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Abstract—Stem cell differentiation into insulin-producing pancreatic
beta cells represents a transformative avenue for type 1 diabetes therapy.
Existing computational approaches predominantly rely on convolutional
neural networks (CNNs) applied to microscopic cell images; while
achieving high classification accuracy, such methods suffer from limited
interpretability and dependence on expensive imaging infrastructure.
This paper presents BetaXplain, an explainable machine learning
framework that predicts differentiation success from quantitative gene
expression measurements rather than visual features. The system models
differentiation outcome as a binary classification problem over a feature
vector of five biologically validated transcription factor biomarkers —
PDX1, NKX6.1, NGN3, INS, and MAFA — derived from the public
GSE83139 gene expression dataset. We evaluate three classifiers —
Random Forest, Support Vector Machine, and XGBoost — with
XGBoost achieving the highest accuracy of 92.4%, precision of 91.8%,
and recall of 93.1%. Prediction outputs are augmented with gene
importance rankings and radar-chart visualizations that provide
biologically interpretable explanations of each decision. Comparative
analysis against CNN-based baselines demonstrates that BetaXplain
matches predictive performance while substantially improving
transparency, reducing infrastructure requirements, and enabling direct
biological insight. The framework constitutes a step toward clinically
actionable, interpretable Al in regenerative medicine.

Index Terms—stem cell differentiation, gene expression, explainable Al, XGBoost, pancreatic beta cells,
bioinformatics, transcription factor biomarkers
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I. INTRODUCTION

Type 1 diabetes mellitus (TIDM) is an autoimmune
disorder characterized by the progressive destruction of
insulin-secreting pancreatic beta cells, affecting
approximately 537 million individuals globally [1].
Regenerative medicine approaches seek to replenish the
beta cell population by directing pluripotent stem cells
(PSCs) through a multi-stage differentiation protocol
that recapitulates embryonic pancreatic development
[2]. The reliable, high-throughput assessment of
differentiation success at each developmental stage is
critical both for research optimization and eventual
clinical translation.

Current computational methods for classifying
differentiation quality overwhelmingly adopt a
computer vision paradigm, applying deep convolutional
neural networks (CNNs) — including architectures
such as EfficientNet-V2 and ResNet-50 — to high-
content microscopy images of differentiating cell
cultures [3]. Although these models attain high
classification accuracy, three fundamental limitations
constrain their broader applicability. First, they operate
as black-box systems: the relationship between pixel-
level features and biological outcome is opaque,
providing no mechanistic insight that researchers can
act upon. Second, high-content imaging platforms are
expensive and not universally available, creating access
barriers in resource-limited settings. Third, image-
based features conflate morphological variability that is
orthogonal to the molecular determinants of functional
beta cell identity.

Gene expression profiling provides a direct, quantitative
readout of the molecular state of differentiating cells.
The transcriptional activity of a small panel of master
regulatory genes — PDXI1 (Pancreatic and Duodenal
Homeobox 1), NKX6.1, NGN3 (Neurogenin-3), INS
(Insulin), and MAFA (v-Maf Musculoaponeurotic
Fibrosarcoma Oncogene Family, Protein A) — has been
established as sufficient to characterize progression
through the six canonical stages of beta cell lineage
commitment [4]. This molecular specificity motivates a
gene expression-based prediction paradigm.

This paper contributes the following:

* BetaXplain: an end-to-end, explainable ML
pipeline for beta cell differentiation prediction from
a compact 5-gene expression panel.

* A rigorous comparative evaluation of Random
Forest, SVM, and XGBoost classifiers on the
GSE83139 dataset, with XGBoost demonstrating
superior performance.

* An explainability module that generates per-sample
gene importance rankings and radar-chart
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visualizations, direct

interpretation.

enabling biological

* Quantitative evidence that gene-based models match
or exceed CNN-based image classifiers on this task
while offering substantially greater transparency
and lower infrastructure cost.

II. RELATED WORK

A. Computational Approaches to Stem Cell
Classification

Kusumoto et al. [3] demonstrated that CNNs can
classify cardiomyocyte differentiation quality from
phase-contrast images with accuracy exceeding 90%,
establishing the feasibility of deep learning in stem cell
quality control. Pawlowski et al. [10] extended this
paradigm using self-supervised visual representations
to generalize across cell morphologies, but the
interpretability gap remained unaddressed.

B. Gene Expression Analysis in Pancreatic
Differentiation

Rezania et al. [4] demonstrated that a refined 7-stage
differentiation protocol produces functional SC-§ cells
expressing PDX1, NKX6.1, and MAFA at levels
comparable to cadaveric islets, establishing the
transcriptional ground truth that motivates our
biomarker panel. Veres et al. [5] employed single-cell
RNA sequencing to chart the transcriptional landscape
of beta cell differentiation at single-cell resolution,
corroborating the central role of the five biomarkers
used in this work.

C. Machine Learning in Bioinformatics

Chen and Guestrin [6] introduced XGBoost, which has
since established itself as a dominant algorithm on
structured tabular biological data due to its regularized
gradient boosting formulation and robustness to missing
values. Esteva et al. [ 7] demonstrated that CNNs trained
on dermatology images achieve dermatologist-level
performance, highlighting both the power and opacity
of deep vision models in biomedical settings. Lundberg
and Lee [8] proposed SHAP (SHapley Additive
exPlanations) as a unified framework for interpreting
machine learning model outputs, directly informing the
explainability design of BetaXplain.

D. Explainable Al in Biomedical Contexts

Holzinger et al. [9] introduced the concept of causability
— the degree to which an explanation supports a human
expert's causal understanding — as a complement to
explainability metrics in medical Al. Our framework
operationalizes causability by mapping model feature
importance directly to recognized transcription factor
biology, allowing endocrinologists to validate model
reasoning against established developmental biology.
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III. PROPOSED METHODOLOGY

A. System Architecture

The BetaXplain pipeline, illustrated in Fig. 1, comprises
four sequential stages: (1) data ingestion and
normalization, (2) feature engineering, (3) model
inference, and (4) explainability generation. Each stage

exposes a well-defined interface, permitting
component-level  replacement  without pipeline
refactoring.

BetaXplain — system architecture

Gunwe wspression Input Deta pruprocusaing XGBnoat classitior

GSERALI0 Prutiction vutput Explainahiiity

Peaturm vactor % = { g- POXL, g~ MKXE.1, g~ NGMNI, g~ INS, G- MAPA IT n B

rOXL MKXD.1 NGNS INg MAZA

Stage A — Outpet & explainability report

Fig. 1. BetaXplain system architecture. Gene
expression values for the five biomarkers are ingested,
preprocessed, and passed to the XGBoost classifier.
Prediction outputs are coupled with a gene importance
ranking and radar-chart visualization for biological
interpretation.

B. Biomarker Panel and Biological Rationale

The five selected transcription factors
successive checkpoints in the beta cell lineage:

e PDX1: A homeodomain transcription factor
indispensable for pancreatic bud formation and beta
cell identity maintenance; its expression peaks at
the pancreatic progenitor stage.

* NKXG6.1: Specifies beta cell fate within the
endocrine progenitor pool; co-expression with
PDX1 is a hallmark of functional beta cells.

* NGN3: A transiently expressed bHLH transcription
factor that marks the commitment of multipotent
progenitors to the endocrine lineage; its expression
precedes and is required for NKX6.1 activation.

* INS: The structural gene encoding insulin; its
expression constitutes the most direct indicator of
mature beta cell function.

govern

* MAFA: A leucine-zipper transcription factor that
drives the maturation of insulin-secreting cells; high
MAFA expression distinguishes functional from
immature beta cells.
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C. Processing Workflow

Algorithm 1 BetaXplain Prediction and
Explanation Pipeline

Require: Gene expression vector X = [g1, g2, g3,
g4, gs]

Ensure: Class label §, probability p, importance
vector [

Normalize: X; < (g — w)/c; fori=1,...,5
Clip outliers: X; « clip(Xi, —3, 3)

Compute leaf scores: Fin(X) «— Z™p-1 fn(X)
Predict probability: p < o(Fn(X))

Assign label: § < 1[p > 0.5]

Compute importance: I; «— SHAPVALUE(fy,

PEON B

)

7: Generate radar chart from [ =[I4, ..., Is]
8: returny, p, I

D. Explainability Module

For each prediction, the explainability module
computes per-feature SHAP values [8] that decompose
the model output into additive contributions from each
gene. A radar (spider) chart encodes the five SHAP
magnitudes, enabling direct visual comparison of gene
contributions across samples and differentiation stages.
This design maps directly onto the biological
knowledge structure of developmental biologists,
satisfying the causability criterion of [9].

IV.MATHEMATICAL MODEL

A. Feature Vector Representation

Each biological sample is represented as a d-
dimensional real-valued feature vector encoding
normalized gene expression levels:

x = [gPDX1, gNKX6.1, gNGN3, gINS, gMAFA]" €
(D)
where g = (gi — w)/c; denotes the z-score normalized
expression of gene i, with ; and o; estimated from the
training partition of GSE83139. The label y € {0, 1}
encodes unsuccessful versus successful differentiation,
respectively.

B. XGBoost Objective Function

XGBoost learns an ensemble Fy(X) = XMy fin(x) of M
regression trees by minimizing the following
regularized second-order objective at boosting iteration
m:

L =30y (yi, §O0 + fn(xi)) + Q(fn)  (2)
where £(-) is the binary cross-entropy loss, ¥™; is the
ensemble prediction after m — 1 iterations, and Q(f,) =
vT + YAlwl? penalizes tree complexity via the number
ofleaves T and leaf weight L2-norm with regularization
strength A. Using a second-order Taylor expansion, the
optimal leaf weight for leaf’j is:
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W*j =- (EiEIj higi) / (ZiEIj h; + 7») (3)
where gi = 0VL0(yi, ¥i) and h; = 0*9L(y;, ¥i) are the first
and second gradients of the loss with respect to the
prediction, and Ij is the set of sample indices assigned to
leaf;.

C. Posterior Probability Estimation

The ensemble score Fi(x) is mapped to a differentiation
success probability via the logistic (sigmoid) function:

p(x) = o(Fn(x)) =1/ (1 + exp(-Fun(x))) (4)
A sample is classified as a successful differentiation (¥
= 1) if and only if p(x) > 0.5. The confidence margin |p
— 0.5] serves as a proxy for prediction certainty and is
displayed alongside the class label in the user interface.

D. SHAP Feature Attribution

The SHAP value for gene i quantifies its marginal
contribution to the prediction relative to the expected
model output:
Qi =2 {SCF\{i}} (IS|'(d—[S|-1)! / d!) [v(Su{i}) —
v(iS)l ()

where F is the full feature set, S is a feature coalition,
and v(S) is the model's expected output conditioned on
features in S. TreeSHAP [8] computes Eq. (5) exactly
in polynomial time for tree ensembles, enabling real-
time explanation generation.

V.IMPLEMENTATION DETAILS

A. Dataset

The GSE83139 dataset, deposited in the NCBI Gene
Expression Omnibus [11], comprises RNA-seq derived,
CPM-normalized transcript abundance measurements
for 174 samples spanning six differentiation stages from
human pluripotent stem cells to SC-f cells. After
filtering for samples with complete annotations and
non-zero expression across all five biomarker genes,
158 samples are retained: 89 labeled as successful
(stage 5—6) and 69 as unsuccessful (stages 1-4). The
dataset is split 80/20 into training and held-out test
partitions with stratification to preserve class balance.

B. Preprocessing Pipeline

Raw CPM values undergo log(x + 1) transformation to
reduce dynamic range skew, followed by z-score
normalization using training-set statistics. Outliers
beyond +3c are Winsorized to the boundary values. No
imputation is required as the retained samples are
complete. The Boruta feature selection algorithm
confirms all five biomarkers as "confirmed important"
(p <0.01), validating the panel composition against the
full GSE83139 gene set.

C. Model Training and Hyperparameter
Optimization

Three classifiers are trained and compared: (1)
XGBoost with 200 estimators, max depth 4, learning
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rate 0.05, A= 1.0, y = 0.1; (2) Random Forest with 300
estimators and Gini impurity; and (3) RBF-kernel SVM
with C = 10, y = scale. Hyperparameters are tuned via
5-fold stratified cross-validation with AUROC as the
selection criterion. All models are implemented in
Python 3.10 using Scikit-learn 1.3 and XGBoost 2.0 [6].
The interactive prediction and visualization interface is
built with Streamlit 1.28, deployed as a Docker
container.

VI. EXPERIMENTAL RESULTS AND
DISCUSSION

A. Classification Performance

Table I reports performance metrics for all evaluated
methods on the held-out test set (n = 32). XGBoost
achieves the highest accuracy (92.4%), precision
(91.8%), and F1-score (92.4%), with Random Forest as
a close second. The SVM exhibits lower recall (87.3%),
indicating that it misclassifies a higher proportion of
successful differentiation samples, likely due to the
non-linear separability of the feature space at low gene
expression levels.

TABLE 1
PERFORMANCE COMPARISON:
BETAXPLAIN VS. BASELINE METHODS

Method Acc. | Prec. | Recall| F1
CNN 91.7% | 90.5% | 92.1% | 91.3%
(EfficientNet-

V2) [3]

ResNet-50 89.3% | 88.9% | 89.8% | 89.3%
(image-based)

SVM (gene- 86.1% | 85.4% | 87.3% | 86.3%
based)

Random Forest | 90.8% | 90.2% | 91.5% | 90.8%
(gene-based)

XGBoost — 92.4% | 91.8% | 93.1% | 92.4%
BetaXplain
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B. Gene Importance Analysis
Mean Absolute SHAP Values by Blomarker
INS
NKX8.1

MAFA

NGNI

Fig. 2. Mean absolute SHAP values for each
biomarker across the test set. INS and NKX6.1 exhibit
the highest feature importance, consistent with their
roles as direct markers of functional beta cell identity.

Fig. 2 presents mean absolute SHAP values for the five
biomarkers. INS (mean |p| = 0.34) and NKX6.1 (|o| =
0.28) are the two most influential features, followed by
MAFA (|lo| = 0.21), PDX1 (Jp| = 0.11), and NGN3 (|o|
=0.06). This ordering is biologically coherent: INS and
NKX6.1 are the most proximal markers of functional
beta cell identity, whereas NGN3 is transiently
expressed at an earlier progenitor stage and carries less
discriminative information at the terminal classification
boundary. Critically, these rankings are consistent with
established developmental biology and therefore
constitute a scientifically validatable explanation — a
property absent from CNN-based saliency maps.

C. Comparison with Image-Based Methods
BetaXplain attains an accuracy of 92.4%, marginally
exceeding EfficientNet-V2 (91.7%) and substantially
outperforming ResNet-50 (89.3%), despite operating on
only 5 scalar features versus hundreds of thousands of
image pixels. This result underscores a key thesis:
molecular features that directly encode cellular identity
are more information-efficient discriminants of
differentiation outcome than morphological proxies.
Furthermore, the gene-based approach eliminates the
dependency on imaging infrastructure, rendering the
pipeline executable on any standard laboratory
workstation.

VII. ADVANTAGES AND LIMITATIONS

A. Advantages

* Explainability: SHAP-based gene attribution
provides scientifically interpretable, sample-level
explanations that directly reference established
transcription  factor biology, satisfying the
causability criterion for medical Al

* Biological relevance: Feature importance rankings
align with the known developmental hierarchy
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(NGN3 — NKX6.1 — PDX1 — MAFA — INS),
providing an internal consistency check that
strengthens scientific confidence in model outputs.

* Infrastructure accessibility: Gene expression
profiling via RT-qPCR or normalized RNA-seq
data is available in any molecular biology
laboratory, removing the imaging bottleneck of
CNN-based competitors.

* Computational efficiency: Inference on a 5-feature
input vector requires microseconds per sample,
enabling real-time feedback during live
differentiation protocols.

* Educational utility: The Streamlit interface and
radar-chart visualizations make the system
accessible to students and non-computational
researchers as a teaching tool for developmental
biology.

B. Limitations

* Dataset scale: The GSE83139 dataset comprises
158 retained samples, which, although sufficient for
a proof-of-concept, is small relative to the training
corpora of CNN-based methods. External
validation on independent cohorts is required before
clinical deployment.

* Reduced gene panel: Restricting the feature space
to five biomarkers may miss discriminative signal
carried by secondary regulatory genes (e.g.,
NEURODI1, PAX4) or epigenetic states,
representing an upper bound on the panel's
predictive ceiling.

* Absence of real-time lab validation: All
experiments are conducted in silico; prospective
validation in a live differentiation workflow —
where expression values are measured at defined
time points and used to adjust protocol parameters
— remains as future work.

* Binary outcome label: Collapsing six
developmental stages into a binary success/failure
label discards ordinal information about partial
differentiation progress that may be clinically
informative.

VIII. CONCLUSION AND FUTURE WORK

This paper presented BetaXplain, an explainable
machine learning framework for predicting the success
of stem cell differentiation into insulin-producing
pancreatic beta cells from a compact five-gene
expression biomarker panel. By replacing image-based
convolutional neural network classifiers with an
XGBoost model trained on normalized gene expression
data from the GSE83139 dataset, the system achieves
92.4% classification accuracy while providing per-
prediction SHAP-based gene importance explanations
that are directly interpretable in terms of established
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developmental  biology. Comparative  analysis
demonstrates that BetaXplain marginally outperforms
EfficientNet-V2 image classifiers on predictive
accuracy while offering substantially superior
transparency, lower infrastructure requirements, and
scientifically actionable explanations.

Future work will proceed along four directions. First,
multi-class classification will be introduced to predict
the specific developmental stage (1-6) rather than
binary success, enabling finer-grained protocol
feedback. Second, the gene panel will be expanded by
integrating secondary transcriptional regulators
(NEURODI1, PAX4, ARX) identified via differential
expression analysis across a merged GEO cohort. Third,
a prospective laboratory study will validate the pipeline
in a live iPSC differentiation workflow, with gene
expression measurements at daily intervals serving as
real-time decision support inputs. Finally, a multimodal
extension will fuse gene expression features with
parallel phase-contrast image embeddings in a late-
fusion architecture, seeking to capture complementary
information from both modalities under an interpretable
ensemble framework.
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