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Abstract

Pancreatic ductal adenocarcinoma (PDAC) is a highly lethal cancer with a poor prognosis, thus emphasizing the need for early and
accurate diagnostic tools. In this study, we propose a comparative study approach to understand how machine learning (ML) modeling
using urinary biomarkers combined with demographic data can predict PDAC. The study also utilized a single-cell RNA sequencing
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(scRNA-seq) analysis to assess and understand gene expressions of included biomarkers. With inclusion of available biomarkers and
incorporation of demographic information, we employed different approaches for preprocessing techniques, normalization approaches,
ML techniques, and deep learning (DL) approaches to provide a comprehensive prediction model. The scRNA-seq approach also
highlighted the significance of the urinary biomarkers from the pancreatic single-cell sample. Based on this analysis, the marker was
identified as one of the top three most highly expressed genes in PDAC tissues. The predictive modeling approach was conducted for
both binary and multiclass classification using both ML and DL approaches. The comparative analysis using all included parameter
combinations produced modeling settings, and among these parameters, the DL modeling approach using binary classification
outperformed the other approaches by achieving 91% accuracy. This framework provided insights that highlighted the critical role
of demographic data and potential approaches to include such features in the model without impacting the predictive accuracy. Future
work will focus on examining the framework using different datasets, integrating additional omics data, and exploring advanced DL

architectures to further improve predictive performances.

Keywords: pancreatic ductal adenocarcinoma (PDAC); single-cell RNA sequencing (scRNA-seq); machine learning; deep learning;

biomarker discovery; urinary biomarkers; predictive modeling

Introduction

The poor prognosis and high mortality rate make pancreatic
ductal adenocarcinoma (PDAC) one of the deadliest cancers with
alow 5-year survival rate, and the complexity of the tissue compo-
nents adds an additional layer of difficulty to achieving therapeu-
tic effects with a single therapeutic method [1, 2]. A late diagnosis
of PDAC identifies the tumor when it is in an advanced stage with
an aggressive nature and limited options. Furthermore, the impact
of PDAC in not only limited to the pancreas but is also a highly
metastatic disease to the liver [3]. This highlights the urgent need
for robust diagnostic tools that have the potential to enable detec-
tion of the disease at earlier stages to improve patient outcomes
and prevent metastasis to other tissues. The traditional approach
to diagnosing PDAC is based on imaging and/or invasive biopsy
procedures; on top of the cost, this approach also has limited
accuracy when it comes to detecting the disease in its nascent
stages. Additionally, most existing predictive models using the
same approach focused on a limited number of biomarkers and
ignored demographic features that can help capture the full spec-
trum of disease-specific signals [4, 5]. Even if another proposal
can produce better accuracy because several features included
in the modeling have a high impact on the model accuracy, the
proposed approaches still include a limited number of verified
biomarkers [6, 7].

The involvement of data-oriented machine learning (ML) and
deep learning (DL) approaches has been transformative in the
healthcare sector [8-10]. Applying such technologies can encom-
pass different perspectives and be geared towards specific or gen-
eralized goals. Depending on the available data and the complex-
ity of the problem, multiple approaches can be used to provide
accurate and modern solutions [11-15]. Using historical datasets
and applying different approaches, models can enable pattern
recognition, feature extraction, and predictive modeling. In the
case of PDAC, ML and DL can be useful as they offer the potential
to analyze complex biological data and construct the data into
informative insights that can be used to diagnose and propose per-
sonalized treatment plans [16]. Recent advancements in single-
cell analyses have opened several new avenues for exploring the
molecular and cellular underpinnings of complex diseases for
better understanding and insights [17, 18]. Using a single-cell
approach within heterogeneous tissues, researchers can identify
rare cell types, trace lineage trajectories, and uncover gene expres-
sion patterns that are masked in bulk analyses [19, 20]. Single-
cell RNA sequencing (scRNA-seq) is one of the most popular
and widely utilized approaches to single-cell analysis. sCRNA-
seq provides a mechanism for profiling gene expressions at the
single-cell level [21-23]. This technology is used to unveil the
genetic markup and capture the transcriptome of individual cells,

whereby researchers can identify cell types and states, and family
trees of heterogeneous tissues [24, 25].

This study was motivated to provide predictions for PDAC
from new perspectives which unlock insights from demographic
features on top of urine biomarkers and insights from scRNA-seq
analyses to evaluate expression values of the provided biomarkers
to understand their effectiveness. Using several different hyper-
parameter options for both binary and multiclass classification
for ML and DL approaches, the study provides a deeper under-
standing of biomarker significance and predictive capabilities of
each combination [26-28]. Our key contributions to the current
domain knowledge are in: (i) developing a comprehensive pre-
diction model that incorporates all available urinary biomarkers
and demographic features, (ii) demonstrating the significance of
the included biomarkers using scRNA-seq analyses to support the
findings of this study, and (iii) conducting a comparative study
of classical ML and DL approaches under various preprocessing
strategies, including missing value imputation and data normal-
ization. By providing these contributions in this study, we aimed to
contribute to the advancement of PDAC research, offering a more
inclusive and interpretable approach to disease predictions and
biomarker evaluation. Rather than proposing a novel classifier,
this work’s contribution is methodological and translational to
provide a comprehensive comparative analysis of preprocessing
and modeling choices on urinary biomarker datasets by integrat-
ing demographic features in modeling, and biological post hoc
validation with scRNA-seq to support biomarker selection and
interpretation. Figure 1 illustrates PDAC and its subtypes.

Materials and methods

In this section, we introduce and explore the materials and meth-
ods that were used in the study. Starting with a high-level dis-
cussion of the overall study design, the section describes the
research pipeline used in both predictive modeling experiments
and the scRNA-seq analytical approaches. The section also gives
a detailed explanation of the datasets utilized for both pipelines
and how different preprocessing steps were performed on those
datasets to carry out the experiment. Furthermore, the included
technologies and approaches used in both pipelines are described,
along with the evaluation metrics employed.

Overview of our study design

This study integrated ML approaches for predicting PDAC from
urine biomarkers and demographic information. The framework
also includes an assessment of the selected biomarkers using
an scRNA-seq analysis to understand how the biomarkers are
expressed in pancreatic cancer tissues, and this evaluation
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Figure 1. Illustration of pancreatic cancer and its subtypes, providing a visual overview of the disease context relevant to this study (Created in BioRender.

Kumar, S. (2025) https://BioRender.com/9bolzl4).

approach on the biomarker’s significance and gene expression
patterns is used to support the included biomarkers in the ML
prediction model. The study framework involves two distinct
pipelines: one for an scRNA-seq analysis of biomarker signifi-
cance assessments and the other for ML workflows aimed at
predictive modeling using urinary biomarkers and demographic
variables. The combination of these pipelines provides valuable
insight into PDAC predictions and biomarker evaluation. An
overview of the study is illustrated in Fig. 2. The scRNA-seq
analysis was conducted in hierarchical-based steps in which
each of the outputs from one step was used as the input for the
next step of the pipeline. Initial preprocessing was performed by
loading only reads with more than three cells, and >200 features
were loaded to the Seurat object. Further quality control was
performed to filter out low-quality cells and genes with high
mitochondrial contents by taking only those that had fewer
than 10,000 features and fewer than 60,000 counts, and range
between 1.3 and 0.1 were selected for further study as we previous
described [29-31]. Further processing such as normalization,
dimensionality reduction using a principal component analysis
(PCA), and data scaling, was conducted to ensure that the data
used downstream met the quality standard. Dimensionality
reduction was conducted using a linear transformation technique
that identifies the orthogonal directions of maximum variance in
the feature space [32-34]. The ML pipeline involves consecutive
steps to process training and evaluate all of the prediction models
to compare which approach is suitable. Determining the impact

of carefully prepared data for such a comparative analysis is
critical to understand the performance of each approach with no
bias. Based on this aspect, an exploratory data analysis (EDA) was
performed on urinary biomarkers and demographic information
to assess the quality of the dataset and check how informative
they were from a statistical perspective. Different preprocessing
approaches, including imputation of missing values, feature
engineering, and normalization, were included in the pipeline.
Model performance was evaluated using a comprehensive set
of metrics to understand how the model behaved with different
parameters and prediction approaches.

Biological background of biomarkers used in
pancreatic ductal adenocarcinoma prediction

The predictive modeling framework in this study focused on a
curated set of biomarkers: LYVEI (lymphatic vessel endothelial
hyaluronan receptor 1), REG1A (regenerating islet-derived protein
1 alpha), REG1B, TFF1 (trefoil factor 1), and CA 19-9, each of
which possesses established or emerging significance in PDAC
biology. LYVE1 encodes a surface receptor involved in hyaluronan
transport and lymphangiogenesis. Although primarily expressed
by lymphatic endothelial cells, its aberrant expression was
implicated in tumor lymphatic invasion and metastasis, suggest-
ing a potential role in the tumor microenvironment (TME) of PDAC.
REG1A and its paralog REG1B are members of the regenerating
(REG) gene family, typically associated with pancreatic tissue
regeneration. Both proteins are secretory in nature and are
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Figure 2. Overview of the study design, integrating ML workflows using urinary and demographic data with scRNA-seq-based biomarker validation for
PDAC predictions (Created in BioRender. Kumar, S. (2025) https://BioRender.com/4okvmcy).

upregulated in inflammatory and neoplastic pancreatic condi-
tions, with REG1A often highlighted for its diagnostic sensitivity
in distinguishing PDAC from benign lesions. TFF1 encodes a
secreted peptide that contributes to epithelial restitution and
mucosal protection. While it is more commonly associated with
gastric and breast cancers, its aberrant upregulation in pancreatic
neoplasms may contribute to epithelial remodeling and tumor
progression. In contrast to these gene-based biomarkers, CA 19-
9 is a tumor-associated carbohydrate antigen (sialyl-Lewis"A),
not encoded by a single gene but synthesized via a series of
glycosyltransferases, including fucosyltransferases (FUT3 and
FUT6) and sialyltransferases (ST3GAL6). It is the most widely
used clinical serum marker for PDAC and was included in this
study as a quantitative plasma-derived variable. Together, these
markers represent a hybrid panel of gene-encoded and glycan-
based features, capturing both molecular and clinical dimensions
of PDAC detection.

Description of datasets

Two different datasets were utilized in this study: a tabular-based
dataset was utilized for the ML-based prediction model, and gene
expression data were used to analyze biomarker significance

using the scRNA-seq analysis. The dataset which was used for the
prediction model was originally published in a study by Radon
et al. [35]. The dataset includes biomarkers data such as LYVEIL,
REG1B, TFF1, REG1A, and plasma CA19-9, and demographic vari-
ables like age, gender, and patient cohort. Summaries of clini-
cal characteristics and biomarker measurements for all patient
samples are presented in Supplementary Table S1. The scRNA-
seq dataset was sourced from the GEO website. It can be found
under accession no. GSE274665 and was originally published in
previous study [36]. Gene expression data consisted of data from
four different donors.

Machine learning approaches

This study utilized a variety of classical ML models and
DL approaches to predict PDAC from urine biomarkers and
demographic data. The ML modeling techniques were classified
into three categories based on their sensitivity to how data were
distributed and based on missing values in the datasets. There
were three categories in which all categories contained three
ML techniques based on the categorization logic. Summaries
of the included ML approach and their sensitivities to dataset
distribution and missing values are given in Supplementary
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Table S2. Binary classification was used to distinguish PDAC
versus non-PDAC cases, providing a straightforward assess-
ment of disease presence for potential screening or diagnostic
applications. Multiclass classification differentiated among
three clinically relevant groups, allowing the model to capture
additional heterogeneity in patient presentations and evaluate
biomarker performances across multiple disease states. Classes
were defined based on clinical diagnoses and sample annotations
from the original datasets, ensuring consistency with prior studies
and enabling meaningful comparisons.

Models less affected by data distribution and missing
values

The first category of ML techniques is widely known for their
robustness to variations in data distributions, and they can toler-
ate missing values more easily than other ML approaches without
significantly impacting the model performance. The included
ML approaches under three categories were K-nearest neighbor
(KNN) [37], decision tree (DT) [38], and naive Bayes (NB) [39].
While KNN predictions are based on most of the classes among
the k-nearest neighbors at each data point, DTs follow a rule-
based system that uses a tree structure to partition the data into
expected classes. NB assigns a probability to each expected class
work based on Bayes’ theorem.

Models highly affected by data distribution and missing
values

The second category of ML techniques requires careful prepro-
cessing of the data as they are sensitive and highly exposed to
biases based on how the data are distributed, and they perform
poorly when the data contain missing values. The included ML
techniques under this category were multilayer perceptron (MLP)
[40], support vector machine (SVM) [41], and Logistic Regression
(LR) [42]. The MLP contains a fully connected DL architecture with
different ways to improve generalization and prevent overfitting.
SVM is a margin-based classifier that highly depends on data
scaling and requires an accurate imputation approach for missing
values to perform well. LR is a regression-based classifier that
assumes linear relationships between features, which means that
itis much more sensitive to datasets that have missing values and
when data are not normalized [43-46].

Ensemble methods for both data distribution and missing
values

The third category contains ML techniques that are based on
ensemble learning methods [47]. Ensemble methods follow an
approach to take full advantage of multiple learning methods
and combine them to utilize the strengths of each individual
method. Ensemble methods are moderately affected by the data
distribution and missing values in the dataset. The three ML
techniques that were included in this third category were extreme
gradient boosting (XGBoost) [48], light gradient boosting machine
(LightGBM), and CatBoost. While all three methods follow an
optimized gradient-boosting approach, there are a few things
that differentiate each from the others [49, 50]. XGBoost uses tree-
based learning with regularization to reduce overfitting, Light GBM
directly supports categorical features and is suitable for larger
datasets, and CatBoost improves the model performance through
efficient encoding techniques. Using all nine ML approaches
that were categorized under three categories based on how they
performed on different data distributions and missing values, the
study trained models on each nine models and used a dataset that

was processed using different strategies. The classification inten-
tion was for both binary and multiclass classification. Binary clas-
sification focuses on predicting PDAC and non-PDAC cases, while
multiclass classification aims to distinguish the three classes.
Each classifier f : R? — {0,1} was trained on a feature
matrix X : ¢ R™4 with labels ye{0,1". The models were trained
using cross-validation and multiple preprocessing conditions. The
feature matrix included both continuous biomarker levels and
categorical demographic encodings. To formalize model compar-
isons, each classifier f, was optimized over the empirical risk:

- I
¢ =min— > Ly o) (1)

i=1
where £ denotes the selected loss function.

Deep learning model architectures

Besides the classical ML modeling techniques, this study also
included basic DL modeling for each type of classification. Both
architectures have the same input layer that accepts eight fea-
tures, but while the output layer used for the multiclassification
has three neurons with a SoftMax activation function, the binary
classification architecture output layer consists of a single neuron
with a Sigmoid activation function. Both architectures as illus-
trated and used for DL approaches are presented in Fig. 3.

For both the binary and multiclass classification tasks, we
implemented two-layer MLPs to predict PDAC from urinary
biomarkers and demographic data. The input layer accepted
eight features, representing biomarker measurements and
demographic variables. The first hidden layer contained 128
neurons with ReLU activation, followed by batch normalization
and dropout (0.5) to improve model generalization. The second
hidden layer contained 64 neurons with ReLU activation, followed
by dropout (0.5). The output layer differed by task: the binary
classification model used a single neuron with Sigmoid activation
to predict PDAC versus non-PDAC, while the multiclass model
used three neurons with SoftMax activation to classify patients
into three clinically relevant groups. Models were trained on
1000 epochs with a batch size of 32. The RMSprop optimizer
(with a learning rate of 0.001) was used for the binary model,
and the Adaptive Moment Estimation (Adam) optimizer (with a
learning rate of 0.001) for the multiclass model. Loss functions
were binary cross-entropy and sparse categorical cross-entropy,
respectively. Input features were standardized prior to training
to ensure numerical stability. Total trainable parameters were
9729 for the binary model and 9859 for the multiclass model,
with 256 nontrainable parameters in both. This architecture
balanced predictive performance and interpretability while
enabling reproducible training for both classification tasks.

DL models were structured as MLPs. For input X e R8, the
forward pass through a two-layer MLP was defined as:

h=0 (Wix+ bl) (2)

y=0 (Wlh“) + bz) (3)

where o is ReLU activation, & is Sigmoid (for binary) or Softmax
(for multiclass) output activation, and x is the input vector from
urine biomarkers and demographics. Loss function cross-entropy
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Figure 3. Deep learning model architectures used for multiclass and binary classification tasks, employing SoftMax and sigmoid activations, respectively.

for binary classification and categorical cross-entropy for multi-
class classification were used.

n

1 R N
Loinary = —— > [yilogyi + (1 —yi) log (1 - §5)] 4)
i1
1 n K . .
Lmuli = — a ; kZZ;Yiklog Vik (5)

Preprocessing strategies

The effectiveness of preprocessing ensures that the data are clean
and well structured and confirms the suitability of the data for
the ML model. As one of the key aspects of this study was to
conduct comparative approaches to find better approaches on
each classification type using different parameters and address

challenges associated with the dataset, the following key strate-
gies were followed.

Data cleaning

Missing values in key biomarkers such as REG1A and plasma CA19-
9 were handled using four different imputation techniques, and
then a comparative study was used to identify the ideal approach.
Let X = [x;] represent the dataset, where x; denotes the jth
feature of the ith sample. Missing values (x; = NaN) were handled
using the following approaches:

The first approach is using KNN imputation. This method
replaces missing values based on the mean value of the k-nearest
neighbors, identified using a distance metric:

1
Xj=2 2, X (6)

1€ N (l)
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Figure 4. Exploratory data analysis results showing class distribution, demographic patterns, feature correlations, and missing value visualization.

The second approach used multivariate imputation by chained
equation (MICE). This approach works by inputting the missing
value iteratively by modeling each feature with missing values
as a function of the other features. This method accounts for
multivariate relationships in the data and reduces bias introduced
by simpler imputation methods.

The third approach that was used for handling missing values
replaced the missing value with the mean of the features across
all samples:

1 n
)A(ij = H zxij (7)
i=1

The last and fourth way that was used for benchmarking purposes
was by just filling in missing value with 0 to see what happens to
the model if no imputation is used.

Feature scaling and normalization

To assess the impact of normalization on the prediction mod-
els, the models were trained with and without data normaliza-
tion. To normalize the data, this study used a log-transformation
approach to stabilize variance and normalize skewed features.
Log-transformation is represented as:

& = log (x; + 1) ®

Feature engineering

Categorical variables are mapped to numerical variables as ML
models were performed based on numerical values and the target
diagnosis feature was also encoded to perform binary classifica-
tion since the disease feature in the datasets has three classes.
In the feature-engineered dataset, male values in sex features
were represented by 1, and females were represented by 2. In the
disease features, while the health class and benign class were
encoded as 0 to show the absence of cancer, the rows that had
PDAC were encoded as 1 to show the presence of cancer.

Train-test splits and cross-validation

To understand how the ML and DL techniques performed with
different proportions, we split the dataset into training and test
sets. For this comparative analysis, the dataset was partitioned
into training and testing sets using three strategies 70/30, 75/25,
and 80/20 to evaluate the stability of the models. To ensure
the robust evaluation of each modeling approach and prevent
overfitting, cross-validation was employed.

Single-cell analysis

To embed the single-cell data into a lower-dimensional space for
visualization, Uniform Manifold Approximation and Projection
(UMAP) was applied. UMAP minimizes cross-entropy between the
high- and low-dimensional fuzzy simplicial sets:

ij 1-pj
Lumar = Y pjj log (&) + (1 - py) log (7PJ) ©)
G 1-gqj

i)

where py) and (qy) represent pairwise relationship in high and low
dimensions, respectively.

Evaluation metrics

To evaluate the performances of the ML and DL prediction models,
multiple metrics were employed to ensure the assessment of
the models from different perspectives. Let y represents the true
labels and y the predicted labels for a dataset of size n. The
evaluation metrics we used are defined as follows:

A) Accuracy: The proportion of how many labels are correctly
predicted from the samples:

Accuracy =

Zinzl 1 (yl = )’}l) (10)
n

B) Precision: The fraction of true positives (TPs) among all
predicted positives:
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on model performance.

TP

Precision = ————
recision TP 1 FP

(11)

C) Recall (Sensitivity/True Positive Rate): The division of TPs
among all actual positives:

TP
Recall = TP N (12)
D) F1-Score: The harmonic means of precision and recall:
Fl—Score—2e Precision e Recall (13)

Precision + Recall

A) Confusion Matrix: A matrix representation of the TPs, false
positives (FPs), true negatives (TNs), and false negatives
(FNs):

TP FP

Cz[ FN TN } 14)

In addition to accuracy, we evaluated model performances
using the area under the receiver operating characteristic (ROC)
curve (AUROC), sensitivity, and specificity for both the binary
and multiclass tasks. ROC curves with mean AUROC values
were computed using five-fold cross-validation, and sensitivity/
specificity were reported to align with clinical diagnostic
evaluation standards.

Results

This section presents the findings of this study by dividing them
into different aspects based on the results. The first subsection
presents results related to the EDA. The distribution of the data,
missing values, and other key insights about the data areincluded.
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Then results of the comparative analysis from the preprocess-
ing strategies are presented. The following two sections present
results related to binary classification and multiclass classifica-
tion, respectively, using ML and DL. The last subsection provides
results related to the significance of each biomarker using the
scRNA-seq analysis.

Exploratory data analysis

A detailed analysis of the dataset structure was used to under-
stand the distribution of biomarkers and demographic features in
order to highlight the skewness of some features and which fea-
tures have missing values. Correlation matrices were generated
to examine the relationship of each numerical feature included
in the dataset. Figure 4 summarizes results of the EDA. Further
results of the EDA are provided in Supplementary Fig. S1.

Comparative study on preprocessing strategies

The preprocessing strategies described for the comparative anal-
ysis were implemented to comprehensively evaluate the trained
models, aiming to determine which strategy performed most
effectively and which classification type was most suitable for
accurate cancer prediction. Notably, log normalization performed
well rather than data normalization in almost all approaches
for imputing missing values. The normalization impact was
almost the same for both types of classification. For the included
approaches for imputing missing value-based comparisons, from
the average of all of the trained models, the well-known kNN
and MICE performances were poor, while the simple imputation
approach using 0 and mean values provided better performances.
The three types of training-test split strategies revealed no great
impacts, and a maximum of 2% accuracy variance was observed
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Table 1. Top 10 best and worst performing ML modes the preprocessing strategies

Rank Type Model Accuracy Classification type Imputation Normalize
1 Best CatBoost 0.79661 binary none none
2 Best LightGBM 0.779661 binary none none
3 Best LightGBM 0.771186 binary none log

4 Best XGBoost 0.771186 binary mean none
5 Best LightGBM 0.762712 binary none none
6 Best XGBoost 0.756757 binary mean none
7 Best XGBoost 0.745763 binary none none
8 Best Neural Network (MLP) 0.743243 multiclass none log

9 Best LightGBM 0.743243 multiclass mean none
10 Best Neural Network (MLP) 0.737288 binary none log

1 Worst Neural Network (MLP) 0.418079 multiclass mean none
2 Worst Naive Bayes 0.432203 binary mean log

3 Worst Neural Network (MLP) 0.445946 multiclass knn none
4 Worst Naive Bayes 0.457627 multiclass knn none
5 Worst Neural Network (MLP) 0.466102 binary knn none
6 Worst Naive Bayes 0.466216 binary mean none
7 Worst Linear Regression 0.472973 binary knn none
8 Worst Naive Bayes 0.472973 binary knn none
9 Worst Neural Network (MLP) 0.472973 binary knn none
10 Worst Naive Bayes 0.474576 binary mice log

on the DT, while other ML approaches showed only 1% variance.
Figure 5 summarizes results of the comparative analysis of the
preprocessing strategies. Further model comparison results are
provided in Supplementary Fig. S2.

Classical machine learning results

Binary classification models demonstrated various levels of
performance depending on the imputation strategies and
normalization techniques. Among other ML techniques, CatBoost
achieved the highest accuracy with 79.66% accuracy, while
NB demonstrated the lowest accuracy of 43.22% when mean
imputation was used and log normalization was applied. On the
other hand, for multiclass classification, LightGBM emerged as
the top-performing model for multiclass classification, achieving
an accuracy of 74.32% when imputed data were combined with no
normalization, and MLP achieved the lowest accuracy of 41.81%
when mean imputation and no normalization were applied.
A comparative analysis of each ML technique using different
aspects is presented in Fig. 6. Further results on the best and
worst models are provided in Supplementary Fig. S3. The 10
best-performing ML approaches and preprocessing strategies are
presented in Table 1. The top 10 best and worst performing ML
approaches on each binary and multiclass classification were
determined. Further numerical values for the best and worst
model performances for binary class and multiclass classifi-
cations are respectively provided in Supplementary Tables S3
and S4.

Deep learning results

Compared to classical ML techniques, DL approaches yielded
substantially higher performances in binary classification but
showed limited improvements in multiclass classification. The
DL model achieved 91% accuracy in binary classification, with
dropout layers effectively mitigating overfitting. For multiclass
classification, the model achieved 71% accuracy, where batch
normalization facilitated better convergence. Furthermore,
the ROC curve for binary classification with five-fold cross-
validation showed a mean AUROC of 0.93, while in the multiclass

setting, mean AUROC values of 0.86, 0.76, and 0.93 were,
respectively, achieved for classes 0, 1, and 2. Results of the DL
models for both classification tasks are presented in Fig. 7 and
Supplementary Fig. S4.

As shown in Supplementary Fig. S4, the biomarkers demon-
strated strong predictive potential in the binary classification
model, with minimal variability (+1 SD) across k-folds. This
reflects both high predictive power and robustness, independent
of specific data partitions. In the multiclass model, urinary
biomarkers maintained consistently high importance across
PDAC subtypes with low variability, highlighting their value as
generalizable biomarkers. The stability of their contributions
across multiple subtypes further suggests diagnostic utility in
diverse clinical contexts and supports the hypothesis that REG1A
plays a central role in PDAC pathophysiology rather than being
limited to subtype-specific mechanisms.

Single-cell RNA sequencing insights

Once scRNA data were processed to ensure quality control,
different approaches were followed to find insights to support
the biomarkers we used for the ML-based PDAC prediction model
from urine and demographical data. A differential expression
analysis highlighted REG1A as one of the top three most
expressed genes in PDAC tissues. We used different visualization
approaches, such as heatmap, UMAP, violin, and feature plots, to
examine which biomarkers had higher expression. A summary
of the scRNA-seq results is presented in two categories: Fig. 8
presents the PCA, clustering, cluster annotation, annotation
distribution, and top 10 highly expressed genes, while Fig. 9
presents violin and feature plots showing expressions of urine
biomarkers in PDAC tissues.

Bulk-RNA insights from TCGA

To further evaluate the predictive significance of the selected
biomarkers, bulk RNA-seq data from TCGA were analyzed for both
gene expression patterns and survival outcomes. As shown in
Fig. 10, TFF1 exhibited significantly higher expression in tumor
tissues compared with normal samples. Although REGIA and
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Figure 7. Deep learning-based prediction modeling results for PDAC showing training and validation performance, accuracy trends, ROC-AUROC metrics,
and sensitivity-specificity evaluations for both binary and multiclass classifications.

REG1B did not show significant overexpression in tumor tissues,
they were found to be highly expressed in normal tissues. This
differential expression pattern suggests that their absence in
tumors could serve as a potential predictive indicator. Further-
more, the survival analysis revealed that both REG1A and REG1B
were strongly associated with patient prognoses, underscoring
their relevance in survival prediction and risk stratification.

Discussion

The findings of this study offer valuable perspectives into the inte-
gration of sScRNA-seq data insights to assess significant biomark-
ers utilized for PDAC predictions using ML. This study bridges
the gap between existing research and highlights the significance
of overlooked biomarkers and demographic features. The study
demonstrated how all urinary biomarkers and demographic fea-
tures can be included in ML predictive modeling to add an extra
layer of confidence. Beyond the unique contributions of these fea-
tures, the scRNA-seq analysis also reveals how individual urinary
biomarkers are differentially expressed across distinct cell types
[51-53].

This finding underscores the potential clinical relevance of uri-
nary biomarkers in PDAC detection and their utility as diagnostic
indicators. Our interpretability analysis (Supplementary Fig. S4)
highlighted the included urinary biomarkers as key drivers of
model predictions. Additionally, integrating demographic features
enabled the model to extract insights from multiple perspectives.
Previous studies primarily focused on a limited set of biomarkers,
achieving high accuracies but neglecting the broader biological
context. While this study’s ML models achieved slightly lower
predictive accuracies compared with prior models, the inclusion
of all biomarkers and scRNA-seq data provided deeper insights
into biomarker significance and model interpretability.

The proposed framework offers several advantages over tra-
ditional methods. First, it integrates scRNA-seq data to uncover
the biological relevance of biomarkers that were previously over-
looked. Second, it combines demographic features with molecular
data, enabling a more- personalized approach to PDAC predic-
tion. Third, the use of advanced preprocessing strategies, such
as imputation and normalization, ensured robust model perfor-
mance even with incomplete datasets. These strengths make the
approach adaptable to other complex diseases where multidi-
mensional data integration is required.
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across cell groups and types.

Before clinical implementation, prospective validation in
multicenter cohorts will be necessary to confirm the robustness,
generalizability, and reproducibility. Practical considerations
include standardized sample collection protocols and handling,
and biomarker assay consistency to ensure reliable input data
for the models. Target performance metrics, such as sensitivity
and specificity, should align with clinically actionable thresholds,
ideally exceeding 85% to support screening and early detection.
Regulatory and ethical compliance, including informed consent,
data privacy, and reporting transparency, will be critical for trans-
lation, particularly when integrating molecular and demographic
data for personalized predictions. By providing interpretable
feature importance scores, this approach also facilitates clinical
trust, enabling clinicians to understand which biomarkers drive
predictions and how these align with the underlying biology,
thereby advancing both model interpretability and clinical
relevance beyond prior studies. Additionally, regulatory approval
and ethical considerations, including patient consent, data

privacy, and secure handling of molecular and demographic data,
must be addressed before clinical deployment. While promising,
real-world application may be limited by variabilities in biomarker
expression across populations, assay availability, and the need for
trained personnel to implement the predictive pipeline.

Similar to how cerebrospinal fluid metabolomic profiling
identified vasoactive metabolites predictive of poor outcomes
after brain injury [54], integrating urinary biomarkers in PDAC
can reveal subtle but clinically relevant molecular signals
that enhance predictive modeling [55-57]. Moreover, ML-driven
integration of multi-omics datasets, including genomics, tran-
scriptomics, proteomics, and metabolomics, was shown to
improve personalized predictions and biomarker discovery in
complex diseases, supporting the inclusion of diverse molecular
and demographic features in PDAC modeling [58-60]. Finally,
DL frameworks applied to single-cell multi-omics data can
reconstruct cell-type-specific regulatory networks, highlighting
the potential of scRNA-seq to uncover biologically meaningful
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biomarkers that might be overlooked by standard analyses
[61]. Together, these studies provide a strong rationale for
integrating molecular, single-cell, and demographic data to
achieve more interpretable and biologically informed predictive
models for PDAC.

Despite its strengths, the study has certain limitations. The
predictive accuracy of the models was slightly lower than that of
some existing methods, likely due to the complexity introduced
by including many biomarkers and demographic variables.
Additionally, the computational demands of processing scRNA-
seq data and training DL models were significant, requiring
substantial resources. Another limitation was the reliance on
publicly available datasets, which might not fully represent
the heterogeneity of real-world PDAC cases, which may have
introduced sampling biases and might not fully capture the
heterogeneity of real-world PDAC cases, thereby limiting the
generalizability of the models. Future studies incorporating larger,
prospectively collected, and clinically diverse cohorts will be
critical to improve the external validity. Tree-based gradient
boosting methods often outperform shallow MLPs on small, low-
dimensional tabular datasets because they capture complex
feature interactions without large sample requirements. In our
multiclass experiments, a class imbalance and limited feature
dimensionality likely hampered the MLP. Thus, future work should
consider attention/transformer architectures only when larger or
multimodal datasets are available. Attention mechanisms can
better model feature interactions and variable-length inputs
and may improve performances when higher-dimensional inputs
(full transcriptomes and radiomics) and larger sample sizes are
available [62, 63].

The findings of this study have important implications for
clinical practice. By establishing the significance of urinary

biomarkers, this work provides a foundation for developing
more inclusive and effective diagnostic panels for PDAC. The
integration of demographic features also highlights the need for
personalized prediction models that account for patient-specific
variables. These advancements could lead to earlier and more-
accurate PDAC detection, ultimately improving patient outcomes.
In summary, this study demonstrated the potential of integrating
scRNA-seq data and ML for PDAC predictions. By addressing
key gaps in existing research, it provides a foundation for more
comprehensive and interpretable prediction frameworks that can
be applied to other complex diseases.

Conclusion

This study presents a comparative-based perspective towards pre-
dicting PDAC from urinary biomarkers and demographic features
along with insights on the significance of the biomarkers we used
through an scRNA-seq data analysis. The findings highlighted
that feature importance analyses for ML approaches integrating
such cutting-edge technologies such as scRNA-seq have great
promise in improving model explainability and investigating the
impacts of those biomarker features. Furthermore, the findings
underscore the importance of combining ML with bioinformatics
approaches which can help address key gaps in current research
pipelines, and it will open new avenues for systematic ways for
biomarker discovery and disease detection.

The integration of the scRNA-seq data analysis provided the
significance of each biomarker in the dataset. By utilizing all
available urinary biomarkers and demographic features such as
gender and age of the patient, we conducted several approaches
to determine better preprocessing strategies and which classifica-
tion type was more suitable. The comparative study revealed that
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for binary classifications, a DL approach is suitable and outper-
formed other techniques by achieving 91% accuracy. On the other
hand, for multiclass classification, the higher accuracy achieved
was 87% by XGBoost, and it was observed that ML was more
suitable than the DL approach for multiclass classification. While
slightly lower accuracy was achieved compared with prior studies
that only focused on limited biomarkers and did not include
demographic data, the added interpretability, demographic fac-
tors, and biological insights provided by this approach highlight
its clinical relevance.

Future work based on this study will focus on conducting more-
comprehensive analyses using multiple datasets, expanding the
study preprocessing strategies to confirm the findings, exploring
advanced DL architectures, such as transformers and attention-
based models, to further improve predictive accuracy, and finally
identifying a way to translate these findings into real-world prac-
tical diagnostic tools [64-66]. In conclusion, this study represents a
step forward in PDAC predictions by integrating molecular, demo-
graphic, and computational insights into a unified framework. By
prioritizing interpretability and inclusivity, it lays the foundation
for more robust and clinically relevant prediction models, advanc-
ing the field of precision oncology.

Key Points

e We achieved 91% accuracy in pancreatic ductal ade-
nocarcinoma (PDAC) predictions using a deep learning
model that integrated urinary biomarkers and demo-
graphic data, surpassing all classical machine learning
approaches.

e We identified REG1A as one of the top three most highly
expressed genes in PDAC tissues through a single-cell
RNA sequencing analysis, underscoring its diagnostic
relevance despite its prior neglect.

e We established a biologically interpretable framework
by combining molecular biomarkers, demographic fea-
tures, and advanced computational modeling, paving
the way for early and personalized PDAC detection.
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