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Abstract

Within the scope of Philadelphia chromosome-negative myeloproliferative neoplasms, the effective differentiation of
Primary Myelofibrosis from Essential Thrombocythaemia and Polycythaemia Vera is of vital importance for
prognosis estimation and treatment approach planning. This study aimed to distinguish Primary Myelofibrosis samples
from the Essential Thrombocythaemia - Polycythaemia Vera group using two gene expression datasets obtained from
the Gene Expression Omnibus repository. A dataset of 69 samples for training and data from 33 untreated samples for
independent external validation were converted to the gene level via GPL570 annotation and matched in a common
feature space. Data preprocessing, feature selection, and modelling procedures were designed within a pipeline to
minimize the risk of data leakage. Hyperparameter optimization was performed using the GridSearchCV technique
with iterative stratified cross-validation. Similar Average Precision and Balanced Accuracy values were obtained
during the validation phase performed on the training data. In the independent external validation phase, the Linear
Support Vector Machine method stood out with higher Average Precision and Balanced Accuracy values, while the
Elastic Net Logistic Regression method provided higher values in terms of the Receiver Operating Characteristic -
Area Under Curve metric. The findings reveal that a pipeline design using open-source data from the Gene Expression
Omnibus archive can be used to distinguish Primary Myelofibrosis samples.
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1. Introduction

Philadelphia chromosome (BCR::ABL1)-negative Myeloproliferative Neoplasms (MPN), including Essential
Thrombocythaemia (ET) and Polycythaemia Vera (PV), and Myelofibrosis (PMF), are chronic conditions with similar
biological characteristics; however, they are serious diseases with significant morbidity and disease burden (Pescia et
al., 2024; Thiele et al., 2023). When examining studies and trends specific to the population from the US Surveillance,
Epidemiology, and End Results (SEER) data, the annual incidence rates per 100,000 people are 1.8 for ET, 1.7 for
PV, and 0.5 for PMF. Considering the 5-year average mortality rates, they are 19.2% for ET, 19% for PV, and 51%
for PMF. When examining the 5-year relative survival rates, they are 88.7% for ET, 88.3% for PV, and 44.9% for
PMF (Smith et al., 2021; Singhal et al., 2025; Verstovsek et al., 2022). The similarity of these biologically related
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diseases in laboratory and clinical data makes it challenging to differentiate between ET, PV, and PMF and to
accurately diagnose them. In particular, the inability to distinguish between PMF and ET diseases increases the risk
of misdiagnosis and incorrect treatment (Griesshammer et al., 2025; Thiele et al., 2025).

BCR::ABL1-negative MPNs, encompassing ET, PV, and PMF, are characterized by driver mutations in
Thrombopoietin Receptor (MPL), Janus kinase 2 (JAK2), and Calreticulin (CALR), which continuously and
uncontrollably affect JAK signaling (Ling et al., 2025; Loghavi et al., 2024). Besides these mutations, distinguishing
between ET, PV, and PMF for diagnosis is challenging due to similarities among the subtype mutations (Gianelli et
al., 2023). Primary Myelofibrosis (PMF) is a type of MPN caused by clonal abnormalities in stem cells that produce
blood cells. The defining feature of PMF is the formation of fibrosis in bone marrow cells and, consequently, the
production of blood in different organs of the body (extramedullary haematopoiesis).

It is most commonly triggered by MPL, JAK2, or CALR mutations and is frequently seen in conjunction with the
disease. Splenomegaly and hepatomegaly, cachexia, anaemia, and fibrosis formation are common symptoms that
occur when the bone marrow fails to produce sufficient blood cells. Bone marrow biopsies of patients show
megakaryocytic hyperplasia and fibrosis together. As the disease progresses, the risk of leukaemic transformation
increases (Shao et al., 2025; Tefferi, 2023). Because of the difficulty of integrating molecular, clinical, and histological
findings in the diagnosis of MPN diseases and the complexity and variability of bone marrow morphology,
misdiagnosis is common (Schmidt et al., 2023). Therefore, for the detection and accurate diagnosis of these diseases,
laboratory results must be considered in conjunction with bone marrow histopathology (McLornan et al. 2024).
Accurate diagnosis is also critical for estimating patient survival and calculating the likelihood of progression to
leukaemia using prognostic scoring methods (Duminuco et al., 2023).

Due to the difficulties encountered in diagnosis, data-driven strategies that can conclude pathological and clinical
investigations are of significant importance (Srisuwananukorn et al., 2024; Yu et al., 2025). Large-scale molecular
data and gene expression profiles can provide supportive information in distinguishing diseases from one another
(Bassan et al., 2024). The data can be obtained through publicly available platforms (Clough and Barrett, 2016). In
this study, an open-source gene expression dataset was utilized to present a classification approach based on
distinguishing ET-PV—PMF diseases from one another, and performance evaluation was conducted.

1.1 Objectives

The aim of this study is to develop a machine learning approach that uses gene expression data obtained through the
publicly available Gene Expression Omnibus (GEO) platform to distinguish PMF, a rare and prognostically
unfavorable form of MPN that is BCR::ABL1 negative, from ET and PV diseases that are biologically similar to this
disease. (Tefferi and Vannucchi, 2024). In this context, microarray data were downsampled to the gene level, and data
cleaning and standardization procedures were performed. Linear Support Vector Machines (SVMs) and Elastic Net
Logistic Regression methods were applied. The method selection was made based on the PR-AUC (Average
Precision) metric, which is an explanatory feature in imbalanced datasets (Saito and Rehmsmeier, 2015). In the final
stage, the preferred method was applied to a different dataset, and the validity of the model was evaluated. This study
aims to contribute to the literature by providing an integrated analytical approach based on GEO datasets and their
validation.

2. Literature Review

Within BCR::ABL1-negative MPNs, genetic factors are utilized in addition to clinical parameters in the literature for
disease differentiation and clinical course prediction (Arber et al., 2022). In addition to the driver mutations commonly
seen in PMF, DNMT3A, TET2, and ASXL1 mutations are also frequently observed in MPN patients. Mutations
affecting epigenetic and splicing regulators (e.g., TP53, EZH2, STAG2, KRAS, IDH1-2, CBL, NRAS, ZRSR2,
SRSF2, U2AF1, and SF3B1) are less common. These additional mutations are more commonly encountered in
advanced stages of PMF than in ET and PV. Mutations such as SRSF2, EZH2, IDH1-2, ASXLI, and U2AF1 are
known to increase the risk of poor survival. These mutations are identified by applying Next-Generation Sequencing
(NGS) methods to determine the risk status and prognosis of the disease (Khoury et al., 2022; Ling et al., 2025).

In PMF, patients are assessed and grouped into risk categories according to various prognostic scoring methods to

predict clinical course and survival (Tefferi and Vannucchi, 2024). The International Prognostic Scoring System
(IPSS) was introduced into the literature in 2009. The criteria evaluated in this calculation include haemoglobin and
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white blood cell counts, age, blast cell percentage, unexplained weight loss, fever, and night sweats (Cervantes et al.,
2009). DIPSS (Dynamic International Prognostic Scoring System) was discovered in 2010 and considers the same
criteria as the IPSS calculation, but the scoring system is different (Passamonti et al., 2010). DIPSS-plus was
introduced in 2011 and, in addition to the criteria in the DIPSS calculation, also examines platelet count, red blood
cell transfusion requirement, and cytogenetic abnormalities (Gangat et al., 2011). MIPSS70 (Mutation-Enhanced
International Prognostic Scoring System for patients aged < 70 years). Introduced in 2018 for patients aged 70 years
and younger, it considers haemoglobin, leukocyte and platelet counts, blast cell percentage, the presence of high-risk
mutations, fibrosis level, and the presence or absence of CALR Type 1 mutation in the blood (Guglielmelli et al.,
2018). GIPSS (the Genetically-Inspired IPSS, which depends exclusively on mutations and karyotype). This method,
introduced in 2018, evaluates genetic characteristics such as cytogenetic abnormalities and the presence or absence of
ASXL1, CALR Type 1, U2AF1Q157, and SRSF2 mutations in the blood, rather than clinical parameters (Tefferi et
al., 2018a). MIPSS70+ Version 2.0, introduced into the literature in 2018, incorporates cytogenetic data in addition to
the MIPSS70 calculation (Tefferi et al., 2018b). In addition to these methods, the machine learning-based Artificial
Intelligence Prognostic Scoring System for Myelofibrosis (AIPSS-MF)method proposed in 2023 predicts survival and
the transformation of the disease into leukaemia (Duminuco et al., 2023).

Although prognostic scoring methods are effective, distinguishing between these three diseases requires extensive
molecular data due to their similar biological structures (Grinfeld et al., 2018). The literature indicates that gene
expression information supports the differentiation between ET, PV, and PMF by providing a more detailed picture
of the molecular pathogenesis of the diseases (Schischlik, 2022; Skov et al., 2012). As gene expression information is
shared in public archives such as GEO, it enables comparison and external validation in the context of disease
differentiation (Clough and Barrett, 2016; Rung and Brazma, 2013). In recent academic studies, prognostic and
diagnostic marker models based on machine learning have been developed using gene expression data, and the model
validation process has been carried out using independent data sets (Li et al., 2025; Medeiros et al., 2026).

In the literature, unsupervised learning-based studies utilizing gene expression data to distinguish between ET-PV-
PMF diseases are limited. Using the GSE26049 data set, Principal Component Analysis (PCA) and DNA-Chip
Analyzer (dChip) methods were utilized to analyze the elements supporting the biological transformation phase
between ET-PV-PMF at the molecular level and to reveal patterns between diseases (Skov et al., 2012). Using the
GSE26049 data set, hierarchical clustering was utilized to identify patient groups at risk of transitioning from ET-PV
diseases to PMF disease (Hasselbalch et al., 2014).

Studies utilizing deep learning and machine learning without using gene expression data for the diseases in question
also exist. In order to differentiate between ET-PV-PMF diseases, SVM and 3-fold CV (Cross-Validation) methods
were applied to patient groups of 243 and 183 individuals, taking into account driver mutations as well as 15 additional
mutations, cytogenetic and blood results (Meggendorfer et al., 2017). Bayesian clustering, Cox models, and CV
methods were applied to a sample of 2035 patients to develop the ET-PV-PMF taxonomy, predict prognosis, and
perform validation (Grinfeld et al., 2018). The differentiation of ET-PV-PMF diseases was performed using the
Random Forest method by converting the microscopic image and physical structure of bone marrow cells into
numerical features (Sirinukunwattana et al., 2020). Convolutional Neural Network (CNN) and XGBoost methods
applied to differentiate ET-PV-PMF diseases using blood results, peripheral smear, and cytology results from a sample
of 234 individuals (Kimura et al., 2021). In this context, performance metric selection plays a critical role in measuring
the success of models and methods used in the medical classification studies evaluated (Salmi et al., 2024).

The correct selection of performance metrics in medical classification problems plays a significant role in interpreting
results and demonstrating discriminatory power. In this context, the widely used PR (Precision—Recall) and ROC-
AUC (Receiver Operating Characteristic - Area Under Curve) curve models reflect model performance from different
perspectives. PR Precision — sensitivity, while ROC-AUC presents the false positive rate — sensitivity interaction
(Collins et al., 2024; Martin et al., 2025; Van Calster et al., 2025). When there is an imbalanced distribution in the
classes of the dataset, it is recommended to evaluate PR-AUC (AUPRC) precision-recall-based metrics together with
the ROC-AUC metric, as they complement each other (Salmi et al., 2024; Van Calster et al., 2025). Furthermore, it is
recommended to perform both internal validation and external validation with a different dataset to prove the model's
performance and validity (Collins et al., 2024; Riley et al., 2024). Open-access gene expression archives such as GEO
provide advantages for model development, comparison, and validation (Clough et al., 2024).
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In this study, two datasets obtained from the GEO archive were converted to the gene level using the GPL570 platform
annotation to distinguish PMF from ET-PV diseases, with one selected for training and the other for external
validation. Following data cleaning and standardization, Linear SVM and Elastic Net logistic regression methods were
applied. Validation results were evaluated using Balanced Accuracy (BA), Average Precision (AP), ROC-AUC, and
Confusion Matrix.

3. Methods

The working methodology utilizes one dataset for model construction and training stages, while the second dataset is
used to analyze model performance through independent external validation. To enable genetic data tables to be
evaluated in the same space, probe values were aligned by converting them to the gene level using the GPL570

platform annotation. To represent multiple probe values corresponding to a single gene, values were singularized using
the median (NCBI GEO, 2026a).

All steps within the analysis process have been designed within a pipeline structure to minimize the risk of data
leakage. As the model input data must contain numerical values, the input table values have been converted to
numerical values; cells that do not contain numerical values or are found to be erroneous due to typing or reading
errors have been defined as Not a Number (NaN). Missing data points in the input table were filled using the median
approach with the Simplelmputer tool to reduce deviations caused by outliers and extreme values. Subsequently, z-
score standardization was applied using StandardScaler to reduce the effect of variability that could arise from the
measurement values of the features. Features with zero variance were removed from the dataset using the
VarianceThreshold method because they would not contribute to the modelling stage. After the preprocessing and
removal of features with zero variance, the SelectK Best method based on the ANOVA F-test was added to the pipeline
for the analysis-ready data. Different numbers of genes (k =200, 500, and 1000) were tested within the GridSearchCV
framework to determine the feature set with the highest performance (Pedregosa et al., 2011).

3.1 Linear SVM Method

The method, introduced in 1992, was developed to select the correct hyperplane for separating classes in classification
problems and to maximize the margin between classes at this stage. The method took its modern form in 1995 under
the name ‘Support Vector Networks’. Data that cannot be separated by the correct hyperplane is accepted with a soft-
margin error. One of the advantages of the method is that it provides the possibility of reaching the global optimum
without falling into local minima (Boser et al., 1992; Cortes and Vapnik, 1995). Variants of the method are used in
studies using gene expression data to separate classes in high dimensions (Brown et al., 2000). The linear SVM method
is fast and computationally straightforward for high-dimensional data sets and is based on the LIBLINEAR library
(Fan et al., 2008). In this study, margin maximization and penalty for margin violations were targeted, and the soft-
margin SVM optimization model given in Equation 1 was used.

. 1
min 5 llwl|? * CXiéi (1)
sty®@wix® + by >1-¢, i=1,...,n
£ >0 i=1..n

In Equation 1, the weight w belongs to the hyperplane separating the classes, and b represents the deviation,
determining the position and direction of the separating plane. The input variables y© and x® in the model represent,
respectively, the label of the class to which the i. observation belongs and its feature vector. y® is defined as being
in the set {—1, +1}. The term % |Iw]|? in the objective function aims to widen the margin of the hyperplane, while the

term C }{'_, &; aims to penalize the total margin violations. The first constraint aims to ensure that the functional
margin is at least 1 — §;. The second constraint §; parameter (violation level) indicates the non-negativity condition
(Cortes and Vapnik, 1995; Ng and Ma, 2023).

3.2 Elastic Net Logistic Regression Method

The method introduced in 2005 is a regularization method that integrates L1 (Lasso) and L2 (Ridge) penalties (Zou
and Hastie 2005). When the number of variables exceeds the number of samples, and there is correlation between
variables, L1 is used to set some coefficients to zero to improve discriminability, while L2 is used to support a stable
structure by only reducing coefficients rather than setting them to zero. The method's grouping effect feature provides
the advantage of selecting groups of variables with high correlation. This mechanism is a preferred approach in
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Generalized Linear Models (GLM) methods such as logistic regression (Tay et al., 2023). The GLMnet framework,
published in 2010, enabled system optimization by integrating elastic net penalties (L1 — L2) into logistic regression
(Friedman et al., 2010). Equation 2 presents the mathematical formulation of the method (Torang et al., 2019).

2
min &SP log(1+ exp(=yi(Bo + [ B)) + (1~ )52 + allBll; @

The B coefficient vector given in Equation 2, the 8, constant term, n total sample count, y; and x; respectively denote
the label of the class to which the i . observation belongs to and the feature vector, represented by

% n_log(1+ exp(—y;(Bo + xT B)) represents the mean log loss function associated with the logistic regression

2
method, and the expression S, + x7 B calculates the fit score of the samples. A((1 — a)@ + a||B]|1 is the

regularization part of the formulation. The ||f||3 term reduces the coefficients to minimise overfitting, while the ||8]|;
term sets some coefficients to zero. A denotes the penalty coefficient, while a denotes the mixing parameters between
the L1 and L2 methods. The a value of 1 represents L1, while a value of 0 represents L2. y; is defined as being in the
set{—1,+1}, 2 = 0, and « is in the interval [0,1] (Biihlmann and Van De Geer, 2011; Miinch et al., 2021).

3.3 Hyperparameter Optimization and Internal Validation

The hyperparameters of the established models were identified by scanning different parameters using the
GridSearchCV method. The Repeated Stratified K-Fold method was applied during the internal validation process of
the models to ensure consistent class balance; 3-fold cross-validation was repeated 10 times. Furthermore, a fixed
random state value was defined to minimize deviations in the results that could arise from random variability. To
ensure that the data preprocessing and modelling stages of the analysis process were repeated at each fold of the cross-
validation, all analysis steps were configured through a pipeline, minimizing the risk of data leakage in both the
training and testing phases. To analyze model performance, multi-faceted performance metrics such as Average
Precision (AP/PR-AUC), BA, and ROC-AUC were evaluated together (Efthimiou et al., 2024; Yates et al., 2023).

Model performance has been measured using various metrics, as these metrics complement each other by calculating
ranking performance without requiring class-based metrics or classification thresholds. Specifically, in cases of data
imbalance, the PR curve and AP criteria were selected as the final model based on the AP criterion because they more
clearly represent the ability to distinguish the positive class (Davis and Goadrich, 2006; Saito and Rehmsmeier, 2015).
The BA metric provides a more reliable result in distributions with class imbalance by equalizing the effect between
classes (Brodersen et al., 2010). Therefore, the model that yielded the best results was completed using the AP metric
as a basis through refit.

3.4 External Validation

During the internal validation process, all stages within the pipeline structure were retrained on the training dataset
according to the best hyperparameters determined using the GridSearchCV method based on the AP criterion, and
tested on the independent external dataset without any changes. During the external validation process, no
hyperparameter changes or retraining were performed on the parameters learned from the training data. The
independent external data was applied to the external data using the parameters learned from the training data, and
prediction results were calculated. This prevented the possibility of data leakage. The model's performance on the
external data set was presented using AP/PR-AUC, BA, ROC-AUC, and the confusion matrix (Collins et al., 2024;
Efthimiou et al., 2024).

4. Data Collection

The gene expression datasets used in this study were obtained from the GEO archive. The untreated subsets GSE26049
were used during the training phase and GSE57793 during the independent external validation phase (NCBI GEO,
2026b; NCBI GEO, 2026¢). In the training dataset, ET-PV-PMF diagnosed samples were included, while in the
external validation dataset, pre-treatment individuals were included in the study. The study was designed within a
binary classification framework, with class labels coded as PMF 1 and ET — PV 0. Genetic data tables were obtained
via GEO and imported as compressed .csv.gz format files. The datasets used in the study are publicly available on
GEO and do not contain patient identification information. Therefore, they are consistent with the institution's
perspective on the reuse of targeted data.
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5. Results and Discussion

The findings obtained are examined in the initial stage through numerical summaries; subsequently, the performance
demonstrated by the methods is comprehensively addressed through performance curves and graphs. Additionally,
potential development suggestions and an examination of the validation approach are shared.

5.1 Numerical Results

This section of the study presents the class distributions and common gene counts of the training and external
validation datasets. Additionally, the internal and external validation performance values of the linear SVM and Elastic
Net logistic regression methods considered are presented in Table 1.

Table 1. Characteristics of the data sets and model performance

Category Item Result
Train (GSE26049) ET =19, PV =41, PMF =9, n = 69
Datasets External (GSES57793, untreated) ET =8, PV =21, PMF =4, n =33
Number of shared genes 22,879 Features

. . . AP: 0.830+0.154
féajgcl Iiet:g‘igﬂ;o%‘;gre“‘on ROC-AUC: 0.913+0.091
Internal o o BA: 0.821+0.116
Validation . AP: 0.825+0.157
(Léi%af) oYM o ROC-AUC: 0.903+0.102
Y BA: 0.823+0.120
AP: 0.604 (baseline=0.121)
ROC-AUC: 0.862
BA: 0.733
CM [[TN=28, FP=1],
[FN=2, TP=2]]
External P=0.667, R=0.500
Validation AP: 0.650 (baseline=0.121)
ROC-AUC: 0.828
BA: 0.806
CM [[TN=25, FP=4],
[FN=1, TP=3]]
P=0.429, R=0.750

Elastic Net Logistic Regression

Linear SVM

Among the hyperparameters that play a critical role during optimization, C represents the parameter that determines
the regularization effect of the model. In the Elastic Net Logistic Regression model, o represents the mixing coefficient
of the L1 and L2 techniques, and k, present in both models, represents the number of features to be included in the
models during the feature (gene) selection process. GridSearchCV method results showed that C=0.1, . =0.1, and k
= 200 for Elastic Net logistic regression, and C = 0.01 and k = 1000 for linear SVM are the hyperparameters that
optimize model performance. In the independent external validation process, the baseline used as a reference point
represents the proportion of positive class (PMF) in the relevant dataset (4/33 = 0.121). In analyzing the region under
the Sensitivity (PR) curve (AUPRC/AP), the reference baseline limit is directly equal to the percentage of positive
classes in the dataset, so model success was evaluated based on this value (Ren et al., 2024). Confusion matrix outputs
were presented in the format [[TN, FP], [FN, TP]]; in this representation, the resulting TN, FP, FN, and TP values
represent the accuracy of negatives, false alarms, false rejections, and accurate diagnoses, respectively.

While no significant difference was observed in the internal validation phase of the two methods' performance,
method-based differences were observed in various metrics in the external validation phase. When compared, the
highest ROC-AUC value was observed in the Elastic Net Logistic Regression method with a value of 0.862, while the
highest AP value was observed in the Linear SVM method with a value of 0.650, and the highest BA value with a
value of 0.806. Since the baseline value in the independent external dataset was 0.121, the AP metric results being
above 0.121 indicate that the methods used have a higher power to discriminate PMF disease compared to a random
method. In this part of the analysis, the confusion matrix results were examined in detail to analyze model
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performance. In the Elastic Net Logistic Regression method, out of a total of 33 samples, 29 were diagnosed with ET-
PV, and 4 with PMF. Twenty-eight samples were correctly identified as the ET-PV group, while one sample, although
within the ET-PV group, was incorrectly classified as a PMF patient. Of the four PMF samples, two were classified
as PMF and the other two as the ET-PV group. In the linear SVM method, out of a total of 33 samples, 25 were
correctly identified as the ET-PV group, while four samples, although within the ET-PV group, were incorrectly
classified as PMF patients. Of the four PMF samples, three were classified as PMF and the remaining one as the ET-
PV group.

When the PMF class-based evaluation was performed, it was observed that the precision and recall values of the
methods showed different performance. According to the Elastic Net logistic regression method results, the precision
was obtained as 0.667 and the recall value as 0.500. This result shows that the method predicted fewer false positives
in PMF samples, but failed to detect some PMF samples. According to the Linear SVM method results, the precision
was obtained as 0.429 and the recall value as 0.750. This result shows that the method detected PMF samples at a
higher rate compared to the Elastic Net logistic regression method, but predicted some ET-PV group samples as PMF.
Since the main goal of this study is to distinguish PMF samples from ET-PV group samples, the Linear SVM method,
which has a higher recall value that minimizes the risk of missing samples, is more successful in detecting PMF
samples.

5.2 Graphical Results

In this part of the study, the estimation results obtained from independent external validation data are presented
graphically. To analyze the data, which has an unbalanced distribution with a low positive class share, the AP metric
and the PR curve were evaluated together with the ROC curve. In Figure 1, it is stated that the baseline value used for
comparison based on the PR curve represents the positive class share (PMF frequency) in the independent external
validation data.

ROC (External Test: GSE57793) PR (External Test: GSE57793)
1.0 1 pead 1.04 —— Elastic Net LR (AP=0.604)
s Linear SYM (AP=0.650)
o8 L _ --- Baseline=0.121
08 e & 0.8
=3 -7
w ” +
+ ’/’ a
o 0.6 - e
= ,/’ ; 0.6
= - L
- Il
0.4 el c
o -7 2 0.4
E e ‘N
021 el —— Elastic Net LR (AUC=0.862) |
-~ Linear SVM (AUC=0.828) 0.2 — |
0.0 L~ === Random e
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
FPR = FP/ (FP + TN) Recall = TP / (TP + FN)

Figure 1. Comparison of ROC and PR (AP) curves in an independent external dataset

The ROC and PR (AP) curves of the Linear SVM and Elastic Net Logistic Regression methods in the independent
external validation dataset are presented. The classification success of the comparison performed on the curves at the
sample level is detailed through the confusion matrix shown in Figure 2.
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Elastic Net Logistic Regression Linear SVM
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Figure 2. Classification results based on the confusion matrix in an independent external dataset

The Confusion Matrix in Figure 2 provides sample-based results of the graphical outputs presented in Figure 1,
revealing which categories are predominantly error-prone. Because the independent external validation dataset does
not have a homogeneous distribution, sample-level misclassifications can directly influence the evaluation of the
findings.

5.3 Proposed Improvements

To support the conclusions of this study and increase its comprehensiveness, the success of the models can be re-
evaluated with independent external validation datasets obtained from alternative sources and platforms; prediction
and PMF capture results can be analyzed across different datasets. Due to the heterogencous nature of the data,
sensitivity tests to decision threshold values can be performed to evaluate potential impacts in the context of various
scenarios. Performance metrics can be presented more clearly with validation of prediction probabilities and
Bootstrap-based confidence interval analyses. In addition, comparative studies can be conducted with different feature
selection methods and models for gene expression data with a large feature space; reporting steps can be detailed with
current approaches.

5.4 Validation

In this study, the success rates in the independent external validation dataset were more cautious compared to the
internal validation performed on the training dataset. This finding parallels the genetic-phenotypic overlaps between
MPN subtypes and the non-homogeneous structure of the dataset (Elsayed et al., 2023; Jung et al., 2025). The fact
that the AP value was higher than the baseline in the independent external validation phase, and that the ROC-AUC
metrics were at an acceptable level in terms of success, indicates that the designed model was able to detect
classifications related to the positive class and that the results were confirmed with independent test data (Elsayed et
al., 2023; Saelmans et al., 2025). Considering the heterogeneous structure of the dataset, and since studies in the
literature have addressed the fact that ROC-AUC and PR indicators provide information depending on the conditions,
presenting these metrics together allows for the interpretation of the findings (McDermott et al., 2024). Additionally,
since limited sample sizes and data from a single source can limit the validity of results in machine learning and
artificial intelligence research, it is recommended to conduct further independent validation tests on larger datasets
from different locations (Elsayed et al., 2023; Saelmans et al., 2025).

In approaches requiring parameter optimization, the test step can be designed using an internal cross-validation
architecture on the training data to minimize the risk of inflating model performance. This allows the validity bias to
be estimated more objectively by repeating the model at each external cross-validation stage (Varma and Simon,
20006). If the classification success of the two methods used in the study on the same independent external data set is
to be compared using ROC-AUC values, the DeLong statistical test can examine the relevant ROC curves (DeLong
et al., 1988). To analyze the performance success of models based on the Confusion Matrix in binary classification
results emerging at a fixed threshold value and analyze the method error difference, the McNemar test can be applied
(McNemar, 1947).
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6. Conclusion

Distinguishing PMF from the ET-PV disease group plays a critical role in patient treatment and survival; this study
utilized two distinct gene expression datasets obtained from the GEO open archive. GSE26049 was selected as the
training dataset, and GSE57793—untreated as the independent external validation dataset. The data were aligned at the
gene level using GPL 570 annotation, and multiple probe data corresponding to the same gene were converted to a
single value using the median method. The data preparation, preprocessing, and modelling stages were structured
within a pipeline to minimize the risk of data leakage in the training and testing steps. The hyperparameters of the
Elastic Net Logistic Regression and Linear SVM approaches were optimized using the cross-validation method in the
training part. Model performance was tested using the independent external dataset.

When examining the validation results on the training dataset, both methods showed similar levels of BA and AP
values, and no superiority was detected between the two approaches. In studies conducted on an independent external
validation dataset, it was found that the BA and AP metrics of the Linear SVM method were higher compared to the
outputs of the Elastic Net Logistic Regression method. The AP values obtained at the end of both methodologies were
observed to be above the baseline level, indicating the positive class proportion. However, based on the ROC-AUC
metrics, the Elastic Net Logistic Regression method demonstrated more successful performance. When examined
based on the PMF sample, the Elastic Net Logistic Regression method provided a more advantageous precision value
(0.667), while the Linear SVM method yielded a higher recall value (0.750). As the aim is to reduce the risk of missing
PMF samples, the Linear SVM method can be considered a more effective option.

The results obtained demonstrate that the pipeline strategy, constructed using GEO-sourced data, yields robust
classification results during the independent external validation phase. Furthermore, considering that the data
distribution is not homogeneous, it is recommended that repeated analyses with new external validation datasets from
different sources and platforms be conducted to reinforce the findings with threshold sensitivity and Bootstrap-based
confidence interval analyses. Additionally, testing the difference in success between different methods through
statistical comparisons can strengthen the reliability of the results obtained.
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