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Objective: To identify key mitochondrial autophagy-related genes (MARGS) in fetal growth restriction (FGR)and evaluate their
diagnostic potential through bioinformatics and machine learning approaches.

Methods: The GSE24192 dataset were obtained from Gene Expression Omnibus data base (GEO). Differentially expressed genes
(DEGs) were identified using differentially expressed analysis. Mitochondrial autophagy-related genes (MARGs) were identified using
GeneCards. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were performed with
the clusterProfiler package. Protein-protein interaction (PPI) network was constructed using STRING, and key genes were selected
using machine learning. Receiver operating characteristic (ROC) curves assessed diagnostic performance of key genes. Immune
infiltration analysis was used to evaluated immune microenvironment. The miRNAs were predicted in TargetScan website.

Results: A total of 42 MARGs were identified in FGR samples, and three key genes (THBS1, RAB15, LMO7) were selected through
machine learning methods. These genes showed high diagnostic potential with area under the curve (AUC) values of 0.97, 0.95, and 0.92,
respectively. Immune infiltration analysis revealed significant increase of CD8+ T cells, endothelial cells, and macrophages in FGR samples.
Correlation analysis indicated THBS1 was positively related to several immune cells, while RAB15 and LMO7 were negatively related to
several immune cells. The miRNA-mRNA regulatory network revealed four miRNAs potentially regulating these key genes.
Conclusion: In conclusion, our study identified THBS1, RAB15, and LMO7 as key mitochondrial autophagy-related genes in FGR,
with potential as diagnostic biomarkers.
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Introduction

Fetal growth restriction (FGR) is a severe complication during pregnancy, affecting 5-10% of pregnancies globally, and
it is a significant cause of perinatal morbidity and mortality." FGR is primarily caused by placental insufficiency, where
the placenta fails to meet the oxygen and nutritional needs of the growing fetus.? It usually leads to preterm birth, low
birth weight, and long-term health impacts for the child, such as neurodevelopmental delays and cardiovascular
diseases.>* Despite extensive research, the underlying molecular mechanisms leading to FGR are still not fully under-
stood. Traditional diagnostic methods, such as Doppler ultrasound, typically detect FGR at a late stage, limiting effective
interventions.” Therefore, identifying specific molecular biomarkers and understanding the pathways involved in FGR
development are critical for early diagnosis and targeted treatments.

Mitochondrial autophagy is a key cellular process responsible for the degradation and recycling of damaged
mitochondria.® It plays a vital role in maintaining cellular homeostasis, particularly in tissues with high energy
demands.”® Abnormal mitochondrial autophagy is associated with various diseases, including neurodegenerative dis-
orders, cardiovascular diseases, and cancer.” In such cases, dysregulated mitochondrial autophagy often leads to impaired
cellular metabolism and increased oxidative stress, thereby promoting disease progression.'®'! Recent studies suggest
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that mitochondrial autophagy may also play a role in placental disorders, including preeclampsia and FGR.'*'® The
placenta, being a metabolically active organ, heavily relies on mitochondrial function to support fetal growth.'®
Dysregulated mitochondrial autophagy in the placenta can impair mitochondrial quality control, leading to placental
dysfunction and subsequent FGR.'*'¢ At present, except some biomarkers related to inflammation in FGR had been
identified,'”'® several studies indicate that genes involved in mitochondrial autophagy can serve as diagnostic and

prognostic biomarkers for other diseases, such as female lung adenocarcinoma and ovarian cancer, >

suggesting that
mitochondrial autophagy-related genes (MARGs) may also have diagnostic value in FGR. Machine learning algorithms,
such as random forest and Lasso regression, have been widely applied in genomics to identify key biomarkers by
reducing data dimensionality and improving predictive accuracy. Numerous studies have already used these methods to
identify important marker genes and apply them in clinical practice.*'***

Given the potential link between mitochondrial autophagy and FGR, this study aimed to identify key MARGs
associated with FGR using bioinformatics analysis and machine learning algorithms. By integrating gene expression data
of FGR and normal placental samples, we performed differential expression analysis, pathway enrichment, and machine
learning-based gene selection to uncover critical genes involved in FGR. Additionally, we explored the immune
microenvironment in FGR placentas and examined the role of key genes in immune regulation. This study aims to
provide new insights into the molecular mechanisms of FGR and identify potential biomarkers for early diagnosis and

therapeutic intervention.

Methods

Data Acquisition and Preprocessing

The GSE24129 dataset was downloaded from the Gene Expression Omnibus data base (GEO) database. This dataset
comprises placental tissue samples from 8 FGR cases and 8 healthy controls. Informed consent was obtained from each
patient and the study protocol was approved by the Ethical Review Board for Human Genome Studies at Fujita Health
University in these GEO dataset.”> The data were log2-transformed and normalized prior to analysis to eliminate
differences between samples and ensure data consistency. In addition, MARGs were screened using “mitochondrial
autophagy” as the keyword on the GeneCard website.

Differentially Expressed Gene (DEG) Screening
The “limma” R package was used to screen the DEGs in the preprocessed data. The screening criteria were set as: adjusted
p-value (FDR) less than 0.05, and [log2FoldChange(FC)| greater than 1, to filter out significantly differentially expressed genes.

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)

Enrichment Analysis

GO and KEGG enrichment analyses were performed using the clusterProfiler R package. For GO enrichment analysis,
the function enrichGO() was used to identify significant entries for DEGs in biological processes (BP), molecular
functions (MF), and cellular components (CC). For KEGG pathway analysis, the function enrichKEGG() was used to
identify significantly enriched signaling pathways. The results were visualized using the ggplot2 R package.

Protein-Protein Interaction (PPl) Network Construction

The STRING database was used to construct a PPI network for the screened mitochondrial autophagy-related DEGs,
assessing their interactions. In this network, nodes represent proteins, and edges represent interactions. The PPI network
was visualized using Cytoscape software.

Machine Learning

To further filter the key genes related to FGR among the intersecting genes, three machine learning methods were
applied: Random Forest (RF), Support Vector Machine (SVM), and Lasso regression. Gene expression data were
subjected to feature selection and classification using these methods.
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The RF algorithm was used to rank the importance of genes through “randomForest” package. The importance scores
were derived from the voting results of multiple decision trees. The model error was evaluated through 5-fold cross-
validation, and the top-ranked important genes were identified.

The SVM model was evaluated through 5-fold cross-validation, and the number of features was incrementally
increased to determine the best performance at different feature counts. The optimal number of features was determined
by the cross-validation error and accuracy curve based on “e1071” package.

Lasso regression with regularization was used to select key genes “glmnet” package. Genes corresponding to non-
zero coefficients were selected based on the optimal penalty parameter (lambda).

Receiver Operating Characteristic (ROC) Curve

To assess the diagnostic performance of key genes as biomarkers, the “pROC” package was used to plot ROC curves and
calculate the area under the curve (AUC) for each gene. AUC values were used to evaluate the ability of the genes to
distinguish between normal and FGR samples. AUC values range from 0.5 to 1.0, with values closer to 1 indicating
higher diagnostic performance. The final results were visualized using the ggplot2 package.

Risk Prediction Model Based on Key Genes and Validation

A nomogram was constructed using the “rms” R package, based on either a Cox regression model or logistic regression
model. The nomogram() function was used to generate an individualized prediction model, with the calibration curve
plotted using the calibrate() function. The model’s predictive performance was evaluated using 1000 bootstrap iterations
to assess the agreement between the model’s predictions and actual outcomes. Decision curve analysis (DCA) was
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Figure | Differential expression and enrichment analysis of mitochondrial autophagy-related genes in FGR samples. (A) Volcano plot of DEGs in FGR samples. (B) GO
enrichment analysis of DEGs. (C) KEGG pathway enrichment analysis of DEGs. (D) Venn diagram showing the intersection of DEGs and MARGs.
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Figure 2 PPl network of intersecting genes.

performed using the “stdca” R package’s dca() function to assess the clinical net benefit of the model at different
threshold probabilities.

Immune Infiltration Analysis
Immune cell infiltration was analyzed using the “IOBR” R package, applying two commonly used algorithms (EPIC and xCell),
to assess immune cell composition and the tumor microenvironment in the samples.

EPIC algorithm: EPIC was used to estimate the relative abundance of different types of immune cells in the tumor
samples, particularly T cells, B cells, macrophages, and others. EPIC analysis was performed using the epic() function,
which outputs the proportions of each cell type.

xCell algorithm: The xCell algorithm was used to comprehensively analyze the relative abundance of 34 types of
immune and stromal cells. The xcell() function was employed for this analysis, and the results provided enrichment

scores for both immune and stromal cells.

miRNA Target Gene Prediction and Regulatory Network Construction

To further investigate the regulatory mechanisms of key genes, we used the TargetScan database to predict potential
miRNAs targeting key genes. The collection of miRNAs targeting these key genes was filtered, and an intersection
analysis was performed to identify commonly regulated miRNAs. The STRING database was then used to construct
a PPI network for the key genes, identifying their interaction relationships. Combining the results of the PPI network and
miRNA target prediction, a miRNA-mRNA regulatory network was constructed using Cytoscape software to visualize
the regulatory relationships between key genes and miRNAs.
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Figure 3 Feature selection of intersecting genes using RF, SVM, and Lasso regression methods. (A) Error variation curve in the RF model. (B) Importance ranking of genes in
the RF model. (C) Cross-validation error in the SVM model with varying feature counts. (D) Cross-validation accuracy in the SVM model with varying feature counts. (E)
Coefficient path in Lasso regression. (F) Venn diagram showing the intersecting genes selected by SVM, RF, and Lasso regression methods.

Statistical Analysis

All statistical analyses were performed using R software (version 4.4.1) and SPSS. The diagnostic value of hub
mitochondrial autophagy-related genes (MDRGs) was evaluated with receiver operating characteristic (ROC) curves.
A paired t-test was used for two-group comparisons. The correlation between two groups were analyzed using Spearman
correlation analysis. All tests were two-sided, and a p-value of less than 0.05 was regarded as indicating statistical

significance across all tests.

Results

The Selection of DEGs and Enrichment Analysis

In this study, we utilized the GSE24192 dataset from the GEO database to analyze the differences in gene expression between
fetal growth restriction (FGR) samples and normal placental samples. By applying a filtering criterion of log2FoldChange > 1
and g-value < 0.05, a volcano plot was generated (Figure 1A), identifying a large number of significantly differentially
expressed genes (DEGs), with 79 genes being significantly upregulated and 148 significantly downregulated.

Further GO and KEGG enrichment analyses were conducted on these overlap genes. As shown in Figure 1B, in the
aspect of BP, DEGs were mainly involved in small GTPase mediated signal transduction, regulation of cell-cell adhesion
and immune response-regulating signaling pathway. Besides, in the term of MF, DEGs play essential roles in DNA-
binding transcription activator activity, phosphoric ester hydrolase activity and ubiquitin-like protein ligase binding
(Figure 1B). In addition, these DEGs were mainly existed in cell leading edge, mitochondrial matrix and neuronal cell
body (Figure 1B). KEGG pathway enrichment analysis showed that the intersecting genes were significantly enriched in
autophagy, apoptosis and MAPK signaling pathway (Figure 1C).
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Subsequently, an intersection analysis was performed between these DEGs and MARGs identified from the GeneCard
database, resulting in 42 overlap genes (Figure 1D).

The Construction of PPl Network

Using the STRING database, we constructed a PPI network for the 42 mitochondrial autophagy-related DEGs (Figure 2).
The PPI network illustrated the interactions between proteins encoded by these genes. The nodes represent proteins, and
the edges represent interactions. Different colors of the edges indicate different types of interaction sources, including
experimental validation, database analysis, and text mining.

Machine Learning Model for Key Gene Selection

Three machine learning methods—RF, SVM, and Lasso regression—were used to perform feature selection on the
intersecting genes, with the results shown in Figure 3. Figure 3A shows the error variation in the RF model, with the
error gradually decreasing and stabilizing as the number of decision trees increases. Figure 3B presents the importance
ranking of genes in the RF model, where RAB15, AGL, and THBS1 were highly ranked. Figure 3C and D illustrate the
cross-validation error and accuracy variation in the SVM model at different feature counts, with the best model achieved
at 13 features, where the error was lowest and accuracy highest. Figure 3E displays the coefficient path of Lasso
regression, where the optimal number of features was determined at log(lambda) = —2.3, selecting six key features. The
results of the three machine learning methods were presented in a Venn diagram (Figure 3F), which identified three
intersecting genes that may play critical roles in the regulation of FGR.
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Figure 4 Expression and diagnostic performance analysis of three key genes in normal and FGR samples. (A) Bar plots showing the expression differences of THBSI,
RABIS5, and LMO7 between normal and FGR samples. (B) ROC curve and AUC value for THBSI. (C) ROC curve and AUC value for RABI5. (D) ROC curve and AUC
value for LMO7.
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The Expression and Diagnostic Value of Key Genes

To further validate the potential role of the intersecting genes in FGR, we performed expression analysis and evaluated the
diagnostic efficacy of three key genes: THBS1, RAB15, and LMO7. Figure 4A shows the expression differences of these three
genes between normal and FGR samples. The results indicate that THBS1 was significantly upregulated in FGR samples, while
RABI15 and LMO7 were significantly downregulated in the FGR group. ROC analysis showed that the AUC values were 0.97
(95% CI: 0.90-1.00) for THBS1, 0.95 (95% CI: 0.85-1.00) for RAB15, and 0.92 (95% CI: 0.79-1.00) for LMO?7 (Figure 4B-D),
indicating that these genes have high diagnostic potential in distinguishing FGR from normal samples.

Construction and Clinical Evaluation of the Nomogram

Subsequently, to further enhance the clinical significance of the key genes in diagnosis, we constructed a nomogram
based on the expression profiles of the three genes (Figure SA). The expression levels of each gene were converted into
corresponding scores through the nomogram, with the total score used to calculate the probability of FGR risk. A higher
total score corresponded to a higher risk of FGR. The calibration curve of the nomogram closely aligned with the ideal
45-degree diagonal line, indicating good calibration performance (Figure 5B). Additionally, decision curve analysis
(DCA) results showed that the model yielded higher net benefits across a wide range of threshold probabilities (0.1-0.8),
demonstrating the model’s potential clinical utility (Figure 5C).

Immune Infiltration Analysis

Since enrichment analysis indicated that DEGs were enriched in immune response-related pathways, immune infiltration
analysis was conducted. EPIC results showed that the proportion of CD8+ T cells significantly decreased in the FGR group,
while the proportions of endothelial cells and macrophages significantly increased (Figure 6A). xCell analysis revealed that the
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Figure 5 FGR risk prediction model and performance validation based on THBSI, RABI5, and LMO?7. (A) Nomogram based on the three key genes. (B) Calibration curve
of the nomogram. (C) DCA results for nomogram.
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proportions of activated dendritic cells (aDCs) and endothelial cells significantly increased in FGR samples, while the
proportions of classical dendritic cells (cDCs) and natural killer T (NKT) cells significantly decreased (Figure 6B).

Correlation Analysis Between Key Genes and Immune Cells

To further explore the potential mechanisms underlying FGR development, we analyzed the correlations between the key
genes and immune cell infiltration. Figure 7A shows that THBS1 was significantly positively correlated with aDCs,
cDCs, endothelial cells, NKT cells, and CD8+ T cells. Figure 7B shows that RAB15 was significantly positively
correlated with aDCs and macrophages, and showed a near-significant trend with cDCs. Figure 7C shows the correlation
between LMO7 and immune cell infiltration. LMO?7 was significantly negatively correlated with endothelial cells, CD8+
T cells, NKT cells, and aDCs, with the strongest correlations seen with NKT cells and endothelial cells.

The Prediction of Targeted miRNA and Construction of Regulatory Network

Finally, we constructed a regulatory network to further elucidate the interaction mechanisms between these key genes, providing
a new perspective for understanding the molecular mechanisms of FGR. Figure 8A shows the intersection of miRNAs targeting
THBSI1, RABI15, and LMO7, predicted using TargetScan. The results suggest that four miRNAs commonly target these three
genes, indicating that these miRNAs may play an important role in FGR regulation. Figure 8B shows the PPI network of THBSI1,
RABIS, and LMO7 constructed using the STRING database. The results indicate significant interactions between these key
genes and their interacting proteins, such as ACTN4, MICALI1, and TPM4. Finally, we constructed the miRNA-mRNA
regulatory network (Figure 8C) based on the PPI network and miRNA target prediction results, illustrating the regulatory
relationships between miRNAs, key genes, and their interacting proteins.

Discussion
FGR is a severe obstetric complication characterized by suboptimal fetal development due to placental insufficiency.
Understanding the molecular mechanisms underlying FGR is crucial for improving early diagnosis and treatment. In this
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Figure 7 Correlation analysis between key genes and immune cell infiltration. (A) Correlation between THBSI and immune cell infiltration. (B) Correlation between
RABI5 and immune cell infiltration. (C) Correlation between LMO7 and immune cell infiltration.

study, we used differential expression analysis, GO and KEGG enrichment, and machine learning techniques to explore
key molecular players involved in FGR. From the GEO dataset GSE24192, we identified DEGs between FGR and
normal samples. GO and KEGG enrichment analyses revealed important pathways related to mitochondrial autophagy,
cellular stress, and immune responses, all of which are known to play roles in placental development. By combining
these DEGs with a set of 4878 MARGSs, we identified 42 overlapping genes. Further filtering using machine learning
techniques, including RF, SVM, and Lasso regression, allowed us to pinpoint three key genes: THBS1, RABIS, and
LMO?7. Additionally, previous studies have found elevated levels of immune cell infiltration in FGR.** Similarly, our
immune infiltration analysis also revealed significant increases in various immune cells in the FGR group.

THBSI is a matricellular glycoprotein involved in various physiological processes, including tissue remodeling,
angiogenesis, and immune regulation.”>*® In our study, THBS1 was significantly upregulated in FGR samples and
showed high diagnostic efficacy, suggesting its potential as a biomarker for FGR. Previous literature indicates that
elevated THBS1 expression can promote endothelial cell proliferation and migration, contributing to disease
progression.”” Moreover, endothelial cells may release large amounts of inflammatory factors, exacerbating inflammation
and worsening the condition.?® On the other hand, numerous studies have found that abnormal angiogenesis and reduced
uterine blood flow can lead to pregnancy-related disorders such as FGR and preeclampsia.>’ THBSI can also inhibit
angiogenesis to a certain extent.’® Our study similarly found that THBS1 was highly expressed in FGR; however, THBS1
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did not show a strong correlation with endothelial cell infiltration. These results suggest that THBS1 may primarily
contribute to FGR development by inhibiting angiogenesis, rather than by promoting endothelial cell infiltration to
secrete inflammatory factors.

RABI5, a member of the RAB GTPase family, is involved in vesicle transport and the regulation of autophagy.’'
Research on RAB15 is limited. Early studies mainly focused on its role in endocytosis.**>* Later, researchers found that
RABI5 is also involved in non-small cell lung cancer proliferation and neuroblastoma differentiation.***® More recently,
RABI5 was discovered to enhance the antiviral capacity of T cells by promoting DC activity,’’ suggesting that RAB15
may play a role in other immune responses as well. Our results indicate that RAB15 is negatively correlated with
macrophage and DC infiltration, implying that RAB15 may regulate immune responses by inhibiting the infiltration of
these cells, thereby affecting FGR development.

LMO?7 is an actin-binding protein expressed in multiple tissues.”® In cancer studies, LMO?7 is upregulated in most
tumor tissues, promoting cancer progression by enhancing cell proliferation and epithelial-mesenchymal transition
(EMT).**** However, our results indicate that LMO7 expression was significantly reduced in FGR, suggesting that
LMO7 may function differently in FGR than it does in cancer. A recent study found that LMO7 can inhibit inflammation
by suppressing macrophage activation.** Previous studies also showed that an increase in the M1 macrophage phenotype
leads to a rise in total macrophages in pregnancy-related disorders such as preeclampsia.***® Our immune infiltration
analysis also revealed a significant increase in macrophage infiltration. However, the correlation between macrophages
and LMO?7 was not significant, possibly because our analysis included both pro-inflammatory M1 macrophages and anti-
inflammatory M2 macrophages.
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In summary, this study successfully identified three key MARGs (THBS1, RAB15, and LMO?7) that show strong diagnostic
potential. Moreover, these genes may influence energy metabolism by regulating mitochondrial autophagy, immune responses,
and angiogenesis, thereby inhibiting placental energy supply to the fetus and leading to FGR. Future studies should validate these
biomarkers in larger cohorts and explore their therapeutic significance. However, several limitations should be considered. First,
the dataset used for analysis was relatively small, and further validation in larger, independent cohorts is needed to confirm the
diagnostic and mechanistic findings. Additionally, while bioinformatics predictions provide valuable insights, in vitro and in vivo
functional studies are required to validate the roles of these key genes.

Overall, this study offers new insights into the molecular mechanisms of FGR, particularly the involvement of
mitochondrial autophagy and immune responses. Future research should explore the functions of these key genes in FGR
and assess their potential as diagnostic and therapeutic targets.
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