarian and endometrial cancers remains inef-
fective due to asymptomatic early stages and lack
of reliable population-level screening tools.

WHAT THIS STUDY ADDS

= Multichannel deep learning simultaneously detects
four female-specific cancer types during pre-
diagnostic phases using routine administrative data,
with 99% reduced computational requirements
enabling population-scale validation and clinical
deployment.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= This approach provides the first systematic compu-
tational method for ovarian and endometrial cancer
screening and enables electronic health record
(EHR) integration for seamless risk assessment
during routine healthcare encounters.

INTRODUCTION

Female-specific cancers, including breast,
ovarian, cervical and uterine malignan-
cies, represent a substantial global health
burden with significant impact on women’s
mortality and healthcare systems. According
to Taiwan’s Ministry of Health and Welfare
statistics, these four cancer types consis-
tently rank among the leading causes of
cancerrelated deaths in women, making
them particularly suitable for population-
based early detection research.! Early-stage
identification dramatically improves survival
outcomes across all these cancer types, yet
current detection approaches demonstrate
significant limitations. Established screening
programmes show variable effectiveness
across different cancer types. Cervical cancer
screening through Pap smears has reduced
incidence rates by 60%-80% in populations
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with robust programmes, while mammography screening
demonstrates 20%-25% mortality reduction for breast
cancer.”® However, systematic early detection for ovarian
and endometrial cancers remains challenging due to
asymptomatic early stages and lack of effective population-
level screening tools.* Ovarian cancer, often presenting
with non-specific symptoms, is detected at early stages in
only 15% of cases.” Current biomarker approaches using
CA-125 and transvaginal ultrasound show limited effec-
tiveness due to high false-positive rates and insufficient
sensitivity.” These limitations underscore the need for
novel approaches that can identify cancer risk patterns
before traditional screening methods become effective.

The evolution of comprehensive healthcare data-
bases has created new opportunities for early detection
research. Taiwan’s National Health Insurance Research
Database (NHIRD) represents one of the most compre-
hensive longitudinal healthcare datasets globally,
covering over 99% of Taiwan’s population with detailed
medical records spanning multiple decades.” This data-
base captures healthcare utilisation patterns, prescrip-
tion histories and procedural records that may contain
subtle signals preceding cancer diagnosis. Recent inves-
tigations suggest that healthcare utilisation patterns may
change months or years before formal cancer diagnosis,
indicating detectable preclinical phases.® Advances in
computational methods, particularly machine learning
and artificial intelligence, have opened new avenues for
analysing complex healthcare datasets to identify multi-
dimensional patterns impossible to detect through tradi-
tional statistical methods.” ' The economic implications
are substantial as late-stage cancer treatment costs often
exceed early-stage treatment by factors of three to five.""

This study investigates computational approaches for
early detection of female-specific cancers using longi-
tudinal healthcare data from Taiwan’s NHIRD. Our
approach analyses 36 months of pre-diagnostic health-
care utilisation patterns to identify subtle changes
preceding clinical recognition of malignancy. The use of
first hospitalisation as the diagnostic timepoint provides
a clinically meaningful anchor capturing the transition
from outpatient management to intensive medical inter-
vention. The primary objectives are: first, to develop
and validate computational methods for processing
longitudinal healthcare data for early cancer detection;
second, to evaluate feasibility and performance charac-
teristics for clinical implementation; and third, to assess
potential utility as decision support tools in healthcare
environments. We hypothesise that advanced compu-
tational methods applied to longitudinal healthcare
data will demonstrate competitive performance while
offering practical advantages for clinical deployment and
improved patient outcomes.

This study provides three key contributions to early
cancer detection research. First, we present a unified
deep learning model that detects breast, ovarian, cervical
and uterine cancers concurrently using population-
scale administrative health data. Second, the proposed

multichannel convolutional neural network (MCNN)
integrates three heterogeneous modalities (diagnoses,
medications and medical orders) and captures temporal
interactions that prior models have not leveraged.
Third, we develop a highly efficient feature-selection
strategy that reduces computational burden by over 99%,
enabling both population-level validation and practical
deployment in clinical environments. Together, these
contributions advance the methodological and transla-
tional foundations for scalable early detection of female-
specific cancers.

MATERIALS AND METHODS

Study population and data preprocessing

This study used data from NHIRD, covering over 99% of
Taiwan’s population.'? All data are deidentified and main-
tained by the Health and Welfare Data Science Center.”
This study was approved by the Institutional Review
Board of Taipei Medical University, TMU-JIRB No.:
N202405151, with informed consent waived due to fully
anonymised data. The study population was derived from
NHIRD files covering 1 January 1999 to 31 December
2013, restricted to female patients. The cancer cohort
comprised patients with confirmed diagnoses of breast
cancer (ICD-9: 174.xx), ovarian cancer (ICD-9: 183.xx),
cervical cancer (ICD-9: 180.xx) or uterine cancer (ICD-
9: 179.xx, 182.xx), requiring at least one inpatient hospi-
talisation record. The non-cancer cohort consisted of
female patients without any cancer diagnoses during the
observation period.

Inclusion criteria required continuous insurance enrol-
ment for at least 36 months prior to the index date, age
>18 years and at least one healthcare encounter annually.
The 36-month observation period was calculated retro-
spectively from the first cancerrelated hospitalisation
date for patients with cancer, and from the last hospi-
talisation date for non-cancer patients. This observation
window was selected based on prior literature indicating
that healthcare utilisation changes may manifest 2-3
years before cancer diagnosis."” The final study popula-
tion consisted of 19954 female patients (596 cancer cases,
19358 controls) as shown in table 1.

Feature selection used log-likelihood ratio (LLR) meth-
odology to identify clinically relevant predictors from
diagnostic codes (International Classification of Diseases
(ICD)-9), medication prescriptions (Anatomical Thera-
peutic Chemical (ATC) classification) and medical order
codes." ' The top 10 features with highest LLR scores
were selected from each modality, resulting in 30 primary
features. Temporal encoding mapped each feature
across 36 monthly intervals. LLR feature selection was
performed on the entire dataset prior to cross-validation
to ensure consistent feature sets across evaluation folds;
this methodological choice is discussed as a limitation.
Details of the LLR formulation are provided in online
supplemental methods.
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Table 1 Demographic and clinical characteristics of study population
Cohort population (n=19954)
Variables Female cancer Non-cancer P value
Patient number 596 19358
Breast cancer 418 (70.1%) -
Cervical cancer 90 (15.1%) -
Ovarian cancer 40 (6.7%) -
Uterine cancer 61 (10.2%) -
Total cancer diagnosis 617 -
Age, mean (SD), year 53.6 (12.03) 45.3 (18.21) <0.001
18-34 20 (3.4%) 7325 (37.8%)
34-64 483 (81.0%) 8537 (44.1%)
>65 93 (15.6%) 3496 (18.1%)
Monthly insured salary, mean (SD), NTD 17253.1 (19394.53) 18918.1 (18945.43) <0.01
<19999 304 (51.0%) 8832 (45.6%)
20000-39 999 217 (36.4%) 8247 (42.6%)
>40000 75 (12.6%) 2279 (11.8%)

Some patients had multiple cancer types; percentages may exceed 100%.
NTD stands for New Taiwan Dollar, the currency used in Taiwan.

CNN architecture and evaluation

The proposed MCNN processes diagnostic, medication
and medical order data streams simultaneously through
a unified framework (figure 1). The input is modelled
as a four-dimensional tensor with 6 channels (three data
modalities for both cohorts), 10 features per channel and
36 monthly intervals. The architecture consists of two
convolutional blocks with 32 and 64 filters, respectively,

each using 3x3 kernels followed by ReLLU activation and
2x2 max-pooling. The output is flattened and passed
through a fully connected layer with sigmoid activa-
tion for binary classification. This hierarchical design
captures both local temporal variations and broader
disease progression patterns. Detailed architectural spec-
ifications and mathematical formulations are provided in
online supplemental methods.
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Model evaluation employed stratified 10-fold cross-
validation with hyperparameter optimisation targeting
Fl-score maximisation. Performance metrics included
precision, recall, Fl-score, area under the receiver oper-
ating characteristic curve (AUROC) and area under
the precision-recall curve (AUPRC). Comparative anal-
ysis included probabilistic methods (Multinomial Naive
Bayes), tree-based approaches (Decision Tree, Random
Forest), distance-based methods (K-Nearest Neighbours),
linear models (Logistic Regression), gradient boosting
(XGBoost, LightGBM) and deep learning architectures
(CNN, ConvBERT).'™" SHAP analysis quantified indi-
vidual feature contributions to predictions.”’

RESULTS

Our MCNN achieved superior balanced performance for
early detection of breast, ovarian, cervical and uterine
cancers using 36-month longitudinal healthcare records.
Table 2 compares 10 algorithms across multiple evalua-
tion metrics using stratified 10-fold cross-validation on
19954 female patients (596 cancer cases, 19 358 controls).
The MCNN achieved the highest Macro-Fi score of 0.8443
with precision of 0.9135 and recall of 0.7978. The model
achieved the highest Fi scores for both cancer cases
(0.6966) and non-cancer cases (0.9920). The AUROC of
0.9419 and AUPRC of 0.7379 confirm strong discrimina-
tive ability. Among baseline methods, gradient boosting
approaches (XGBoost: 0.8340, LightGBM: 0.8201) and
ConvBERT (0.8251) showed competitive performance,
while Random Forest achieved highest precision (0.9715)
but poor recall (0.5763).

Table 3 presents top-ranked clinical features revealing
clinically intuitive patterns. For patients with cancer,
highest-ranked features included malignant neoplasm
diagnostic codes (ICD 174.9, 180.9, 174.4), cancer ther-
apeutics (tamoxifen, antiemetics) and diagnostic proce-
dures (immunohistochemical stains, mastectomy, frozen
sections). The non-cancer cohort exhibited routine
healthcare patterns including benign breast conditions
and pregnancy supervision codes. Complete feature rank-
ings are provided in online supplemental table 1.

SHAP analysis examined temporal feature contribu-
tions across the 36-month observation period (figure 2).
Diagnostic code channels showed predominantly negative
or neutral contributions during months 12-24, reflecting
absence of cancerrelated activity, with positive contribu-
tions emerging in later months. For medication features,
positive  SHAP values concentrated in final months
corresponding to cancer therapeutics initiation. For
examination features, pronounced peaks corresponded
to confirmatory diagnostic procedures. These patterns
indicate that the model identifies patients during active
diagnostic evaluation and early treatment phases rather
than truly pre-symptomatic periods, demonstrating utility
in systematically identifying patients undergoing cancer
evaluation from administrative data patterns.

DISCUSSION

The MCNN achieved balanced performance across
breast, ovarian, cervical and uterine cancer detection
with Macro-Fi score of 0.8443 and precision of 0.9135,
demonstrating the feasibility of unified predictive model-
ling for multiple female malignancies.”" This multicancer
approach differs from single-disease prediction models
and addresses the clinical need for comprehensive
women’s cancer risk assessment using routine healthcare
data. Identifying these cancers during pre-diagnostic
phases addresses critical gaps in women’s cancer surveil-
lance. While established screening programmes exist
for breast and cervical cancers, our approach provides
complementary risk stratification that could identify
high-risk individuals between routine screening intervals.
For ovarian and endometrial cancers, where effective
population-level screening remains elusive, our model
offers the first systematic approach to early detection
using administrative healthcare data." The feature anal-
ysis revealed clinically meaningful patterns that align
with established cancer care pathways. The identifica-
tion of tamoxifen (Nolvadex) and chemotherapy-related
medications among top-ranked pharmaceutical features
reflects the therapeutic landscape of female cancer treat-
ment.”” The prominence of immunohistochemical stains
and surgical pathology procedures among discriminative
medical orders corresponds to standard diagnostic proto-
cols for cancer confirmation.”” These findings validate
the model’s ability to recognise clinically relevant health-
care utilisation patterns rather than spurious correlations,
supporting its potential clinical utility.

The SHAP interpretability analysis reveals unique
temporal patterns in female cancer progression, particu-
larly the identification of patients in pre-diagnostic eval-
uation phases through absence patterns in diagnostic
coding combined with increased procedural activity.**
This finding provides mechanistic insight into health-
care utilisation changes that precede formal diagnosis,
differing from traditional biomarker-based early detec-
tion approaches. The computational efficiency achieved
through systematic feature selection represents a critical
methodological contribution enabling population-scale
validation and clinical translation. Reducing memory
requirements by over 99% compared with full ICD code
processing (from 1163.44 GB to 2.07 GB) while main-
taining superior predictive performance addresses a
fundamental barrier in healthcare artificial intelligence
(AI) deployment.” This efficiency enables: (1) validation
on Taiwan’s comprehensive NHIRD covering 99% of the
population, impossible with full-feature approaches; (2)
deployment on standard clinical workstations without
specialised hardware; and (3) real-time risk assessment
during patient encounters. The lightweight architecture
bridges the gap between research demonstrations and
practical clinical tools, representing a crucial step towards
accessible, scalable early detection systems that can be
implemented across diverse healthcare settings.

4 Chien C-H, et al. BMJ Health Care Inform 2026;33:€101874. doi:10.1136/bmjhci-2025-101874

'salbojouyoal Jejiwis pue ‘Buluresy |y ‘Buiuiw elep pue 1xa) 01 parejal sasn 1o} Buipnjour ‘ybLAdod Ag pajoslold
‘1senb Aq 920z Arenigad £z uo wod fwg sonewloul//:sdny woly papeojumoq ‘9z0z ArenigeH 2T uo +/8T0T-5202-19YlWa/9eTT 0T St paysiignd 1siy :sonewoju| ared 2 yyesH INg


https://dx.doi.org/10.1136/bmjhci-2025-101874

)
7
[
3]
3]
@
c
[
o

o

BMJ Health & Care Informatics: first published as 10.1136/bmjhci-2025-101874 on 12 February 2026. Downloaded from https://informatics.bmj.com on 23 February 2026 by guest.
Protected by copyright, including for uses related to text and data mining, Al training, and similar technologies.

'1s00gHX ‘gDHX ‘158104 wopuey 4y ‘enjen aanoipaid aaisod ‘Add ‘enfea aandipald anizebau ‘AN SeAeg aAleN [BILIOUNIA ‘GN BILUOUILNIA I0M18U
[BJNaU [BUOIIN|OAUOD [SUuUBYDIINW ‘NNDIN ‘uoissaibay o11sIBoT ‘Y1 INgDIUBIT ‘NGO T ‘sinoqubleN 1seseaN-Y ‘NN 1439 [BUOIINJOAUOD | HIFGAUOD HJOMIBU [EINSU [BUOINIOAUOD ‘NND

(£292°0-280.2°0)

(1556°0-2826°0)

"SSEJO J8OUBD-UOU J0} 8100S-'{=aAl}eBau [age| 4 ‘SSe|0 J80UBD IO} 9100S-!4=aAl)sod [oge| '4
"olI1eW Yyoes J0} souewWIomMad 1S8q 81edlpul SenjeA pjog
*(S|0J3U0D GGE G| ‘SOSED J80UBD 9FG) Siuaied sjewa) $GE 6| UO UOIBPIBA-SSO0IO POJ-0 | Paljiielis Buisn pajenjeas souaw 8ouBULIOuSd

(9266'0-5166°0)

(#022°0-2229°0)

8/86'0 26ES0 £966°0 6.€L°0 617670 02660 9969°0 Sh¥8'0  8/61°0 GEL6°0 NNOW
(2892°0-¢¥89°0)  (2956°0-09¢6'0) (9266'0-£066°0)  (25}+20—-£209°0)

£€986'0 81580 9966°0 £92.°0 L9¥6°0 71660 18590 1GZ8°0 2870 161670 143gAu0Q
(6929°0-€219°0) (0626°0-2¢868°0) (8066'0-2686°0)  (8££9°0—£295°0)

9¥86'0 21820 ¥566°0 9v¥9°0 9¢16°0 0066°0 G009°0 €660 €S¥2°0 6288°0 NNO
(S022°0-65£9°0) (8/76°0-6216°0) (L166°0-L066°0)  (£989°0-£219°0)

¥986'0 10610 G566°0 08290 ¥0£6°0 60660 €679°0 1028°0 /¥..°0 2888°0 N
(20€20-0679°0)  (6EV6°0-2506'0) (1266°0-S066°0)  (060L0—t¥¥9°0)

9/86'0 ¥582°0 0566°0 9689°0 87726°0 €166°0 19190 0¥€8'0  GS6.°0 G988°0 S[9)'
(€612°0-6259°0) (9/¢6°0-9%26°0) (5066°0-0686°0) (8065 0—220S°0)

1286'0 8S¥8°0 9/66°0 9889°0 19€6°0 8686°0 GoYS'0 189°0 62020 6E16°0 4
(¥629°0-81€5°0)  (G028°0-GLL8°0) (0L66°0-2686°0)  (€8Y9°0—9¥2G°0)

1G86'0  22/L0 £566°0 908S°0 0L¥8°0 10660 SLI90 8008'0 6150 18/8°0 NNM
(eov20-€269°0) (¥856°0-G5€6°0) (G286°0-9986°0) (1662°0-£922°0)

97/6'0 18960 86660 2LLL0 0.16'0 0/86°0 12920 67290 £9.5°0 SL.6°0 44
(cr9g0-v1870) (8558°0-0£18°0) (L066°0-1686°0)  (85.9°0-9819°0)

6/86'0 88690 61660 €12S0 ¥7€8°0 6686°0 2.v9°0 G818°0 08610 £ev8°0 88l uoisioeq
(82290022500 (evv6'0-18L6°0) (££86°0-86.6°0) (096G 0-9t+S0)

1£66'0 86770 20260 66650 21€6°0 61860 £0.G°0 65/.°0 19.8°0 ¥122°0  @N [elwoulniy

AdN Add  Auoioads oddnv J0HNV oAnebau jage ‘4 oAmsod jaqej ‘4 ‘4-osoely  ||E99Y  uoISIoald

S[epOW UO0I}08}8p Jooued olj10ads-s[ews) Jo uosLedwod souewIoped g d|qel

Chien C-H, et al. BMJ Health Care Inform 2026;33:€101874. doi:10.1136/bmjhci-2025-101874



Open access

I

Table 3 Top-ranked clinical features for female-specific cancer detection

Female-specific cancer cohort

Diagnostic Medication Medical
Rank ICD code description Medication code description order code Medical order description
1 174.9 Malignant neoplasm B022154100 Nolvadex tablets 25012B Immunohistochemical stains,
of breast (female), 10 mg each antibody
unspecified
2 180.9 Malignant neoplasm B023986100 Emend capsules 63010C Modified radical
of cervix uteri, 125mg mastectomy —unilateral
unspecified site
3 174.4 Malignant neoplasm B024785221 Aloxi solution for 25006B Frozen section
of upper-outer injection
quadrant of female
breast
Non-cancer cohort
1 611.72 Lump or mass in B013497100 Utrogestan 33005B Mammography
breast capsules
2 217 Benign neoplasm of MA1 Oral liquid 25004C Surgical pathology
breast preparation Level IV
3 V22.1 Supervision of other A037196100 Anpo tablets 10 19014C Breast ultrasound

normal pregnancy

mg

Most predictive clinical features for patient classification by cohort. Shows top three features per data modality (ICD-9 diagnostic codes, ATC
medication codes, medical orders) ranked by discriminative strength. Complete feature rankings with discriminative weights are provided in

online supplemental table 1.

A comparison with existing techniques further contex-
tualises the performance of the proposed MCNN frame-
work. Traditional machine learning models such as
Logistic Regression, Decision Trees and Random Forests
rely primarily on static feature representations and there-
fore have limited ability to capture the temporal evolu-
tion of clinical records. Gradient boosting methods (eg,
XGBoost and LightGBM) achieve stronger performance
but still treat input features as aggregated summaries
rather than structured temporal sequences. More recent
deep learning approaches, including conventional CNNs
and transformer-based architectures such as ConvBERT,
offer improved feature expressiveness yet operate on
single-modality inputs or require substantially larger
parameterisation. In contrast, the MCNN integrates
multiple clinical modalities through parallel channels
and directly models month-to-month patterns over the
36-month observation window, enabling the extraction of
both local temporal signals and higher-level trends. This
architectural design helps explain the balanced perfor-
mance observed across cancer types and the model’s
ability to identify clinically meaningful pre-diagnostic
trajectories.

Several limitations require acknowledgement. The
reliance on Taiwan NHIRD data may limit generalis-
ability to populations with different healthcare structures
and demographics.” * The absence of lifestyle factors
including smoking history, family history and environ-
mental exposures reflects inherent limitations of claims-
based databases, as these variables are not systematically
recorded in NHIRD rather than being available but

unextracted.”” Additionally, the feature selection proce-
dure was conducted on the complete dataset before
cross-validation, which may introduce optimistic bias in
performance estimates. Although the selected features
represent clinically established cancerrelated codes
rather than spurious statistical associations, future valida-
tion studies should implement nested cross-validation with
feature selection performed independently within each
outer fold to provide more rigorous generalisation esti-
mates. Furthermore, the use of first cancer-related hospi-
talisation as the diagnostic index date, while providing
standardised and verifiable anchoring, may not capture
the true onset of clinical recognition for all patients.
Some cancers may have been initially diagnosed through
outpatient encounters prior to hospitalisation, meaning
the observation window could include early diagnostic or
treatment phases rather than exclusively pre-diagnostic
periods. This consideration aligns with our SHAP anal-
ysis findings, which indicate the model captures patterns
during active clinical evaluation rather than purely asymp-
tomatic disease detection. From a methodological stand-
point, the class imbalance inherent in population-based
cancer detection (3% prevalence) was addressed through
stratified cross-validation without additional rebalancing
techniques. While this approach evaluates baseline model
performance, threshold optimisation during clinical
implementation could adjust the sensitivity—specificity
trade-off according to specific screening objectives and
population risk profiles. Additionally, the fixed 36-month
observation window, while supported by prior literature
on pre-diagnostic healthcare patterns, may not be optimal
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Figure 2 SHAP analysis of temporal feature contributions for female-specific cancer prediction. SHAP values for a
representative female-specific patient with cancer across six data channels (diagnostic codes, medications, medical ordersx2
classes) during 36-month pre-diagnostic period. Red indicates positive contributions towards female-specific cancer

classification; blue indicates negative contributions.

for all cancer types. Future research should examine
sensitivity of model performance to varying observation
windows. Validation studies using diverse international
datasets will be essential for establishing broader appli-
cability. Given similarities in healthcare system structures,
findings may be particularly transferable to other East
Asian populations with universal coverage and claims-
based data systems, though cross-population validation
would be required. The integration potential with existing
screening programmes offers promising clinical pathways.
Rather than replacing current screening modalities, our
approach could enhance screening efficiency by identi-
fying high-risk individuals who would benefit most from
targeted imaging studies or more frequent surveillance.”
The EHR integration capabilities enable seamless risk
assessment during routine clinical encounters without
additional data collection burden. Future research should
focus on external validation across diverse healthcare
systems, incorporation of genetic and lifestyle risk factors
and development of clinical decision support interfaces
tailored to women'’s health screening programmes.” The
demonstrated feasibility of leveraging routine health-
care data for accurate cancer risk prediction represents
a significant step towards more accessible early detection
strategies for female-specific malignancies.

CONCLUSION

Thisinvestigation establishes the viability of unified compu-
tational detection for breast, ovarian, cervical and uterine
cancers through analysis of routine healthcare adminis-
trative data. The MCNN achieved Macro-F: performance
of 0.8443 while maintaining precision of 0.9135, indi-
cating balanced classification capabilities across multiple
female malignancy types within a single predictive frame-
work. The 36-month longitudinal approach successfully
identified healthcare utilisation patterns that emerge
during pre-diagnostic phases, extending detection capa-
bilities beyond current screening programme limitations.
The systematic integration of diagnostic codes, medica-
tion records and medical orders through multichannel
architecture demonstrated complementary predictive
value across data modalities. Feature analysis validated
clinical relevance through identification of established
cancer care pathways, including hormonal therapies and
pathological evaluation procedures. The SHAP interpret-
ability framework revealed temporal healthcare engage-
ment patterns that distinguish cancer progression from
routine medical care, providing mechanistic insights into
administrative data signatures that precede formal clin-
ical recognition.
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Computational efficiency achievements through
systematic feature selection enable practical healthcare
deployment, reducing processing requirements by over
99% while preserving predictive accuracy. The approach
addresses current gaps in ovarian and endometrial
cancer detection while offering complementary risk
stratification for breast and cervical cancer programmes.
The moderate specificity performance and Taiwan-
specific dataset represent implementation considerations
requiring external validation. Future directions include
incorporation of lifestyle and genetic risk factors, inter-
national dataset validation and clinical decision support
interface design tailored to women’s health screening
workflows.
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