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Abstract

Background: Machine-learning decision support from routine electronic health
records requires representations that handle class imbalance while retaining clini-
cally interpretable structure. We developed PE-Tab2Conv, a clinically structured
tabular-to-matrix representation for preeclampsia risk modelling. Methods:
Encoded maternal variables were arranged in a fixed 4 X 6 matrix spanning base-
line and socioeconomic characteristics, obstetric history, extended obstetric and



family history, and comorbidities. A lightweight two-dimensional convolutional
neural network produced 32-dimensional embeddings for downstream classifiers.
Models were evaluated on a locked 2023 temporal cohort from RS Adhyatma
(n = 531), comparing a portable core feature space (17 predictors) with an
extended space (21 predictors). Interpretability used SHapley Additive exPlana-
tions and matrix-cell occlusion. A second hospital contributed 72 preeclampsia-
positive records for positive-case transportability assessment. Results: In the
extended setting, PE-Tab2Conv with logistic regression achieved an area under
the precision-recall curve of 0.817 (area under the receiver operating charac-
teristic curve 0.922; Brier score 0.047), numerically above extended tabular
XGBoost (0.800). The extended-to-core gain was primarily associated with his-
torical predictors; prior preeclampsia had the largest cell-level occlusion effect
(AAUPRC = 0.210). External positive cases retained elevated model scores,
but the absence of external controls precluded full external validation. Conclu-
sions: PE-Tab2Conv offers a compact, traceable representation-learning method
for health-informatics risk modelling and potential clinical decision-support
development. Balanced multicentre validation is required before deployment.

Keywords: Preeclampsia; electronic health records; tabular-to-matrix representation;
convolutional neural network; representation learning; clinical decision support

1 Introduction

Preeclampsia remains one of the most perilous obstetric complications driving
maternal and perinatal morbidity and mortality globally, particularly in resource-
constrained developing regions (Riano-Moreno et al. 2025; Henderson et al. 2017). The
condition is characterized by new-onset hypertension and multisystem organ dysfunc-
tion developing after 20 weeks of gestation (Poon et al. 2021). Early identification of
preeclampsia risk during early pregnancy is critical to enable timely clinical interven-
tions, such as intensified antenatal surveillance and early low-dose aspirin prophylaxis
administration (Myatt 2022). Nevertheless, most primary and secondary healthcare
facilities in developing countries still rely on manual risk scoring derived from standard
clinical guidelines, which frequently exhibit limited sensitivity and high predictive
uncertainty (Al-Rubaie et al. 2020, 2016; Antwi et al. 2020; De Kat et al. 2019).

Leveraging maternal Electronic Health Record (EHR) data to construct machine
learning (ML)-based risk prediction systems offers substantial potential to enhance
clinical screening accuracy (Jhee et al. 2019; Escobar et al. 2021; Li et al. 2021; Chen
et al. 2024; Kempener et al. 2025). However, processing tabular EHR data presents
severe methodological hurdles, notably extreme class imbalance where preeclampsia
instances represent a small minority, along with complex non-linear interactions across
maternal predictors (Pedersen et al. 2024; Salmi et al. 2024). Conventional decision-
tree tabular ML algorithms, such as Random Forest and XGBoost, frequently suffer
from false-alarm fatigue or degraded positive-class discrimination performance when
evaluated on imbalanced temporal validation cohorts (Ranjbar et al. 2024; Eberhard
et al. 2025; Jain et al. 2025; Li et al. 2024).



Converting tabular records into two-dimensional image-like formats (Tabular-to-
Image/T2I) has emerged as an innovative strategy to harness the representation
extraction capabilities of 2D Convolutional Neural Networks (CNNs) (Damri et al.
2024; Briner et al. 2023; Serra Neto et al. 2022; Gomez-Martinez et al. 2026). Con-
ventional T2I methodologies, such as Image Generator for Tabular Data (Zhu et al.
2021) and the Novel algorithm for Convolving Tabular Data (Alenizy and Berri
2025), predominantly rely on purely data-driven spatial ordering algorithms with-
out incorporating domain-specific clinical structures. These arbitrary pixel mapping
approaches yield matrix configurations that lack intuitive medical semantic represen-
tation, thereby limiting transparency, physician interpretability, and real-world clinical
system adoption (Halladay et al. 2025; Selke et al. 2025).

To address these limitations, this study proposes PE-Tab2Conv (4 x 6), a hybrid
matrix-based representation learning framework that structures tabular EHR vari-
ables into a clinically guided semantic layout. The 4 x 6 matrix is systematically
arranged across four primary domain rows: baseline maternal & SES (Row 1), rou-
tine obstetric history (Row 2), extended obstetric & family history (Row 3), and
maternal comorbidity profiles (Row 4) (Al-Rubaie et al. 2020; Liu et al. 2022). This
domain-guided arrangement enables 2D convolutional filters to capture spatial cor-
relations across clinically adjacent features while preserving full cell-level traceability
and medical interpretability for healthcare providers (Salinas et al. 2025; Ponce et al.
2024).

The PE-Tab2Conv framework couples a 32-dimensional dense embedding extrac-
tor from a lightweight CNN with downstream classifiers (such as logistic regression
and support vector machines) to evaluate alternative screening operating profiles (Tri-
pathi et al. 2024; Wang et al. 2026). Evaluation was conducted on a locked temporal
validation cohort at RS Adhyatma 2023 (n = 531), contrasting two distinct feature
spaces: a portable core space (17 routine predictors) and an extended full-information
space (21 predictors including historical variables) (Tiruneh et al. 2025; Saito and
Rehmsmeier 2015). This experimental design was structured to estimate the incre-
mental value of historical features for preeclampsia risk discrimination (Ballard et al.
2024; Al-Rubaie et al. 2016; Kempener et al. 2025).

The methodological contribution combines a clinically structured matrix, com-
pact convolutional representation learning, direct comparison with tabular classifiers,
and multi-level attribution using SHapley Additive exPlanations (SHAP) and matrix
occlusion sensitivity (Singh and Rajput 2025; Lara-Abelenda et al. 2025). Matrix
occlusion was used to determine whether influential regions corresponded to recog-
nizable clinical variables. The locked portable model was also applied to an external
PE-only cohort at RSUD K.R.M.T. Wongsonegoro (n = 72) as a positive-case trans-
portability analysis, not as full external validation (Tiruneh et al. 2024; Brunelli et al.
2020). Together, these components address representation modelling, knowledge dis-
covery, and transparent decision-support development from routine health-informatics
data (Layton 2025; Zapata et al. 2025).



2 Materials and Methods
2.1 Study Design and Cohort Derivation

This retrospective medical informatics study was designed to develop and evaluate a
convolutional representation learning framework for routine tabular clinical data. The
overall analytic dataset comprised 1,743 maternal records from two public hospitals
in Central Java, Indonesia. The model development cohort used RSUD dr. Adhyatma
records from 2021-2022 (n = 1,140; 67 PE cases), while 2023 records were held out as
a locked temporal validation cohort (n = 531; 46 PE cases). An external cohort from
RSUD K.R.M.T. Wongsonegoro 2024 containing PE-only records (n = 72) was used
exclusively for cross-site positive-case transportability assessment.

A locked temporal validation scheme was prioritized over random partitioning to
better approximate real-world clinical deployment, where models trained on histori-
cal records are applied to future patient cohorts (Eberhard et al. 2025; Tiruneh et al.
2025; Antwi et al. 2020; De Kat et al. 2019). This separation minimizes overoptimistic
performance estimates caused by documentation shifts, referral patterns, and disease
prevalence changes over time. The summary of cohort composition and temporal par-
titioning is presented in Table 1, while the overall experimental workflow and scenario
are detailed in Figure 1. Ethical approval was granted by the relevant Health Research
Ethics Committee (approval No. 373/EA /F.XXIII.38,/2026).

2.2 Clinical Feature Spaces

To distinguish full-information temporal performance from cross-site model porta-
bility, two feature spaces were defined a priori: a portable core feature space and a
full-information extended feature space. The core feature space comprised 17 encoded
predictors uniformly available across both hospital sites, including baseline maternal
characteristics (age, parity, birth interval), comorbidity profile (hypertension history,
obesity, diabetes mellitus), and socioeconomic proxy. Relying on routine clinical vari-
ables ensures high deployment feasibility without depending on costly laboratory
assays or specialized biomarkers (Al-Rubaie et al. 2020; Escobar et al. 2021; Al-Rubaie
et al. 2016; Noél et al. 2021; Mendoza et al. 2022; Ansbacher-Feldman et al. 2022).

The extended feature space contained 21 encoded predictors, comprising all core
variables plus two critical historical predictors: prior preeclampsia history and family
history of hypertension/preeclampsia. These two additional predictors were available
at RS Adhyatma but structurally unavailable at RS Wongsonegoro (see Table 2). Con-
sequently, extended features were reserved for within-site full-information temporal
evaluation at RS Adhyatma. All preprocessing and one-hot encoding transforma-
tions were anchored strictly to the development cohort to prevent data leakage into
validation cohorts.

2.3 PE-Tab2Conv Matrix Construction

The PE-Tab2Conv framework maps encoded categorical tabular features into a
two-dimensional 4 x 6 X 1 matrix representation. Unlike generic tabular-to-image
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Fig. 1 Overall PE-Tab2Conv workflow. Routine maternal hospital data were harmonized into core
and extended feature spaces, transformed into clinically guided matrix representations, processed
using a lightweight convolutional feature extractor, and evaluated through original-tabular baselines,
PE-Tab2Conv embeddings, layout ablation, temporal validation, cross-site positive-case transporta-
bility, calibration analysis, and interpretability assessment

Table 1 Cohort composition and temporal partitioning

Site Year Cohort role Total PE Non-PE PE (%)
RS Adhyatma 2021 Development cohort 579 26 553 4.49
RS Adhyatma 2022 Development cohort 561 41 520 7.31
RS Adhyatma 2023 Locked temporal validation cohort 531 46 485 8.66
RS Wongsone- 2024 PE-only cross-site transportability 72 72 0 100.00
goro cohort

PE, preeclampsia. RS Adhyatma 2021-2022 was used for development, RS Adhyatma 2023 for locked
temporal validation, and RS Wongsonegoro 2024 for PE-only cross-site positive-case transportability.

transformations that reorder feature positions based strictly on spatial statistical opti-
mization (Damri et al. 2024; Zhu et al. 2021; Alenizy and Berri 2025; Serra Neto
et al. 2022; Gomez-Martinez et al. 2026), the PE-Tab2Conv matrix layout is organized
around clinical semantic domains. Each row represents a specific medical domain: (1)



baseline maternal characteristics & SES, (2) Obstetric history, (3) Extended Obstetric
& family history, and (4) Comorbidity profile (Figure 2 and Table 2).

The matrix contains 24 spatial cells. Unassigned cells and features that were struc-
turally unavailable in the core setting (such as prior PE and family history) were
filled with constant zero-padding. This padding strategy ensures that both core and
extended matrices share the same spatial dimensions (4 x 6 x 1). Domain-based

grouping was designed to impose a meaningful local inductive bias for 2D
convolutional filters while enabling matrix-level feature relationship interpretation.

2.4 CNN Feature Extractor and Downstream Classifiers

A lightweight convolutional neural network (CNN) feature extractor was designed
to output a 32-dimensional dense embedding from the 4 x 6 x 1 input matrix. The
architecture was intentionally kept compact to prevent overfitting risks inherent to
moderate-sized medical tabular datasets (Lara-Abelenda et al. 2025). It comprises
two sequential convolutional blocks (Block 1: 8 filters of 2 x 2, BatchNorm, ReLU,
Dropout 0.10; Block 2: 16 filters of 2 x 2, BatchNorm, ReLU) followed by Global
Average Pooling 2D and a 32-unit Dense Layer with ReLLU activation.

Two operational modes were evaluated: end-to-end CNN (connecting the embed-
ding directly to a sigmoid output layer) and a hybrid representation-learning mode.
In Hybrid mode, the 32-D embedding was extracted and fed into conventional down-
stream classifiers: Logistic Regression (LR), Support Vector Machine (SVM), Random
Forest (RF), and Extreme Gradient Boosting (XGBoost). Hybrid mode served as the
primary configuration because it decoupled feature representation from the final clas-
sification rule, enabling direct benchmarking against original tabular models using
identical classifier families. Hyperparameter tuning was performed exclusively on
the development cohort via stratified cross-validation using average precision as the
objective (Liu et al. 2022; Li et al. 2021, 2024; Ma et al. 2025). The complete exper-
imental scenarios and hyperparameter registry are provided in Online Resource 1,
Supplementary Tables S1 and S2.

2.5 Layout Ablation Experiments

A layout ablation experiment was specifically designed to evaluate whether the seman-
tic clinical feature arrangement contributed a meaningful performance advantage over
arbitrary random or data-driven spatial feature orderings (Tripathi et al. 2024; Wang
et al. 2026). The core premise of tabular-to-matrix transformations is that the spatial
geometry where features are placed influences pattern extraction by 2D convolutional
filters. Consequently, the semantic clinical layout was experimentally benchmarked
against four alternative placement strategies: random layouts (repeated 100 times to
generate a random sample distribution), correlation-based, mutual-information, and
information-gain layouts (Selke et al. 2025; Posada Barrera et al. 2025). All alter-
native feature layouts were strictly constructed using the RS Adhyatma 2021-2022
development cohort only to prevent data leakage.



A. Clinical matrix layout B. Feature extraction architecture

Matemal | Age Age SES SES . . y
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Fig. 2 PE-Tab2Conv matrix architecture. Harmonized encoded maternal predictors were arranged
into a fixed 4 X 6 x 1 clinically guided matrix. Rows and regions represent maternal baseline and
socioeconomic characteristics, obstetric history, extended obstetric and family-history features, and
comorbidity profile. Zero-padding preserved fixed dimensions across core and extended feature spaces

Table 2 PE-Tab2Conv matrix mapping and feature availability

Row Column Matrix label Clinical domain Encoded feature Availability

R1 C1 Age healthy Maternal baseline maternal_age_group_norm_reproductive_healthy Core and extended
R1 C2 Age unhealthy Maternal baseline maternal_age_group_norm_reproductive_unhealthy Core and extended
R1 C3 SES > UMR Socioeconomic proxy low_socioeconomic_status_norm_above_umr Core and extended
R1 C4 SES < UMR Socioeconomic proxy low_socioeconomic_status_norm_below_umr Core and extended
R1 C5 PAD Zero-padding None Padding cell

R1 C6 PAD Zero-padding None Padding cell

R2 C1 Parity null Obstetric history parity_norm_nullipara Core and extended
R2 C2 Parity primi Obstetric history parity_norm_primipara Core and extended
R2 c3 Parity multi Obstetric history parity_norm_multipara Core and extended
R2 C4 Parity grande Obstetric history parity_norm_grandemultipara Core and extended
R2 C5 Interval first Obstetric history birth_interval_norm_first_child Core and extended
R2 C6 Interval < 2y Obstetric history birth_interval_norm_lt_2_years Core and extended
R3 C1 Interval > 2y Obstetric history birth_interval_norm_gt_2_years Core and extended
R3 C2 Prior PE no Extended obstetric history prior_pe_history_norm_no Extended only

R3 c3 Prior PE yes Extended obstetric history prior_pe_history_norm_yes Extended only

R3 C4 Family HT/PE no Family history family_history_ht_pe_norm_no Extended only

R3 C5 Family HT/PE yes Family history family_history_ht_pe_norm_yes Extended only

R3 C6 PAD Zero-padding None Padding cell

R4 C1 HT no Comorbidity profile history_hypertension_norm_no Core and extended
R4 C2 HT yes Comorbidity profile history_hypertension_norm_yes Core and extended
R4 c3 Obesity no Comorbidity profile obesity_norm_no Core and extended
R4 C4 Obesity yes Comorbidity profile obesity_norm_yes Core and extended
R4 C5 DM no Comorbidity profile history_diabetes_mellitus_norm_no Core and extended
R4 C6 DM yes Comorbidity profile history_diabetes_mellitus_norm_yes Core and extended

DM, diabetes mellitus; HT, hypertension; PE, preeclampsia; SES, socioeconomic status; UMR, local
minimum wage proxy; PAD, zero-padding cell. Core and extended matrices used the same 4 X 6 X 1
spatial structure. Extended-only cells were zero-filled in portable core matrices because prior PE
history and family history of hypertension or PE were structurally unavailable in RS Wongsonegoro.

The primary layout-ablation configuration used PE-Tab2Conv embeddings paired
with Logistic Regression as a standardized downstream classifier to reduce computa-
tional overhead while ensuring a consistent baseline. The same locked temporal split
was applied across all layouts. For each candidate layout, the CNN feature extractor
was trained on the development cohort, embeddings were re-extracted, and the down-
stream Logistic Regression classifier was refitted before evaluation on the locked RS
Adhyatma 2023 temporal validation cohort. Accordingly, the layout-ablation values
represent experiment-specific retraining results and are not expected to be numerically



identical to the principal model-comparison results reported in Table 3. To statis-
tically test whether the semantic layout AUPRC outperformed the random layout
distribution, the empirical probability (pemp) Was calculated as:

_ 1+ # {AUPRCrandom > AUPRCsemantic}
1+ Nrandom
where Niandom = 100 represents the total number of random layout iterations.
Complete locked layout parameters and random distributions are documented in
Online Resource 1, Supplementary Table S5 and Supplementary Note S2.

emp

2.6 Cross-site Positive-Case Transportability

Cross-site evaluation was strictly restricted to the portable core feature space because
the two extended predictors, prior preeclampsia history and family history, were struc-
turally unavailable in RS Wongsonegoro records. The locked core model trained on the
RS Adhyatma 2021-2022 development cohort was applied unchanged to three distinct
cohort groups: RS Adhyatma non-PE (n = 1,558), RS Adhyatma PE (n = 113), and
RS Wongsonegoro PE (n = 72). The evaluation analyzed predicted risk probability
distributions, mean, median, interquartile range (IQR), and the proportion classified
as high risk at predefined cutoffs of 0.50, 0.30, and 0.20.

This analysis was explicitly framed as positive-case transportability to assess
whether the portable core model preserved an elevated risk signal in external PE
cases, rather than a full external validation (Brunelli et al. 2020; Allen et al. 2017;
Rezende et al. 2021). This methodological distinction was necessary because the RS
Wongsonegoro cohort contained PE-only records without non-PE controls, prevent-
ing the estimation of external AUROC, specificity, calibration, or false-positive rates.
Online Resource 1, Supplementary Table S7 and Supplementary Note S1 document
complete transportability output registries and analytical constraints.

2.7 Performance Metrics, Calibration, and Interpretability

The primary evaluation metric on the locked RS Adhyatma 2023 temporal validation
cohort was the Area Under the Precision-Recall Curve (AUPRC). AUPRC was priori-
tized over the Area Under the Receiver Operating Characteristic (AUROC) due to the
low prevalence of preeclampsia (class imbalance), making precision-recall analysis sig-
nificantly more informative for evaluating positive-class discrimination without being
distorted by a large negative class (Salmi et al. 2024; Saito and Rehmsmeier 2015; Ma
et al. 2025; Paul et al. 2025; Fardana et al. 2025). Secondary metrics included AUROC
for discrimination and the Brier score as an overall measure of probabilistic accuracy.

Threshold-based operating characteristics were evaluated at cutoffs defined a pri-
ori at 0.50, 0.30, and 0.20. Reported metrics at each threshold included sensitivity,
specificity, positive predictive value (PPV), negative predictive value (NPV), Fl-score,
confusion matrix counts (true positives, true negatives, false positives, false negatives),
and the proportion of records classified at high risk. This multi-threshold analysis
aimed to characterize model behavior under realistic clinical operating conditions,
supporting both sensitivity-oriented screening and precision-oriented high-risk alert
settings. Calibration quality was evaluated descriptively using calibration curves and



Brier scores without applying recalibration to the validation cohort, preserving the
locked evaluation design. The complete threshold output registry is documented in
Supplementary Table S6 of Online Resource 1.

Interpretability analysis was conducted at the feature, domain, and matrix lev-
els to assess whether model behavior aligned with clinical knowledge. Feature-level
attributions were computed using model coefficients and Shapley Additive exPlana-
tions (SHAP), which were aggregated into five medical domains: baseline maternal
characteristics, obstetric history, family history, comorbidity profile, and socioeco-
nomic indicators. For PE-Tab2Conv representations, matrix-level interpretability was
evaluated using occlusion sensitivity analysis, where each matrix cell was systemati-
cally occluded to measure the resulting change in AUPRC. This analysis determined
whether the convolutional network extracted signals from clinically coherent matrix
regions (Salinas et al. 2025; Ponce et al. 2024; Singh and Rajput 2025). Summary per-
formance results are reported in Tables 3—7, while calibration and attribution plots
are presented in Figures 4 and 7.

2.8 Use of Generative AI and AlI-Assisted Technologies

During the preparation of this manuscript, the authors used ChatGPT (OpenAl) to
assist with language editing, readability improvement, and manuscript restructuring.
Following the use of this tool, the authors reviewed and edited the resulting text as
needed and take full responsibility for the final content of the manuscript.

3 Results

3.1 Cohort Composition and Feature Portability

Following data harmonization and record cleaning, the final analytic dataset com-
prised 1,743 maternal records from two public hospitals in Central Java, Indonesia.
The primary RSUD dr. Adhyatma cohort (n = 1,671; 2021-2023) was partitioned
into a model development cohort (2021-2022; n = 1, 140) and a locked temporal vali-
dation cohort (2023; n = 531). Preeclampsia prevalence at RS Adhyatma exhibited a
gradual temporal increase, rising from 4.49% (26/579) in 2021, to 7.31% (41/561) in
2022, and reaching 8.66% (46,/531) in the 2023 validation cohort. The external cohort
from RSUD K.R.M.T. Wongsonegoro 2024 contributed 72 records, all representing
positive preeclampsia cases (100% PE) without non-PE controls.

The definition of core and extended feature spaces established a methodological
basis to separate full-information temporal validation within RS Adhyatma from cross-
site portability evaluation. The core feature space (17 encoded predictors) represented
routine clinical variables consistently documented across both hospitals (maternal age,
parity, birth interval, hypertension history, obesity, diabetes mellitus, and socioeco-
nomic proxy). Conversely, the extended feature space (21 encoded predictors) included
all core variables plus prior preeclampsia history and family history, which were struc-
turally unavailable in RS Wongsonegoro. Detailed cohort composition and temporal
distribution are summarized in Table 1, and the feature availability matrix in Table 2.



3.2 Temporal Validation Performance

Evaluation on the locked RS Adhyatma 2023 temporal validation cohort (n = 531;
46 PE cases) demonstrated a marked performance gap between core and extended
feature spaces (Table 3 and Figure 3). In the core setting, positive-class discrimination
remained limited across all model architectures, with AUPRC values ranging strictly
from 0.192 to 0.265. The highest core AUPRC was achieved by original tabular Logistic
Regression (0.265), followed by hybrid PE-Tab2Conv + SVM (0.256) and original
tabular SVM (0.253). These findings indicate that shared routine predictors alone
were insufficient for highly discriminative temporal risk stratification (Tiruneh et al.
2025).

Conversely, integrating the extended feature space substantially improved tempo-
ral validation performance across both original tabular and PE-Tab2Conv models.
The hybrid PE-Tab2Conv framework paired with Logistic Regression (LR) achieved
the overall highest AUPRC of 0.817 (AUROC 0.922; Brier score 0.047). The

end-to-end PE-Tab2Conv CNN mode yielded near-identical performance with an
AUPRC of 0.816 and AUROC of 0.924, indicating that the convolutional matrix rep-
resentation retained substantial extended-feature signal before downstream classifier
replacement. Hybrid PE-Tab2Conv with RF achieved an AUPRC of 0.814, whereas
hybrid PE-Tab2Conv with SVM attained the highest AUROC (0.929), lowest Brier
score (0.026), highest PPV (0.895), and highest F1-score (0.810). The strongest orig-
inal tabular comparator was extended XGBoost, achieving an AUPRC of 0.800 and
AUROC of 0.912.

Bootstrap resampling analysis (2,000 iterations) on the locked validation cohort
characterized uncertainty around these estimates. Hybrid PE-Tab2Conv + LR yielded
a mean bootstrap AUPRC of 0.820 (95% CI: 0.695-0.917), compared to 0.802 (95%
CI: 0.682-0.898) for original tabular XGBoost. Hybrid PE-Tab2Conv + SVM recorded
a mean bootstrap AUROC of 0.929 (95% CI: 0.867-0.977) and a Brier score of
0.026 (95% CI: 0.016-0.038). Overall, PE-Tab2Conv performance was highest in
the extended setting where prior PE and family history predictors were accessible.
Detailed per-seed run histories, full bootstrap confidence intervals, and training con-
vergence curves are documented in Online Resource 1, Supplementary Tables S3 and
S4 and Supplementary Figure S2.

3.3 Calibration and Threshold-based Operating Characteristics

Threshold-based evaluation at cutoffs defined a priori (0.50, 0.30, and 0.20) revealed
complementary clinical operating profiles among extended feature models (Table 4).
At the default 0.50 threshold, hybrid PE-Tab2Conv + LR identified 39 of 46
preeclampsia cases in the locked temporal validation cohort, yielding a sensitivity
of 0.848, specificity of 0.951, PPV of 0.619, and NPV of 0.985, while classifying 63
patients (11.9%) as high risk. These operating characteristics remained identical at
the 0.30 cutoff, whereas lowering the threshold to 0.20 modestly increased high-risk
classification to 69 patients (13.0%) while reducing PPV to 0.565.

Conversely, hybrid PE-Tab2Conv + SVM exhibited a conservative, precision-
oriented operating profile. At the 0.50 threshold, it identified 34 preeclampsia cases
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Table 3 Temporal validation performance on the locked RS Adhyatma 2023 cohort

Representation Feature Model AUROC AUPRC Brier Sens. Spec. PPV NPV  F1
set
Original tabular Core LR 0.637 0.265 0.181 0.370 0.934 0.347 0.940 0.358
PE-Tab2Conv Core  SVM 0.649  0.256 0.074 0.000 1.000 N.A. 0.913 0.000
embedding
Original tabular Core SVM 0.676 0.253 0.073 0.000 1.000 N.A. 0.913 0.000
PE-Tab2Conv Core LR 0.643 0.251 0.184 0.478 0.808 0.191 0.942 0.273
embedding
PE-Tab2Conv CNN Core CNN 0.640 0.238 0.275 1.000 0.000 0.087 N.A. 0.159
Original tabular Core XGBoost  0.678 0.227 0.180 0.348 0.946 0.381 0.939 0.364
PE-Tab2Conv Core RF 0.663 0.210 0.163 0.283 0.959 0.394 0.934 0.329
embedding
Original tabular Core RF 0.612 0.207 0.181 0.326 0.953 0.395 0.937 0.357
PE-Tab2Conv Core XGBoost  0.639 0.192 0.169 0.413 0.847 0.204 0.938 0.273
embedding
PE-Tab2Conv ExtendedL.R 0.922 0.817 0.047 0.848 0.951 0.619 0.985 0.716
embedding
PE-Tab2Conv CNN ExtendedCNN 0.924 0.816 0.043 0.848 0.951 0.619 0.985 0.716
PE-Tab2Conv ExtendedRF 0.918 0.814 0.036 0.761 0.977 0.761 0.977 0.761
embedding
PE-Tab2Conv ExtendedSVM 0.929 0.806 0.026 0.739 0.992 0.895 0.976 0.810
embedding
Original tabular ExtendedXGBoost  0.912 0.800 0.047 0.804 0.959 0.649 0.981 0.718
PE-Tab2Conv ExtendedXGBoost  0.886 0.768 0.040 0.761 0.975 0.745 0.977 0.753
embedding
Original tabular ExtendedLR 0.907 0.740 0.053 0.804 0.965 0.685 0.981 0.740
Original tabular ExtendedSVM 0.912 0.732 0.038 0.587 0.996 0.931 0.962 0.720
Original tabular ExtendedRF 0.908 0.723 0.045 0.717 0.975 0.733 0.973 0.725

AUROC, area under the receiver operating characteristic curve; AUPRC, area under the precision-recall curve;
Sens., sensitivity; Spec., specificity; PPV, positive predictive value; NPV, negative predictive value. Values
are reported at the predefined threshold of 0.50 for threshold-dependent metrics. N.A. indicates an undefined
value caused by a zero denominator.
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Fig. 3 Receiver operating characteristic and precision-recall curves on the locked RS Adhyatma
2023 temporal validation cohort for representative original tabular and PE-Tab2Conv models

with only 4 false positives, yielding a sensitivity of 0.739, specificity of 0.992, PPV
of 0.895, NPV of 0.976, and F1-score of 0.810, while generating a low high-risk clas-
sification burden (38 patients, 7.2%). Lowering the SVM threshold to 0.30 increased
sensitivity to 0.804 (37 cases identified) while maintaining high specificity (0.988),
PPV of 0.860, and a peak Fl-score of 0.831. Descriptive calibration curves (Figure 4)
and Brier scores showed that PE-Tab2Conv + SVM had the lowest Brier score (0.026),
followed by PE-Tab2Conv + RF (0.036), end-to-end CNN (0.043), and original tab-
ular XGBoost (0.047). The complete threshold output registry is documented in
Supplementary Table S6.

3.4 Layout Ablation Results

Layout ablation experiments were evaluated to determine whether the semantic
clinical spatial feature arrangement provided a statistically meaningful performance
advantage over arbitrary random or data-driven spatial orderings (Table 5 and
Figure 5). In the extended feature setting, the semantic clinical layout achieved an
AUPRC of 0.765 on the locked temporal validation cohort. This value corresponds
specifically to the standardized layout-ablation experiment and is distinct from the
principal PE-Tab2Conv embedding + LR result (AUPRC 0.817) reported in Table 3.

The semantic-layout AUPRC was higher than the mean AUPRC across 100 ran-
dom layouts (0.744), yielding a semantic-minus-random mean difference of 0.021.
However, the semantic layout performance did not exceed the 95" percentile upper
tail of the random distribution (0.810), resulting in an empirical probability of
Pemp = 0.297. Among non-random data-driven alternatives, the correlation-based
layout achieved an AUPRC of 0.680 with a Brier score of 0.052, whereas the
mutual-information and information-gain layouts each achieved an AUPRC of 0.754.

In the portable core feature setting, the semantic clinical layout achieved an
AUPRC of 0.195 (AUROC 0.624; Brier score 0.183). This performance fell below the
mean random layout AUPRC (0.221) and the 95" percentile random cutoff (0.257),
yielding pemp = 0.931. Overall, these ablation findings demonstrate that while the
semantic clinical layout is highly competitive and provides a clinically interpretable
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Table 4 Threshold-based operating characteristics for representative temporal validation models

Model Feature = Threshold Sens. Spec. PPV NPV  F1 TP/TN/ High-risk, n
set FP/FN (%)

PE-Tab2Conv Extended 0.50  0.848 0.951 0.619 0.985 0.716 39/461/24/7 63 (11.9)

embedding + LR

PE-Tab2Conv Extended 0.30  0.848 0.951 0.619 0.985 0.716 39/461/24/7 63 (11.9)

embedding + LR

PE-Tab2Conv Extended 0.20  0.848 0.938 0.565 0.985 0.678 39/455/30/7 69 (13.0)

embedding + LR

PE-Tab2Conv Extended 0.50  0.739 0.992 0.895 0.976 0.810 34/481/4/12 8 (7.2)

embedding + SVM

PE-Tab2Conv Extended 0.30  0.804 0.988 0.860 0.982 0.831 37/479/6/9 43 (8.1

embedding + SVM

PE-Tab2Conv Extended 0.20  0.826 0.963 0.679 0.983 0.745 38/467/18/8 56 (10.5)

embedding + SVM

PE-Tab2Conv Extended 0.50  0.761 0.977 0.761 0.977 0.761 35/474/11/11 46 (8.7)

embedding + RF

PE-Tab2Conv Extended 0.30  0.783 0.967 0.692 0.979 0.735 36/469/16/10 52 (9.8

embedding + RF

PE-Tab2Conv Extended 0.20  0.848 0.948 0.609 0.985 0.709 39/460/25/7 64 (12.1)

embedding + RF

Original tabular + Extended 0.50  0.804 0.959 0.649 0.981 0.718 37/465/20/9 57 (10.7)

XGBoost

Ogginal tabular + Extended 0.30  0.804 0.944 0.578 0.981 0.673 37/458/27/9 64 (12.1)

XGBoost

Ogginal tabular Extended 0.20  0.870 0.860 0.370 0.986 0.519 40/417/68/6 108 (20.3)

XGBoost

PE-Tab2Conv Core 0.50  0.478 0.808 0.191 0.942 0.273 22/392/93/24 115 (21.7)

embedding + LR

PE-Tab2Conv Core 0.30  0.978 0.074 0.091 0.973 0.167 45/36/449/1 494 (93.0)

embedding + LR

PE-Tab2Conv Core 0.20 1.000 0.004 0.087 1.000 0.160 46/2/483/0 529 (99.6)

embedding + LR

Thresholds were prespecified at 0.50, 0.30, and 0.20. TP/TN/FP/FN denotes true positives, true negatives, false
positives, and false negatives. The core PE-Tab2Conv logistic regression model is shown as a portability-oriented
comparator; its low-threshold operating characteristics demonstrate the effect of limited predictor information on
high-risk classification burden.
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Fig. 4 Calibration plot on the locked RS Adhyatma 2023 temporal validation cohort for represen-
tative extended-feature models

matrix geometry in the extended setting, the semantic ordering itself is not statis-
tically superior to random spatial placements. The primary performance gains of
PE-Tab2Conv are driven by the synergy between richer clinical predictor availability
and convolutional embedding extraction. Complete random parameter distributions
are documented in Supplementary Table S5 and Supplementary Note S2 of Online
Resource 1.

3.5 Cross-site Positive-Case Transportability

Cross-site evaluation was specifically conducted using the portable core feature space
to assess whether the locked core model trained at RS Adhyatma preserved elevated
risk signals in external positive preeclampsia

cases (RS Wongsonegoro 2024; n = 72 PE-only) (Table 6 and Figure 6). For
the core hybrid PE-Tab2Conv + logistic regression (LR) model, mean predicted risk
increased from 0.408 (median 0.376; IQR 0.3522-0.3949) in the internal RS Adhyatma
non-PE cohort to 0.572 (median 0.503; IQR 0.3522-0.8516) in RS Adhyatma PE and
0.675 (median 0.796; IQR 0.4437-0.8666) in the external RS Wongsonegoro PE cohort.
For the core hybrid PE-Tab2Conv + RF model, mean predicted risk was 0.378 in RS
Adhyatma non-PE, 0.540 in RS Adhyatma PE, and 0.546 in RS Wongsonegoro PE.

High-risk classification burden across predefined thresholds further supported
positive-case signal transportability. At the default 0.50 threshold, the core PE-
Tab2Conv + LR model classified 72.2% of RS Wongsonegoro cases as high risk,
compared with 51.3% in RS Adhyatma PE cases and only 19.1% in RS Adhyatma

14



Figure 7. Layout ablation performance — Core feature set Figure 7. Layout ablation performance — Extended feature set
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Table 5 Layout ablation analysis for PE-Tab2Conv embeddings with logistic regression

Ran. Ran. Sem.—
Feature set ~ Layout lavouts AUR AUP Brier mean p95 ran. Pemp
strategy 4 AUP AUP mean

n

Core Semantic 1 0.624 0.195 0.183 0.221 0.257 -0.026 0.931
clinical
layout

Core Correlation- 1 0.646 0.209 0.184 0.221 0.257 -0.026 0.931
based
layout

Core Mutual- 1 0.612 0.219 0.201 0.221 0.257 -0.026 0.931
information
layout

Core Information- 1 0.614 0.185 0.192 0.221 0.257 -0.026 0.931
gain
layout

Core Random 100 0.656 0.221 0.207 0.221 0.257 -0.026 0.931
layout

Extended Semantic 1 0.910 0.765 0.131 0.744 0.810 0.021 0.297
clinical
layout

Extended Correlation- 1 0.912 0.680 0.052 0.744 0.810 0.021 0.297
based
layout

Extended Mutual- 1 0.920 0.754 0.048 0.744 0.810 0.021 0.297
information
layout

Extended Information- 1 0.919 0.754 0.065 0.744 0.810 0.021 0.297
gain
layout

Extended Random 100 0.909 0.744 0.066 0.744 0.810 0.021 0.297
layout

AUR denotes AUROC, area under the receiver operating characteristic curve; AUP denotes AUPRC, area
under the precision-recall curve; Brier denotes the Brier score; Ran. denotes random layout; Sem. denotes
semantic clinical layout; p95 denotes the 95th percentile; Sem.—ran. mean denotes the difference between
the semantic-layout AUPRC and the mean AUPRC of random layouts. For non-random layouts, values
correspond to the single evaluated layout. For random layout, values summarize 100 random arrangements.
Pemp is the empirical probability that a random layout achieved an AUPRC greater than or equal to the
semantic layout.

non-PE controls. Lowering the threshold to 0.30 and 0.20 increased high-risk classifi-
cation in RS Wongsonegoro to 94.4% and 100.0%, respectively. Due to the absence of
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non-PE controls at RS Wongsonegoro, this analysis is strictly interpreted as positive-
case transportability (the ability to preserve risk elevation in external positive cases)
rather than a full external validation.

3.6 Interpretability and Domain-level Attribution

Multi-level attribution analysis (feature, domain, and matrix levels) was performed
to evaluate whether representation behavior learned by PE-Tab2Conv models aligned
with clinical logic (Table 7 and Figure 7). In the portable core feature setting, SHAP
attribution and matrix occlusion analyses demonstrated that the comorbidity profile
(hypertension history, obesity, and diabetes mellitus) dominated predictive contribu-
tions, yielding a mean |SHAP| = 0.485 (37.2% attribution share) and a performance
drop of AAUPRC = 0.188 when row 4 matrix cells were occluded. Conversely, in the
extended feature setting, a marked attribution shift occurred toward the extended
obstetric and family history domain (row 3 of the PE-Tab2Conv matrix). The prior

Table 6 Cross-site PE-only positive-case transportability for portable core PE-Tab2Conv
embedding models

Median

Model Cohort group n Mean risk IQR High-risk, n (%)
risk
0.50 0.30 0.20

LR RS Adhyatma 1558  0.408 0.376 0.3522 297 (19.1) 1458 (93.6) 1556 (99.9)
Non-PE 0.3949

LR RS Adhyatma 113 0.572 0.503 0.3522— 58 (51.3) 110 (97.3) 113 (100.0)
PE 0.8516

LR RS 72 0.675 0.796 0.4437— 52 (72.2) 68 (94.4) 72 (100.0)
‘Wongsonegoro 0.8666
PE

RF RS Adhyatma 1558  0.378 0.338 0.3250— 80 (5.1) 1508 (96.8) 1552 (99.6)
Non-PE 0.3748

RF RS Adhyatma 113 0.540 0.486 0.3381— 43 (38.1) 111 (98.2) 112 (99.1)
PE 0.7595

RF RS 72 0.546 0.560 0.3747— 42 (58.3) 72 (100.0) 72 (100.0)
‘Wongsonegoro 0.6255
PE

XGBoost RS Adhyatma 1558  0.379 0.343 0.3348— 248 (15.9) 1473 (94.5) 1487 (95.4)
Non-PE 0.3632

XGBoost RS Adhyatma 113 0.565 0.519  0.3433- 58 (51.3) 109 (96.5) 110 (97.3)
PE 0.8772

XGBoost RS 72 0.505 0.408 0.3433— 26 (36.1) 58 (80.6) 69 (95.8)
‘Wongsonegoro 0.7316
PE

SVM RS Adhyatma 1558  0.050 0.038 0.0382— 0 (0.0) 1 (0.1) 82 (5.3)
Non-PE 0.0393

SVM RS Adhyatma 113 0.106 0.047 0.0382— 0 (0.0) 1 (0.9) 42 (37.2)
PE 0.2076

SVM RS 72 0.138 0.149 0.0468— 0 (0.0) 2 (2.8) 27 (37.5)
‘Wongsonegoro 0.2110
PE

PE, preeclampsia; IQR, interquartile range; LR, logistic regression; RF, random forest; SVM, support
vector machine. High-risk columns report the number and percentage of cases classified as high risk at
thresholds of 0.50, 0.30, and 0.20. Only core portable models were applied to RS Wongsonegoro because
extended predictors were unavailable at that site. The analysis evaluates positive-case transportability
only and does not constitute balanced external validation.
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preeclampsia history cell (Prior PE: yes) recorded the single highest individual cell
occlusion impact (AAUPRC = 0.210).

Domain-level attribution aggregation indicated that the performance difference
between the extended and core models (AUPRC 0.817 vs 0.251) coincided with greater
reliance on historical predictors. Cumulative occlusion of the extended obstetric his-
tory domain (Online Resource 1, Supplementary Figure S4B) induced the largest
total performance drop (AAUPRC = 0.249), whereas occluding the baseline mater-
nal domain (age and SES) exerted minimal influence (AAUPRC = 0.040). The most
influential observed regions were consistent with established clinical preeclampsia risk
factors, although this analysis cannot exclude unmeasured or residual spurious asso-
ciations. Visual checks of sample matrices and complete matrix occlusion heatmaps
are provided in Online Resource 1, Supplementary Figures S1 and S4.

4 Discussion

4.1 Principal Findings and Methodological Contribution

This study evaluates PE-Tab2Conv, a 4 x 6 hybrid matrix-based representation-
learning framework for imbalanced maternal electronic health record (EHR) data.
Evaluation on the locked RS Adhyatma 2023 temporal validation cohort (n = 531)
confirmed that coupling a convolutional embedding extractor with a downstream
LR classifier achieved peak positive-class discrimination performance, yielding an
AUPRC of 0.817 (AUROC 0.922; Brier score 0.047). This performance was numer-
ically higher than the strongest traditional tabular machine-learning comparator by
AUPRC, extended XGBoost (AUPRC 0.800; AUROC 0.912), although the bootstrap
intervals overlapped. The result suggests that compact 2D convolutional representa-
tions can retain useful cross-feature information, but it does not establish superiority
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Fig. 7 Domain-level interpretability and matrix-level attribution for original tabular and PE-
Tab2Conv models

Table 7 Interpretability and domain-level attribution summary

Source Feature set Attribution method Top domain Score Detail
Original tabular Core Mean absolute Comorbidity 0.485 Note 1
model SHAP profile

PE-Tab2Conv Core Cell occlusion Comorbidity 0.188 Note 2
matrix occlusion AAUPRC

PE-Tab2Conv Extended  Cell occlusion Obstetric history  0.249 Note 3
matrix occlusion AAUPRC

DM, diabetes mellitus; HT, hypertension; PE, preeclampsia; SHAP, SHapley Additive exPlanations;
AUPRC, area under the precision—recall curve. Domain attribution was used to assess clinical plausibility
rather than causality. Matrix cells are denoted by row (R) and column (C) in the PE-Tab2Conv matrix.
Note 1: Top variables corresponded to hypertension history, obesity, and diabetes mellitus indicators.
Note 2: Top core matrix cells corresponded to hypertension, obesity, and diabetes mellitus positions in
the comorbidity row.

Note 3: Top extended matrix cells corresponded to prior PE history, parity, and birth-interval positions
in the obstetric-history region.

over all tabular algorithms (Zhu et al. 2021; Serra Neto et al. 2022; Briner et al. 2023;
Damri et al. 2024).

Another important finding was the pronounced performance gap observed between
the portable core (17 predictors) and extended full-information (21 predictors) fea-
ture spaces. In the core setting, positive-class discrimination remained limited across
all architectures (AUPRC ranging from 0.192 to 0.265), whereas adding four encoded
indicators representing two historical predictors—prior preeclampsia and family his-
tory of hypertension /preeclampsia—was associated with a more than threefold higher
AUPRC (0.817 vs 0.251; absolute AAUPRC = 0.566) (Al-Rubaie et al. 2016, 2020;
Kempener et al. 2025). Remarkably, the end-to-end PE-Tab2Conv CNN achieved
an AUPRC of 0.816 and AUROC of 0.924 in the extended setting, nearly identi-
cal to the hybrid PE-Tab2Conv + LR configuration (AUPRC 0.817). This indicates
that the 32-dimensional dense embedding extracted via Global Average Pooling
retained substantial risk information before downstream classification and supports
the representation efficiency of the lightweight CNN architecture in this dataset.
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4.2 Comparative Analysis with Existing Literature

The performance of the PE-Tab2Conv framework provides key insights into both
the tabular-to-image (T2I) representation and obstetric risk prediction systems.
Conceptual T2I methodologies, such as Image Generator

for Tabular Data (IGTD) (Zhu et al. 2021) and SuperTML (Jain et al. 2022;
Serra Neto et al. 2022; Briner et al. 2023; Gomez-Martinez et al. 2026), typically rely on
purely data-driven feature ordering algorithms, such as feature correlation or mutual
information, without incorporating domain-specific clinical structures. This study
extends this paradigm by evaluating a clinically guided semantic spatial arrangement
with an explicitly traceable matrix structure. In the standardized layout ablation, the
extended semantic layout achieved an AUPRC of 0.765. The layout ablation analysis
revealed an empirical probability of pemp = 0.297 (0.021 above the random mean, but
below the 95" percentile random threshold of 0.810). These findings indicate that
the observed performance cannot be attributed to semantic spatial ordering alone;
predictor availability, model fitting, and convolutional representation learning also
contributed.

Within the broader context of EHR-based preeclampsia risk prediction systems,
PE-Tab2Conv showed complementary discrimination and operating profiles. Conven-
tional risk scoring and machine learning models often rely on complex clinical variables
or specialized diagnostic procedures that are inconsistently documented across pri-
mary care facilities (Al-Rubaie et al. 2016; Noél et al. 2021; Mendoza et al. 2022;
Ansbacher-Feldman et al. 2022). By leveraging 21 routine clinical and historical pre-
dictors extracted directly from maternal EHR data, extended PE-Tab2Conv achieved
an AUROC of 0.929 (AUPRC 0.806; Brier score 0.026) under the hybrid SVM mode
and an AUPRC of 0.817 under the LR mode. These results support continued eval-
uation of convolutional matrix representations for routine EHR risk modelling. They
do not by themselves establish effectiveness or implementation readiness in primary
or secondary care.

4.3 Clinical Implications and Operational Deployment

The observed operating profiles illustrate how PE-Tab2Conv might be evaluated
within electronic health record-based clinical decision support systems (CDSSs)
(Layton 2025; Zapata et al. 2025). They also expose trade-offs between sensitiv-
ity, precision, and alert burden. In the locked temporal cohort, the PE-Tab2Conv
+ LR (extended) configuration at the 0.50 threshold offers a high-sensitivity profile
(0.848), successfully identifying 39 out of 46 preeclampsia cases in the locked temporal
validation cohort while classifying 11.9% of the population (n=63) as high risk.

The PE-Tab2Conv + SVM (extended) configuration provided a more precision-
oriented profile at the 0.50 or 0.30 cutoffs. At the 0.50 threshold, this configuration
achieved a PPV of 0.895 and specificity of 0.992, generating only 4 false-positive alerts
out of 38 high-risk designations (7.2% classification burden). Adjusting the cutoff to
0.30 enhanced sensitivity to 0.804 (37 cases identified) while preserving high PPV
(0.860; 6 false positives) and reaching a peak Fl-score of 0.831. Potential portability
is further suggested by the positive-case transportability findings, where the portable
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core logistic-regression model assigned higher scores to external RS Wongsonegoro
cases than to internal non-PE records (median risks 0.796 vs 0.376). Because the
external cohort lacked controls, these operating characteristics support prospective
evaluation of a triage application but do not establish external false-alarm burden or
clinical utility.

4.4 Interpretability and Clinical Plausibility

The clinical plausibility of the representations learned by the PE-Tab2Conv framework
was examined through multi-level attribution analyses (SHAP and matrix occlusion
sensitivity). Influential observed features aligned with established preeclampsia risk
factors, but this analysis cannot rule out spurious or unmeasured associations. In the
portable core feature space, model predictive focus was dominated by the maternal
comorbidity profile (row 4 of the matrix; mean |SHAP| = 0.485; 37.2% attribution
share), where occluding all row 4 cells (Online Resource 1, Supplementary Figure
S4A) induced a performance drop of AAUPRC = 0.188. This aligns with clinical
literature establishing chronic hypertension, obesity, and diabetes mellitus as primary
comorbidity predictors for preeclampsia risk during pregnancy (Al-Rubaie et al. 2016,
2020; Kempener et al. 2025; Riano-Moreno et al. 2025).

Integrating historical predictors within the extended feature space prompted a sub-
stantial attribution shift toward the extended obstetric and family history domain (row
3 of the matrix; 51.8% attribution share; cumulative row drop AAUPRC = 0.249).
At the individual cell level, occluding the prior preeclampsia history (Prior PE: yes)
cell recorded the single highest matrix occlusion impact (AAUPRC = 0.210), along-
side an overall model AUPRC difference from 0.251 to 0.817. This shift in attribution
from general comorbidities to prior preeclampsia indicates that the fitted model pri-
oritized a strong epidemiological risk factor (prior PE increases recurrence risk by 7-8
fold) (Al-Rubaie et al. 2016; Poon et al. 2021; Wainstock and Sheiner 2022). Such
mechanistic clarity is vital for establishing clinical trust and adoption of automated
risk recommendations generated by CDSS.

4.5 Study Limitations and Analytical Constraints

Although PE-Tab2Conv showed promising temporal discrimination and Brier scores,
several methodological constraints must be acknowledged to properly contextualize
the findings. The primary limitation stems from the nature of the cross-site evaluation
at RSUD K.R.M.T Wongsonegoro (n = 72), which comprised exclusively positive
preeclampsia cases without a corresponding non-PE control cohort. This structural
condition precluded the computation of full external specificity, AUROC, AUPRC,
and calibration curves. Consequently, external testing in this study was strictly framed
and interpreted as a positive-case transportability assessment, evaluating the locked
model’s capacity to preserve elevated risk signals in external positive cases, rather than
a fully balanced external validation (Allen et al. 2017; Brunelli et al. 2020; Rezende
et al. 2021; Tiruneh et al. 2024).

Another notable constraint involves the structural unavailability of historical pre-
dictors in secondary site records. The absence of prior preeclampsia and family
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history variables at RS Wongsonegoro restricted cross-hospital testing exclusively to
the portable core feature space (17 predictors). Internal validation showed that these
historical features were associated with the primary AUPRC difference (from 0.251
to 0.817). Additionally, the moderate analytical sample size (n = 1,743) and geo-
graphic restriction to two hospitals in Central Java imply that model generalizability
to broader maternal populations warrants further verification. Inconsistent documen-
tation practices across primary care facilities also represent an operational hurdle for
uniform extended feature collection in routine practice.

4.6 Future Research Directions

Future opportunities to extend the PE-Tab2Conv framework focus on three primary
domains: external dataset expansion, temporal data modelling, and record system
integration. The immediate priority involves evaluating the model on multi-center
balanced datasets comprising broader patient populations. This step is essential to
confirm model generalizability and robustness in the extended feature space beyond
the current study sites (Antwi et al. 2020; De Kat et al. 2019; Tiruneh et al. 2024).
Additionally, adapting the PE-Tab2Conv architecture to process time-series or multi-
visit sequential data could enhance predictive sensitivity by tracking dynamic feature
trend changes over time (Chen et al. 2024; Tiruneh et al. 2025).

Transitioning from offline model evaluation to real-time integration within EHR
system architecture represents another vital focus area. Developing lightweight inter-
face modules connected directly to EHR databases via data interoperability standards
would enable automated risk scoring whenever input features are updated (Layton
2025; Zapata et al. 2025). Future research could also explore fusing the 4 x 6 tabular
matrix with multimodal data streams while maintaining the computational efficiency
of the lightweight convolutional network. Field implementation trials will provide
empirical evidence regarding the computational reliability and user adoption of the
PE-Tab2Conv framework.

5 Conclusion

This study presents PE-Tab2Conv, a 4 x 6 clinically structured representation-learning
framework for imbalanced tabular EHR data. On the locked temporal validation
cohort, coupling the convolutional embedding extractor with a downstream LR clas-
sifier yielded an AUPRC of 0.817 (AUROC 0.922; Brier score 0.047), numerically
higher than extended tabular XGBoost (AUPRC 0.800). Historical predictors in the
extended feature space were associated with a greater than threefold AUPRC relative
to the core PE-Tab2Conv + LR model (AUPRC 0.251).

Multi-level attribution analysis (SHAP and matrix occlusion sensitivity) identi-
fied clinically plausible regions, with prior preeclampsia showing the largest single-cell
occlusion effect (AAUPRC = 0.210). PE-Tab2Conv therefore offers a compact and
traceable method for health-informatics risk modelling. Balanced multicentre and
prospective evaluation remains necessary before clinical deployment.
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