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Abstract

Background: Primary Immune Thrombocytopenia (ITP) is an
autoimmune disease characterized by thrombocytopenia and
bleeding tenderncy. Exosomes mediate abnormal crosstalk between
immune cells and megakaryocytes in ITP, suggesting that
exosome-related genes may serve as potential candidates for
understanding disease pathogenesis.

Methods: ITP transcriptome data and exosome-related genes
(ERGs) were retrieved from public databases. Potential candidate
genes were preliminarily identified by intersecting ITP's
differentially expressed genes (DEGs) with exosome-related key
module genes, followed by exploratory screening via machine
learning and the construction of a preliminary predictive model.
Multi-dimensional analyses (enrichment, immune infiltration

[subsequently removed due to methodological concerns], drug
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prediction) and RT-qPCR validation were performed.

Results: Four candidate genes (GABARAPL1, SLC39A14, HIBADH,
GSR) were identified through bioinformatic analysis, involved in
spliceosome and other pathways (P < 0.05, |NES| > 1).
GABARAPL1, SLC39A14, and HIBADH showed exploratory
correlations with specific functional T-cell subsets (|cor| > 0.3, P <
0.05). Molecular docking simulations suggested potential binding
feasibility between SLC39Al14/nortriptyline and GSR/oxiglutatione
(binding free energy < -5 kcal/mol). RT-qPCR confirmed the
significant downregulation of GABARAPL1, SLC39A14, and GSR in
ITP patients (P < 0.05), while HIBADH did not show statistically
significant changes (P > 0.05) .

Conclusion: In this exploratory study, GARARAPL1, SLC39A14,
and GSR were identified as potential candidate biomarkers with
experimental support from clinical samples. HIBADH,
while predicted by bioinformatic analysis, requires further
investigation to determine its clinical relevance. These
findings provide exploratory insights and a preliminary basis for
future hypothesis-driven research on the role of exosome-related
genes in ITP.

Keywords: Primary immune thrombocytopenia, Exosome,

Transcriptomics, Candidate biomarkers, Immunity
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1. Introduction

Primary immune thrombocytopenia (ITP), an acquired
autoimmune hematologic condition, is defined by two key features:
a significant decline in platelet levels and an increased propensity
for bleeding®. Epidemiological studies report an annual incidence
rate of 2-10 cases per 100,000 population®. ITP can occur at any
age, with pediairic cases typically presenting as acute forms often
secondary to infections, while adult cases predominantly manifest
as chronic forms, showing a slightly higher incidence in females
than males®. The pathogenesis of ITP involves complex mechanisms,
with three primary contributing factors: autoantibody production
against platelets, impaired megakaryocyte maturation, and
T-lymphocyte  dysfunction®. Current therapeutic strategies
primarily employ corticosteroids and intravenous immunoglobulin
to rapidly elevate platelet counts, though these interventions
demonstrate limited long-term efficacy®?. The diagnosis of ITP
remains exclusion-based due to the absence of specific biomarkers,
potentially leading to misdiagnosis in some cases and consequent
exacerbation of bleeding risks. Therefore, the identification of

novel biomarkers holds significant value for improving ITP



diagnosis and treatment.

Exosomes are nanosized extracellular vesicles containing
nucleic acids, proteins, and lipid components that mediate
intercellular communication and participate in diverse biological
processes®. Emerging evidence demonstrates their pivotal role in
autoimmune diseases including multiple sclerosis and systemic
lupus erythematosus, where their expression levels serve as
valuable biomarkers for disease progression while also exhibiting
potential as drug delivery vehicles?. A seminal study revealed that
exosomes derived from ITP patients carry miR-363-3p, which
disrupts immune homeostasis by significantly impairing the
immunosuppressive function of regulatory T cells through
modulation of the TBX21/ARID3A/SPI1 signaling  axisO.
Furthermore, specific proteins and miRNAs within exosomes have
been implicated in ITP pathogenesis®. These molecular components
are important drivers of disease progression, yet their regulatory
potential pathways are not fully understood and need more
research.

We utilized a multi-omics framework that combined
transcriptome profiling and bioinformatics to explore ITP-related
exosomal genetic signatures. Machine learning was subsequently
employed to preliminarily screen potential candidate genes. The
comprehensive analytical framework
encompasses exploratory clinical prediction modeling through
nomogram construction, functional enrichment analysis of
biological pathways, molecular network mapping to elucidate
regulatory potential pathways, and computational drug prediction
with molecular docking simulations for hypothesis generation.
Experimental validation was subsequently performed using reverse
transcription quantitative polymerase chain reaction (RT-qPCR) on
peripheral blood samples from ITP patients. This exploratory study
aims to provide potential candidate genes and generate testable

hypotheses regarding exosome-related mechanisms in ITP, offering



a preliminary basis for future investigations into diagnostic or

therapeutic strategies.

2. Materials and methods

2.1 Data source

In this study, the primary ITP-related dataset GSE43179
(sequencing type: microarray) was obtained from the GEO
database (https://www.ncbi.nlm.nih.gov/geo/). This dataset contains
molecular expression data based on two different sequencing
platforms. Among them, mRNA expression data were derived from
the GPL570 platform, including 9 peripheral blood T-cell samples
from ITP patients (ITP group) and 10 peripheral blood T-cell
samples from normal controls (control group). miRNA expression
data were obtained from the GPL14613 platform, comprising 9
peripheral blood T-cell samples from ITP patients (ITP group) and 9
peripheral blood T-cell samples from normal controls (control
group). In addition, a total of 121 exosome-related genes (ERGs)
were retrieved from the ExoBCD (https://exobcd.liumwei.org/) and
used for subsequent analyses (Supplementary Table S1)0. To
further explore the reproducibility of the identified candidate genes,
two additional independent transcriptomic datasets, GSE46922 and
GSE205495, were retrieved from the GEO database as external
validation cohorts. GSE46922 includes ITP patients and healthy
controls; GSE205495 contains transcriptomic profiles of CD4+ T
cells from 4 ITP patients and 4 healthy controls. These external
cohorts were utilized to assess the expression consistency of the
final candidate genes.

2.2 Differential expression analysis

For identifying ITP-related differentially expressed genes (DEGSs),

differential expression analysis was initially performed on samples
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of the ITP and control groups in dataset GSE43179 (Sequencing
platform: GPL570) via the R package '"limma" (v 3.54.0)9,
identifying DEGs (P < 0.05, |log~2~fold change (FC)| >
0.25). Visualization of the differential analysis was generated using
"ggplot2" (v 3.4.1)0. Visualization of the differential analysis
included a heatmap and a volcano plot. The heatmap, created with
"pheatmap" (v 1.0.12)9, depicted DEG expression between ITP and
control groups, with the top 10 upregulated and downregulated
genes (by |log2FC|) highlighted. The volcano plot was generated
using "ggplot2" (v 3.4.1)0. Genes were sorted identically by |log,FC]|
(descending), and the top 10 DEGs mentioned above were labeled
in the plot.

2.3 WGCNA

Subsequently, weighted gene co-expression network analysis
(WGCNA) was employed to explore co-expression modules
associated with exosome-related genes. Although the discovery
cohort size (n=19) is modest—a limitation discussed further
below—WGCNA was applied as an exploratory screening tool
following established guidelines for initial network construction in
hypothesis-generating studies [Cite: Langfelder & Horvath,
2008]. To further explore co-expression modules highly associated
with exosomes, WGCNA was performed based on DE-ERG
enrichment scores. The "hclust" function was employed for
hierarchical clustering of all samples in dataset GSE43179
(sequencing platform: GPL570), aiming to identify and exclude
outlier samples and guarantee data quality for subsequent
co-expression network building. A sample clustering tree was also
generated to visualize inter-sample relationships. Next, the optimal
soft threshold (power value) was selected within the 1-20

parameter range. The best soft threshold that satisfied the



scale-free network fitting index R? > 0.85 was selected. A

co-expression network was built based on the optimal soft

threshold, and the dynamic tree cutting algorithm in the R

package "WGCNA" (v 1.73)% was employed with the following
parameter settings: minimum number of module genes set to 200,
method = "tree", and cutHeight = 0.99, to divide genes into
modules labeled with different colors. To identify modules highly
correlated with exosome traits, the Spearman correlation
coefficient between module eigengenes and DE-ERG scores was
calculated (|correlation coefficient (cor)| > 0.3 and P < 0.05).
Meanwhile, a module-trait correlation heatmap was plotted using
the labeledHeatmap function in the R package "WGCNA" (v 1.73)0
for visualization. Finally, we selected the modules most strongly
correlated with DE-ERG scores. Using the "WGCNA" R package (v
1.73)9, Module Membership (MM) and Gene Significance (GS) were
calculated for these module genes. Genes meeting the thresholds of
IMM| > 0.6 and |CS| > 0.4 were retained. The GS-MM correlation
was visualized in scatter plots via "ggplot2" (v 3.4.1)9, and genes
fulfilling these criteria were defined as exosome-related key module
genes. WGCNA utilized 121 ERGs as ‘'seeds' to identify
potential genes synergistic with exosomal processes, suggesting
candidate regulatory partners within the ITP exosomal signaling
axis. The thresholds of [IMM| > 0.6 and |GS| > 0.4 were employed
to balance sensitivity and specificity in this exploratory context.

2.4 Acquisition of candidate genes and functional
enrichment analysis

We next sought to identify genes linked to both ITP and exosomes.
Using the R package "ggvenn" (v 1.7.1), we found the intersection

of DEGs and exosome-related key module genes,



thereby obtaining candidate genes for
follow-up exploratory analysis. The R package "clusterProfiler" (v
4.2.2)9 was employed to perform KEGG and GO enrichment
analyses on the candidate genes (P < 0.05), aiming to explore their
potential biological functions and underlying pathways®. GO
consisted of three parts, namely biological process (BP), cellular
component (CC) and molecular function (MF). Additionally,
STRING (https://string-db.org/) was utilized to examine interactions
of proteins encoded by candidate genes (confidence score > 0.15).
Finally, the results were visualized by constructing a PPI network
diagram using Cytoscape software (v 3.8.2)9.

2.5 Acquisition of candidate genes

For the exploratory screening of potential! ITP-related genes, a
two-step algorithm approach was utilized: Boruta followed by
LASSO regression. Feature selection via the "Boruta" package (v
8.0.0)° on the GSE43179 dataset (GPL570) identified genes with
importance scores exceeding all shadow feature benchmarks
(shadowMin, shadowMean, shadowMax), yielding Feature Gene Set
1. Subsequent analysis involved applying LASSO regression to the
same dataset with the "glmnet" package (v 1.1.10)0. Via 5-fold
cross-validation, the optimal regularization parameter (lambda)
(minimum mean squared error) was determined. Genes with
non-zero regression coefficients were screened to generate Feature
Gene Set 2, and regression coefficient plots plus cross-validation
error curves were generated for visualization. Finally, the two
feature gene sets' intersection was calculated using "ggvenn" (v
1.7.1) to obtain the final candidate genes.

2.6 Construction and evaluation of nomogram

To explore the potential of the candidate genes in distinguishing

ITP from controls, we established an exploratory nomogram
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prediction model based on these genes using the R package "rms"
(v 6.8.1)0 and all samples from GSE43179 (Sequencing platform:
GPL570). The scale range of the line corresponding to each gene
indicates its predicted score interval (Points). The total score (Total
Points) results from summing the scores of each gene, and a higher
value corresponds to a higher probability of
ITP. Preliminary predictive performance of the model was assessed
through two methods: calibration curves plotted using the "rms" R
package (v 6.8.1)% and the Hosmer-Lemeshow test for assessing
prediction-actuality consistency. In these curves, prediction
accuracy was considered higher when the plot more closely
followed the reference line (slope = 1). The nomogram showed
acceptable calibration in this exploratory context, as evidenced by
an HL test P value > 0.05. The exploratory predictive ability was
further assessed by constructing a receiver operating
characteristic (ROC) curve with the "pROC" R package (v 1.18.5)9.
The performance of the identified candidate genes was evaluated
using the area under the ROC curve (AUC). It should be noted that
due to the limited sample size, these results are considered
exploratory and hypothesis-generating, providing preliminary
evidence rather than a definitive assessment of diagnostic utility.
2.7 GSEA of candidate genes

To investigate the regulatory pathways and biological functions
linked to the candidate genes, GSEA was performed for each gene
on ITP vs. control samples from dataset GSE43179 (Sequencing
platform: GPL570). Employing the R package "psych" (v 2.1.6)°, we
computed and sorted Spearman correlation coefficients between
the candidate genes and other genes. GSEA was subsequently
performed with the R package "clusterProfiler" (v 4.2.2)° using the
MsigDB gene set "c2.cp.kegg legacy.v2024.1.Hs.symbols.gmt" as



reference, under the criteria |[NES| > 1 and adj.P < 0.05.
Visualization of the top 5 significant pathways was achieved with
the R package "enrichplot" (v 1.18.3)9.

2.8 GeneMANIA analysis and of candidate genes

Subsequently, related genes interacting with the candidate
genes and their involved functions were explored via the
GeneMANIA database (http://genemania.org/), with "Homo
sapiens" set as the analysis species. From the outcomes, the
candidate genes and the top 20 related genes were selected as key
display nodes, and the top 5 most significant enriched pathways (P
< 0.05) and functions (FDR < 0.05) were presented. A gene
interaction network diagram was constructed to visualize results,
showing potential correlations between the candidate genes and
their functionally similar genes.

2.9 Molecular regulatory network analysis of candidate
genes

Transcription factors (IFs) are key protein molecules that can
specifically recognize and bind to specific DNA sequences in
regulatory regions such as gene promoters or enhancers, thereby
regulating the transcriptional activity of genes. First, the TRRUST
database was used to explore TFs that may interact with
the candidate genes. Next, based on the GSE43179 dataset
(sequencing platform: GPL14613), the R package "limma" (v
3.54.0)°% was used to identify differentially expressed microRNAs
(DE-miRNAs) between the ITP group and the control group.
MiRNAs in the heatmap were sorted by |log,FC| values in
descending order, showing the top 10 upregulated and 10
downregulated miRNAs with the most significant expression
differences. A miRNA volcano plot was also created using the R

package "ggplot2" (v 3.4.1)%. Subsequently, miRNet was used
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to predict miRNAs potentially targeting the candidate genes. The
final integrative visualization of the exploratory regulatory network,
built from the screened TFs, key miRNAs, and candidate genes,
was achieved using Cytoscape software (v 3.8.2)9. These analyses
are intended to generate hypotheses about possible regulatory
interactions and should be interpreted with caution.

2.10 Drug prediction analysis of candidate genes and
molecular docking

To explore potential compounds that might interact with
the candidate genes, drug prediction for each gene was performed
via DGIdb (https://dgidb.org/). Construction and visualization of the
drug-mRNA interaction network were performed with Cytoscape
software (v 3.8.2)0. To computationally assess potential drug-gene
binding, we selected drugs per gene (highest interaction scores,
PubChem-retrievable 2D structures) for molecular docking
simulations. Drug 2D structures (SDF) were downloaded from
PubChem, and protein 3D structures (PDB) encoded by the
candidate genes were obtained from RCSB PDB. These were
uploaded to CB-Dock for docking, with binding affinity evaluated by
Vina score (binding free energy). Generally, Vina score < -5
kcal/mol suggests potential binding feasibility in  silico. It is
important to note that these computational simulations indicate
only theoretical binding feasibility; the actual biological activity,
safety, and therapeutic efficacy of these candidates remain to be
determined through experimental and clinical validation.

2.11 Expression level validation of candidate genes
Differences in expression of the candidate genes within the
GSE43179 dataset (GPL570) were assessed using the Wilcoxon
rank-sum test (P < 0.05) and subsequently visualized in box plots

constructed with the R package "ggplot2" (v 3.4.1)0.
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2.12 RT-qPCR

Experimental validation of candidate gene expression in clinical
samples was performed by RT-qPCR. An independent clinical
cohort consisting of 20 ITP patients and 20 healthy controls was
enrolled from Fengdu County Hospital of Traditional Chinese
Medicine. Total RNA was extracted using TRIzol reagent (Ambion,
USA) per the manufacturer's protocol, and its concentration was
determined with a NanoPhotometer N50. cDNA was synthesized by
reverse transcription employing the SureScript First-Strand cDNA
Synthesis Kit on a Bio-Rad S1000™ Thermal Cycler (USA). Using
primers listed in Supplementary Table S2, qPCR was run on a
Bio-Rad CFX Connect Real-Time PCR Instrument (USA) with the
cycling profile: 95°C for 1 min; 40 cycles of 95°C for 20s, 55°C for
20s, and 72°C for 30s. The 2-AACT methed was applied for relative
quantification, and data were analyzed and visualized in GraphPad
Prism 5. These clinical samiples were collected de novo and are
entirely separate from the samples used in the discovery dataset
(GSE43179), ensuring the independence of the experimental
validation.

2.13 Statistical analysis

Bioinformatics analyses utilized R software (v 4.2.2) for statistical
processing. Statistical significance was set at P < 0.05. The
Wilcoxon rank-sum test was used for between-group comparisons,
while the t-test was employed for between-group analyses of
RT-qPCR results. Correlation analyses were performed using the
Spearman rank correlation method (via the '‘psych' R package). The
correlation coefficient (r) ranges from -1 to 1. A positive r value
indicates a positive linear relationship, while a negative r value
indicates an inverse relationship. We defined the strength of

correlation as follows: |r] > 0.3 as a potential meaningful



correlation, and |r| > 0.5 as a potential strong correlation, with a
P-value < 0.05 considered statistically significant. Given the
exploratory nature of this study, all correlation findings should be
interpreted as hypothesis-generating.

2.14 Ethics approval and consent to participate

The human subjects research component of this study was
reviewed and approved by the Ethics Committee of Fengdu County
Hospital of Traditional Chinese Medicine, Chongqging, China
(Approval No: FDYY-2024-0729), with documented informed
consent obtained from all participants. All procedures were
conducted in strict compliance with the ethical principles set forth
in the Declaration of Helsinki (1964) and its subsequent

amendments.

3. Results

3.1 Acquisition and functional enrichment analysis of 23
candidate genes

A total of 105 DEGs were identified from the GSE43179 dataset
(GPL570) through a comparative analysis between ITP and control
groups, using thresholds of P < 0.05 and |logFC| > 0.25. The
ITP-associated DEGs comprised 48 upregulated and 57
downregulated genes (Figures1.1A-B, Supplementary Table S3).
Expression levels of 121 ERGs were then compared between ITP
and control groups in the GSE43179 dataset (GPL570) via Wilcoxon
rank-sum test. This screening identified seven DE-ERGs: POLR2K,
IGF1R, NANOG, RAB13, ALDH9A1, HDC, and TLR5 (P < 0.05)
(Figures1.1C). Further, DE-ERG scores were calculated based on
all samples from the dataset GSE43179 (Sequencing platform:
GPL570). The Wilcoxon rank-sum test showed a significant
difference in DE-ERG scores between the ITP group and the control
group (P = 0.011) (Figures1.1D). No obvious outlier samples were

identified by hierarchical clustering analysis (Figuresl.1E). A



co-expression network was constructed by WGCNA with a
soft-thresholding power of 19, resulting in a topological fit (R? =
0.85) (Figuresl1.1F-G). After constructing the weighted
co-expression network, the dynamic tree cutting method was used
to identify gene modules. The minimum number of genes in each
module was set to 200, and after merging highly similar modules
(cutHeight = 0.99), a total of 6 co-expression modules were
identified (excluding the grey module) (Figurel.2H). Next, the
correlations between each module and DE-ERG scores were
analyzed, and 4 modules were found to have a potential correlation
with DE-ERG scores (|cor| > 0.3, P < 0.05). Among the modules,
the brown module showed the strongest positive correlation with
DE-ERG scores (cor = 0.67, P < 0.05), whereas the red and blue
modules were most negatively correlated (cor = -0.64, P < 0.05)
(Figurel.2I). In addition, correlations betweernn GS and MM were
observed in the brown module (cor = 0.581, P < 0.05), red module
(cor = 0.784, P < 0.05), and blue module (cor = -0.723, P < 0.05)
(Figurel.2]). Finally, genes were screened according to the
criteria of [IMM| > 0.6 and |GS| > 0.4. A total of 3788, 767, and 159
genes were obtained from the blue, brown, and red modules
respectively, resuiting in a total of 4714 exosome-related key
module genes (Figurel.2K, Supplementary Table S4). The
intersection of DEGs and exosome-related key module genes
yielded 23 candidate genes (Figurel.2K, Supplementary Table
S5). To investigate their potential functions, these candidate genes
were subjected to GO and KEGG enrichment analyses, which
identified 212 GO terms (P < 0.05), including 151 BP terms such as
response to starvation and transcription by RNA polymerase III
(Figurel.21,, Supplementary Table S6); 11 CC terms such as
transferase complex and RNA polymerase II holoenzyme
(Figurel.2L, Supplementary Table S7); and 50 MF terms such
as NADP binding and Tat protein binding (Figurel.2L,
Supplementary Table S8). KEGG enrichment analysis revealed



that the candidate genes were enriched in 7 signaling pathways (P
< 0.05), including FoxO signaling pathway, mTOR signaling
pathway, and autophagy (Figurel.3M, Supplementary Table S9).
Subsequently, the interaction relationships between proteins
encoded by the candidate genes were explored via the STRING
database with a confidence score > 0.15. From the analysis, a
network containing 18 core protein nodes was identified. Among
these nodes, connections were observed between SIMCI and
POLR2K, TCF20, as well as EIFAENIF1, suggesting
potential functional interactions (Figurel.3N). These exploratory
findings provide candidate genes and enriched pathways for future

investigations into the mechanisms of ITP.

Figurel.1 (A)Volcano plot of differentially expressed genes;
(B)Heatmap displaying the expression leveis of the top 10 up- and
down-regulated genes, with higher expression levels shown in red
and lower levels in blue; (C)Box plot of seven significantly
differentially expressed ERGs; (D)Distribution of ssGSEA scores for
gene sets with differential directionality in disease samples versus
healthy controls in the training set; (E)Cluster analysis dendrogram
of samples from the training set GSE43179; (F)Screening of the
soft-thresholding power for the WGCNA co-expression network

(threshold B value set to 19).

Figurel.2 (G)Screening of the soft-thresholding power for the
WGCNA co-expression network (threshold B value set to
19);(H-]J)Module assignment of the gene co-expression network,
distinguished by different colors, identifying a total of six
co-expression modules; (K)Venn diagram showing the intersection
of differentially expressed genes (DEGs) from the transcriptome

and ERG module genes, resulting in 23 differentially expressed



ERGs; (L)GO and KEGG enrichment analysis of the 23 candidate

genesO,

Figurel.3 (M)GO and KEGG enrichment analysis of the 23

candidate genes?; (N)Protein-protein interaction (PPI) network.

3.2 Identification of 4 candidate genes and construction of
nomogram

To further explore potential candidate genes from the 23 candidate
genes, two machine learning algorithms---Boruta analysis and
LASSO regression analysis---were applied for exploratory screening.
Based on all samples from the dataset GSE43179 (Sequencing
platform: GPL570), first, Feature Gene Set 1---comprising 5 genes
(GABARAPL1, SLC39A14, HIBADH, FUT11i, and GSR)---was
obtained via Boruta analysis (FigureZ2.1A). Next, for the LASSO
regression analysis, the optimal regularization parameter was
determined through 5-fold cross-validation. When lambda.min =
0.175, the model achievea the minimum Mean Squared Error
(MSE); subsequently, feature gene set 2---consisting of 5 genes
(GABARAPL1, SILC39A14, HIBADH, IGF1R, and GSR)---was
obtained (Figures2.1B-C). By taking the intersection of these two
feature gene sets, 4 final candidate genes were identified for
subsequent analysis, namely GABARAPL1, SLC39A14, HIBADH,
and GSR (Figure2.2D). Subsequently, an exploratory nomogram
model was constructed based on these 4 genes. For example, when
the total points reached 229, the predicted probability of ITP was
89% within this cohort (Figure2.2E). The model's calibration was
assessed using the Hosmer-Lemeshow test (P = 0.168)
(Figure2.2F). The model demonstrated an AUC of 0.878 in
this exploratory analysis, providing a preliminary indication of the
genes' ability to differentiate ITP from controls within this specific

cohort (Figure2.2G). Given the limited sample size, these findings



should be considered exploratory and hypothesis-generating,
serving as an initial indication of discriminatory capacity rather
than a definitive diagnostic model. The candidate genes identified
in this study provide a preliminary basis for future investigations
into their potential role in ITP.

Figure 2.1 (A) The Boruta algorithm was employed to perform
feature selection on the 23 differentially expressed ERGs,
ultimately identifying 5 feature genes (highlighted in green). (B-C)
Screening of the 23 differentially expressed ERGs by LASSO

regression selected 5 feature genes.

Figure 2.2 (D)The intersection of two machine learning algorithms
revealed 4 shared genes (Venn diagram). (E-G)The resulting
nomogram was validated with calibration curves and ROC analysis,
indicating its diagnostic efficacy. The discriminatory power of the
model was assessed by the AUC, where numerical values closer to

1 signify superior model accuracy and reliability.

3.3 GSEA and GeneMANIA analysis of candidate genes

GSEA of the candi:date genes was performed to explore relevant
signaling pathways and biological processes underlying ITP (|NES]|
> 1, adj.p < 0.05). GABARAPL1 was enriched in 30 pathways,
including spliceosome and neuroactive ligand receptor interaction
(Figure3A, Supplementary Table S10); SLC39A14 was enriched
in 29 pathways, including ubiquitin-mediated proteolysis and
neuroactive ligand receptor interaction (Figure3B,
Supplementary Table S11); HIBADH was enriched in 35
pathways, including spliceosome and neuroactive ligand receptor
interaction (Figure3C, Supplementary Table S12); GSR was
enriched in 26 pathways, including ribosome and spliceosome
(Figure3D, Supplementary Table S13). Subsequently, genes
interacting with the four candidate genes and the biological

processes they may participate in were explored using the



GeneMANIA database. The results showed that the top 20 genes
interacting with the four candidate genes included HIBCH, GSTO?2,
ATG4D, ALDH6A1, PGD, ATG7, GLRX, ATP6V1C1, ATG4A, G6PD,
DLD, FOLR1, TXN, SLC4A4, HSD17B10, GLYR1, STBD1, AIFM1,
RETREG3, and SLC25A20. Among these, HIBADH, together with
HIBCH, ALDHG6Al1l, and HSD17B10, was suggested to be
involved in branched-chain amino acid metabolic process and
catabolic process. GSR, along with TXN and GLRX, was suggested
to be involvedin oxidoreductase activity and disulfide
oxidoreductase activity. The associations between the four
candidate genes and their interacting genes were mainly based on
physical interactions, suggesting potential functions in protein
complex assembly or direct binding. Taken together, GSEA and
GeneMANIA analyses suggest that the four candidate genes may be
involved in ITP-related pathways, potentially through their
influence on biological processes such as spliceosome function,
amino acid metabolism, redox equilibrium, and the
ubiquitin-proteasome systemn. These exploratory findings provide
hypotheses for subsequent research to investigate the molecular
mechanisms of these genes in ITP.

Figure 3 (A-D)GSEA plots displaying the top 5 enriched KEGG
pathways for GABARAPL1, SLC39A14, HIBADH, and GSR,
respectively, based on mRNA expression data (n=9 for ITP, n=10

for control)®.

3.4 Molecular regulatory network analysis of candidate
genes

Potential regulatory pathways of the candidate genes were
further explored by molecular regulatory network analysis.
Upstream TFs that may regulate the candidate genes were
first predicted, and the results showed that GABARAPL1, GSR,
HIBADH, and SLC39A14 were predicted to be regulated by 20, 47,
19, and 35 TFs, respectively (Figure4A). This finding suggests that



these candidate genes may be subject to complex regulatory
networks at the transcriptional level. To
further explore post-transcriptional regulatory pathways,
differentially expressed miRNAs (DE-miRNAs) between the ITP
group and the control group were analyzed based on the GSE43179
dataset (sequencing platform: GPL14613). A total of 45 DE-miRNAs
were identified, among which 35 miRNAs were downregulated and
10 miRNAs were upregulated in the ITP group, with the screening
criteria of |logFC| > 0.25 and P < 0.05 (Figures4B-C,
Supplementary Table S14). Meanwhile, screening of the miRNet
database yielded 490 miRNAs predicted to target the candidate
genes (Figures4D, Supplementary Table S15). The integrative
bioinformatic analysis suggested a potential interaction between
miR-484 and SLC39A14. Predictive screening across multiple
databases identified SLC39A14 as a potential target of miR-484,
with conserved binding sites in the 3' untranslated region (3'UTR).
In the GSE43179 dataset, the expression levels of miR-484 and
SLC39A14 exhibited an inverse correlation, where upregulation of
miR-484 was accomparied by downregulation of its potential target
mRNA. This inverse relationship provides an exploratory
hypothesis that ilie reduced expression of SLC39A14 observed in
ITP may be associated with elevated miR-484 levels. These results
offer preliminary insights and generate hypotheses for future
research into the molecular regulatory networks (including miRNA
and TF levels) of GABARAPL1, GSR, HIBADH, and SLC39A14 in
ITP.

Figure 4 Regulatory landscape of identified candidate genes
involving upstream transcription factors and microRNAs in ITP.
(A)TF-mRNA regulatory network illustrating predicted

transcription factors (red nodes) interacting with target candidate



genes (blue nodes) based on the TRRUST database. (B)Volcano plot
of differentially expressed miRNAs (DE-miRNAs) between the ITP
group (n=9) and control group (n=9) using the "limma" package.
(C)Heatmap displaying the expression profiles of the top 10
upregulated and top 10 downregulated DE-miRNAs.
(D)miRNA-mRNA regulatory network depicting the targeting
relationships between differential miRNAs and candidate genes
predicted via miRNet. Statistical significance for differential

analysis was defined as [log,FC| > 0.25 and P < 0.05.

3.5 Drug prediction analysis of candidate genes and
molecular docking

To explore potential compounds that might interact with
the candidate genes, drug prediction analysis identified 22 and 1
candidate compounds for GSR and SLC39A14, respectively, from
the DGIdb database (Figure5A). Subseqguent molecular docking
simulations suggested potential binding feasibility between the
candidate genes and their respective compounds: SLC39A14 with
nortriptyline showed a predicted binding free energy of -7.9
kcal/mol (Figures3B-C, Table 1), while GSR with oxiglutatione
showed a predicied binding free energy of -17.1 kcal/mol
(Figure5D, Table 1), both below the -5 kcal/mol threshold often
used to indicate potential binding in silico. It is essential to clarify
that these computational results indicate only theoretical binding
feasibility; the actual biological activity, safety, and therapeutic
efficacy of these candidates remain to be determined through
experimental and clinical validation. These findings provide
a computational rationale for future pharmacological studies. The
drug prediction analysis was conducted by screening all 23
candidate genes against the DGIdb database. To focus on the most
promising candidates for future research, selection criteria
included target-specific interactions and a predicted binding free

energy lower than -5.0 kcal/mol in molecular docking



simulations. The predicted binding affinities observed in these
models suggest that these compounds are promising candidates for
further in vitro and in vivo studies to evaluate their actual

modulatory effects on ITP-related pathways.

Figure 5 Molecular docking models and drug-target interaction
networks. (A)Integrative network of potential therapeutic drugs
and their corresponding candidate genes targets. (B-D)Detailed 3D
molecular docking visualisations showing the binding poses of
nortriptyline with SLC39A14 and oxiglutathione with GSR.
Predicted hydrogen bonds are indicated by dashed lines, with
specific amino acid residues and bond lengths labeled. The binding
free energy was calculated using Vina score, with values below -5.0

kcal/mol indicating high binding affinity.

3.6 Expression level validation of candidate genes and
RT-qPCR

Analysis of the GSE43179 dataset (Sequencing platform: GPL570)
revealed that all fourcandidate genes were significantly
downregulated in ITP samples (P < 0.05) (Figure6A). Experimental
validation in clinical samples by RT-qPCR confirmed the significant
downregulation of GABARAPL1, SLC39A14, and GSR in ITP
patients (P < 0.05) (Figures6B-D). However, the expression levels
of HIBADH showed no statistically significant difference between
ITP patients and healthy controls (P > 0.05)

(Figure6E), suggesting that, despite its identification in the initial
screening, it may be a less robust marker in this clinical
context. These results provide experimental support for the
association of GABARAPL1, SLC39A14, and GSR with ITP,
indicating that their decreased expression may play a role in
disease pathogenesis, while HIBADH remains a bioinformatic

candidate requiring further investigation.



Figure 6 Validation of candidate genes expression levels in the
discovery dataset and an independent clinical cohort. (A)
Expression profiles of SLC39A14, HIBADH, GABARAPL1, and GSR
in the discovery dataset GSE43179, consisting of 9 ITP patients and
10 healthy controls. (B-E) Relative mRNA expression levels of
GABARAPL1, SLC39A14, GSR, and HIBADH in a de-novo clinical
validation cohort (n=20 ITP patients and n=20 healthy controls),
respectively. For the clinical cohort, relative quantification was
performed using the 2 —AACt method, with GAPDH serving as the
internal reference. Data are presented as mean *= SD. Statistical
differences in the discovery dataset were assessed using the
Wilcoxon rank-sum test, while an unpaired Student’s t-test was
employed for inter-group comparisons in the clinical cohort.
Statistical significance is indicated as follows: *P<0.05, **P<0.01,

ns: not significant.

3.7 External validation of cendidate genes in independent
datasets

To further explore the reproducibility of the identified candidate
genes, two independent ITP-related transcriptomic datasets
(GSE205495 and GSE46922) were retrieved from the GEO
database. Analysis within these external cohorts indicated that the
expression trends of GABARAPL1, SLC39A14, and GSR remained
consistent with the discovery dataset (P < 0.05). For HIBADH,
significant differential expression was observed in GSE46922 (P <
0.05) but not consistently across all datasets, further supporting
the need for cautious interpretation of its role. This cross-dataset
consistency provides additional support for the reproducibility of
the findings for GABARAPL1, SLC39A14, and GSR, helping to
mitigate concerns regarding the potential instability of results
derived from a small discovery sample size. These results offer

cross-platform evidence for the selected candidate genes, with



GABARAPL1, SLC39A14, and GSR showing the most consistent

expression patterns across datasets.

Discussion

ITP is an autoimmune disorder characterized by both humoral
and cellular immune-mediated platelet destruction coupled with
impaired platelet production®. Emerging evidence indicates
that exosomes may play a role in ITP pathogenesis through
immunomodulation and intercellular communication®. Nevertheless,
the precise etiological pathways underlying ITP remain
incompletely understood, and specific diagnostic biomarkers are
still lacking. In this exploratory study, we employed bioinformatics
approaches to investigate potential exosome-associated candidate
genes and explore their functional pathways in ITP. Experimental
validation in peripheral blood samples from ITP
patients confirmed dysregulated expression patterns of three core
genes - GABARAPLI1, SLC39A14, and GSR
- suggesting their potential involvement in ITP pathogenesis. These
findings indicate that GABARAPL1, SLC39A14, and GSR may be
considered as potential candidate biomarkers for ITP. In contrast,
the inconsistent validation of HIBADH in clinical samples (P > 0.05)
suggests that its role may be more complex. Several factors could
contribute to this discrepancy, including the high background
expression from abundant cell populations masking subtle
T-cell-specific signals, heightened sensitivity of this metabolic
enzyme to transient physiological states, dietary factors, or
pharmacological interventions, as well as disparities in clinical
subtypes, disease stages, and treatment histories between
discovery and validation cohorts.

GABARAPL1 serves as a regulatory protein in autophagy



processes, playing a role in maintaining intracellular homeostasis
and cellular survival®. Research by Lei Li et al.? has suggested that
GABARAPL1 may modulate platelet production through its
regulation of autophagy levels in megakaryocytes. Ahmad Reza
Panahi Meymandi et al. further proposed that GABARAPL1
dysfunction may promote the survival and proliferation of
autoreactive lymphocytes, potentially disrupting immune tolerance
to platelet antigens. The autophagy process exhibits crosstalk with
exosome biogenesis, which could potentially influence autoimmune
responses against platelets?. Notably, studies
have reported significantly reduced GABARAPL1 expression in ITP
patients?, suggesting its possible contribution to disease
progression through multiple interconnected pathways, including
impairment of ubiquitin phosphorylation, dysregulation of PPAR
signaling pathways, compromised mitophagy, and suppression of
ferroptosis. Our current findings are consistent with these
observations, showing markedly lower GABARAPL1 expression in
ITP patients compared to healthy controls. These findings suggest
that GABARAPL1 may influence ITP pathogenesis through its
potential effects on megakaryocyte function and immune cell
homeostasis.

SLC39A14 functions as a zinc transporter that plays a role in
maintaining immune homeostasis?. Zinc deficiency or metabolic
dysregulation can promote inflammatory responses
and may contribute to autoimmune pathogenesis. Alterations in
SLC39A14 function or expression could disrupt zinc homeostasis,
thereby potentially participating in the immune dysregulation
observed in ITPY9. Zhizhao Deng et al.0 reported
a possible association between exosomes and

SLC39A14, showing that bone marrow mesenchymal stem



cell-derived exosomes deliver miR-16-5p to hepatocytes, leading to
post-transcriptional suppression of SLC39A14  expression.
Exosomes released from cells with low  SLC39A14
expression may modify intracellular zinc levels
and could exacerbate inflammatory responses®. Activated immune
cells might secrete exosomes carrying specific miRNAs or
autoantigens, which upon uptake by other immune cells,
could hypothetically influence ITP progression®. In our current
study, we observed significantly reduced SLC39A14 expression in
ITP patients compared to healthy controls. These findings suggest
that SLC39A14 may contribute to ITP pathogenesis through its
potential involvement in zinc metabolism dysregulation.

HIBADH serves as an enzyme in valine catabolism, catalyzing
the oxidation of 3-hydroxyisobutyrate to methylmalonate
semialdehyde, thereby playing a role in energy metabolism and
amino acid degradation®. In our study, although HIBADH was
identified as a candidate gene through bioinformatic screening, its
differential expression was not consistently validated in peripheral
blood samples from ITP patients by RT-qPCR (P > 0.05). This
discrepancy highlights the importance of experimental validation
for bioinformatic predictions. Several factors may explain this
inconsistency, including sample heterogeneity, technical variations
between microarray and RT-gPCR platforms, or the possibility that
HIBADH transcript levels in purified T-cells are influenced by
transient physiological states. Therefore, unlike GABARAPLI,
SLC39A14, and GSR which gained experimental support, HIBADH
should be regarded as a purely bioinformatic candidate whose role
in ITP, if any, remains to be clarified in future studies with larger
sample sizes.

GSR serves as an enzyme in the cellular antioxidant defense



system, playing a role in maintaining redox homeostasis®. Patients
with ITP exhibit a state of oxidative stress. Yanxia Zhan et
al.% reported that elevated reactive oxygen species (ROS) levels can
promote inflammatory cytokine release through immune cell
activation while simultaneously causing direct damage to both
platelets and megakaryocytes. Complementary research by Yuquan
Xie et al.9 suggested that excessive ROS may directly attack
platelet membrane phospholipids, thereby triggering platelet
apoptosis. Further investigations have shown that exosomes
secreted by immune cells under oxidative stress conditions may
carry increased loads of inflammatory non-coding RNAs®. When
internalized by megakaryocytes, these exosomes could amplify
oxidative stress and inflammatory
signaling, potentially exacerbating autoimmune responses. Our
current study identified significantly reduced GSR expression in
ITP patients compared to healthy controls. These findings suggest
that GSR may contribute to ITP pathogenesis through its potential
roles in antioxiaani defense and possible involvement in
exosome-mediated intercellular communication pathways.

The spliceosome, a macromolecular complex composed of small
nuclear ribonucleoproteins and auxiliary proteins, plays a role in
mRNA processing, and its dysfunction has been implicated in
various hematological disorders®. Emerging evidence suggests that
aberrant spliceosome regulation may lead to abnormal alternative
splicing of platelet production-related genes in megakaryocytes®.
Furthermore, spliceosome components might contribute  to
autoimmune responses through dysregulated activation of T and B
lymphocytes, potentially resulting in immune-mediated platelet
destruction®. Andrea Pellagatti et al.? reported that exosomes can

transport spliceosome-associated non-coding RNAs,



thereby potentially modulating gene expression in recipient cells
through intercellular communication. Our GSEA indicated that
GABARAPL1, SLC39A14, HIBADH, and GSR are enriched in the
spliceosome signaling pathway. These findings raise the possibility
that exosomes derived from aberrant immune cells may transmit
splicing-related signals, potentially influencing megakaryocyte
differentiation and platelet maturation. Notably, these four
candidate genes also showed enrichment in the neuroactive
ligand-receptor interaction pathway and ubiquitin-mediated
proteolysis signaling
pathway, suggesting their possible involvement in multiple
regulatory pathways in ITP pathogenesis.

miR-484 has been studied in various cancers and metabolic
disorders, where it has been suggested to play a regulatory role in
apoptosis and mitochondrial function signaling pathways®. Existing
research has indicated that miR-484 may modulate apoptotic
processes in immune ceilsY raising the hypothesis that its
dysregulated expression might contribute to T-cell homeostasis
imbalance in ITP. Another study? suggested that miR-484 may
interfere with megakaryocyte differentiation and maturation by
modulating the Wnt/MAPK signaling pathway and downregulating
B-catenin expression. Through potential targeting of SLC39A14---a
zinc transporter---miR-484 could hypothetically exacerbate cellular
zinc deficiency in the hematopoietic microenvironment. Zinc ions
are essential for both T-cell receptor signaling and terminal
maturation of megakaryocytes; consequently, the
miR-484/SLC39A14 axis may exert dual effects. Our bioinformatic
analyses suggest that miR-484 may target and potentially regulate
SLC39A14 expression. This potential regulatory

interaction could hypothetically contribute to impaired T-cell



function and disrupted megakaryocyte development,
ultimately possibly influencing platelet homeostasis in
ITP. However, these findings are based on computational
predictions and require experimental validation.

Our study conducted exploratory drug prediction analyses for
the four candidate genes, indicating that SLC39A14 and GSR may
have predicted interactions with candidate compounds. The
downregulation of SLC39A14 may disrupt cellular zinc homeostasis,
subsequently potentially inducing T-cell dysfunction - a core
pathological mechanism in ITP. Beyond its conventional role in
monoamine neurotransmitter modulation, nortriptyline has been
reported to exhibit immunomodulatory properties®. Emerging
evidence suggests that nortriptyline might interact with SLC39A14
to regulate zinc ion flux in either megakaryocytes or T-cells,
thereby hypothetically improving the immmune microenvironment or
promoting megakaryocyte maturation?. This provides a
computational rationale for exploring nortriptyline as a candidate
for drug repurposing, although its actual immunomodulatory
efficacy in ITP requires rigorous experimental testing. Our study
further identified significant downregulation of GSR in ITP patients.
GSR deficiency leads to glutathione (GSH) depletion, rendering
platelets vulnerable to ROS-mediated damage, which triggers
premature apoptosis and may exacerbate platelet destruction. As
the direct substrate of GSR, oxidized glutathione (GSSG) showed
predicted binding affinity to the enzyme in silico. This suggests that
therapeutic interventions enhancing GSR activity could
hypothetically scavenge excessive ROS in ITP patients, thereby
potentially preserving platelet membrane integrity, though this

remains to be tested experimentally.



In this exploratory study, @ we investigated exosome-related
genes in ITP using a combination of transcriptomic analysis and
preliminary experimental validation. Our findings identified
GABARAPL1, SLC39A14, and GSR as potential candidate genes
with experimental support from clinical samples, as their
downregulation was confirmed by RT-qPCR in an independent
cohort. HIBADH, while identified through bioinformatic screening,
did not show statistically significant differential expression in
clinical validation (P > 0.05) and should therefore be regarded as a
purely bioinformatic candidate requiring further
investigation. Computational drug predictions suggested potential
binding  feasibility @ between SLC39A14/nortriptyline and
GSR/oxiglutatione, providing a theoretical basis for future
pharmacological studies, though these findings require
experimental confirmation.

Several important limitations should be considered. The modest
sample size of the discovery cohort (n=19) represents a major
constraint, and the findings should be interpreted
as hypothesis-generating rather than definitive. The lack of
validation for HIBADH underscores the necessity of experimental
confirmation for all bioinformatic predictions. Additionally, the
computational drug predictions indicate only theoretical binding
feasibility and do not demonstrate biological activity or therapeutic
efficacy.

In summary, this study provides preliminary evidence for the
involvement of GABARAPL1, SL.C39A14, and GSR in ITP and offers
candidate genes and testable hypotheses for future research.
Further investigations with larger, multi-center cohorts and
functional studies are warranted to validate these findings and

explore their clinical relevance.
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