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A B S T R A C T   

Genetic defects in sperm are responsible for a great percentage of male infertility. Dysregulation of these genes 
directly influences sperm morphology, motility, and viability. Therefore, analyzing gene expression aberrancies 
is a must in male infertility. Microarray analysis is practically used for several aspects of male infertility, 
including the detection of differentially expressed genes and the identification of potential infertility biomarkers. 
We conducted a meta-analysis using microarray datasets, including the datasets containing sperm tissues from 
both healthy and infertile males. Seven datasets qualified for inclusion in this study and were then transformed 
into a single set of meta-data. For these genes, expression and diagnostic analyses were conducted. Additionally, 
enrichment analysis revealed the role and function of these genes in cellular processes. Six genes—S100Z, 
SLC2A2, IMPG1, HOXD12, RAPGEFL1, and DMBX1—were found to be significantly down-regulated in the sperm 
of infertile men. Notably, the expression of these genes was highly correlated in the sperm of these men. In 
addition, receiver operating curve analysis indicated that these genes may serve as useful biomarkers for 
infertility diagnosis. The role of these genes in transporting glucose, vitamins, and fructose as the sperm’s pri
mary fuel source was suggested by pathway analysis.   

Edited by: Niraj Babu. 

1. Introduction 

Infertility is a developing concern, affecting between 10 and 15% of 
couples worldwide (Wasilewski et al., 2020). Male factor infertility ac
counts for approximately 50 % of all sterility cases, with sperm abnor
malities being the most common cause (Kumar and Singh, 2015). The 
traditional analysis of sperm provides fundamental information 
regarding sperm count, motility, and morphology but fails to identify 
the underlying molecular abnormalities (Boitrelle et al., 2021; Vasan, 
2011; Auger, 2010). 

Microarray analysis is a high-throughput technique that permits the 
simultaneous identification of numerous gene expression alterations 
(Mutch et al., 2001). Recently, it has been utilized to investigate the 
genetic basis of male infertility and sperm dysfunction (Garrido et al., 

2013; Garrido et al., 2009). Sperm microarray analysis can provide a 
comprehensive picture of the sperm’s molecular landscape, including 
gene expression patterns and DNA copy number variations (CNVs) that 
may be responsible for infertility (Waclawska and Kurpisz, 2012). The 
identification of specific genes and pathways involved in sperm function 
and fertilization can lead to the development of novel therapeutic tar
gets for male infertility (You et al., 2019). So far, over 2000 genes and 
pathways are recognized to be involved in spermatogenesis; hence, 
spotting differentially expressed genes (DEGs) may disclose infertility 
etiology (Babakhanzadeh et al., 2020; Lee and Ramasamy, 2018). 
Among the genes associated with male infertility and the disorders 
caused by their defect are CFTR (congenital unilateral/bilateral absence 
of vas deferens), AR (non-obstructive azoospermia) (Bieniek et al., 
2021), LRRC6 (primary ciliary dyskinesia) (Li et al., 2023), APOA1 
(testicular amyloidosis) (Houston et al., 2022), and SRY (sexual devel
opment disorders) (Jiang et al., 2013). Signaling pathways such as JAKs, 
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MAPKs, etc. are also involved in this disease (Fig. 1). Genetic factors 
account for approximately 15% of the causes of male infertility, which 
may manifest as deficiencies in sperm count or sperm quality (Salas- 
Huetos and Aston, 2021). However, the genetic cause of male infertility 
remains unknown in about 40% of cases (Krausz and Riera-Escamilla, 
2018). Several DEGs and CNVs have been confirmed to play a role in 
spermatogenesis and fertilization as a result of microarray analysis of 
sperm from infertile men. For instance, Hashemi et al. used microarray 
analysis to reveal multiple gene dysregulations such as RAD23B, 
OBFC2A, CHEK2, TRIP13, and POLD4, which primarily mediate DNA 
damage detection and repair and regulate cell proliferation (Hashemi 
Karoii et al., 2022). 

The identification of biomarkers for male infertility is one of the most 
important applications for sperm microarray analysis (Kovac et al., 
2013; Malcher et al., 2013; Vashisht and Gahlay, 2020). Moreover, 
microarray is also advantageous in selecting the finest sperm for assisted 
reproduction technology (ART) (Guo et al., 2023; Zhang et al., 2010). 
However, there are limitations to the use of microarray analysis on 
sperm samples. First, for accurate analysis, the integrity of the sample is 
essential. Any contamination with somatic cells can bias the results by 
introducing variations unrelated to fertility (Indriastuti et al., 2022). 
Second, there is no standard protocol for sperm microarray analysis, 
which makes comparing results across studies challenging. Conducting a 
broad microarray meta-analysis can help overcome these complications. 

In this study, we use a meta-analysis approach using NCBI.GEO 
(Barrett et al., 2012) microarray studies to discover DEGs in the sperm of 
infertile men compared to the fertile control group and assess their 
potency as novel diagnostic biomarkers. In fact, data from various 
sources is analyzed as meta-data to enhance the validity and reliability 
of the results. 

2. Materials and methods 

2.1. Data filtration 

Data regarding microarrays were downloaded from the NCBI.GEO 
database. We have searched for sperm tissue datasets. Our search 
phrases include “infertile OR sterile” AND “sperm OR semen” AND 
“healthy OR control OR fertile OR normal”. Both fertile and infertile 
datasets were integrated into a single meta-data set. This investigation 

included ten datasets (GSE14078, GSE6872, GSE6967, GSE44133, 
GSE4797, GSEGSE6969, GSE26982, GSE9210, GSE160749, and 
GSE34514) (Lalancette et al., 2009; Platts et al., 2007; Metzler-Guille
main et al., 2015; Pacheco et al., 2011; Okada et al., 2008; Jodar et al., 
2012) that met our inclusion criteria. The characteristics of the dataset 
are listed in Table 1. We used the GEOquery package to import data from 
the NCBI repository into R 4.2.1 (Davis and Meltzer, 2007). 

2.2. Quality control and assurance 

Each dataset’s preprocessed form was utilized for further analysis. By 
using imaging of microarray chips and RNA degradation plots quality of 
these studies were assessed (Raman et al., 2009), and the integrity of the 
selected data was evaluated. Then, the distribution of datasets were 
measured through boxplot. Using normalizebetweenarray from the 
LIMMA program, the data was normalized. A boxplot of meta-data 
before and after normalization is depicted in Fig. 2. 

Fig. 1. The influence of genetic factors in male infertility. Several mutations in genes such as PLCZ1, AZF family and CFTR and chromosomal structural defects can 
lead to decreased sperm count, motility and vitality. 

Table 1 
Characteristics of selected studies.  

Dataset GPL Sample 
Size 

Reproductively status Decision 

GSE14078 GPL6104 46 F Included 
GSE160749 GPL17692 24 F and InF Excluded 

GSE26982 
GPL6244 
GPL8490 39 only Inf Included 

GSE34514 GPL570 8 F and InF Excluded 
GSE44133 GPL4133 11 F Included 
GSE4797 GPL10558 28 F and InF Included 
GSE6872 GPL570 21 F and InF Included 
GSE6967 GPL2507 13 F and InF Included 

GSE6969 
GPL570 
GPL2507 
GPL2700 

44 F and InF Included 

GSE9210 GPL887 58 InF (non-obstructive and 
obstructive) 

Excluded 

Accession number for each dataset (GSE) and used microarray chip (GPL), 
sample size of datasets, reproductive status including Fertility (F) or Infertility 
(InF) and presence in final meta-data is mentioned in this table. 
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2.3. Defining meta-data 

Using the ComBat function from the SVA package, selected datasets 
were merged into a singular meta-data record, and the batch effect was 
removed (Leek et al., 2012). On this meta-data, expression and diag
nostic analysis were then performed. We have used a venn diagram to 
detect the intersection of probes on each platform. There are 14,228 
probes in the best-case scenario. Moreover, GSE9210 was excluded from 
the aforementioned datasets due to its small number of evaluated genes. 

2.4. Principal component investigation 

Principal component analysis (PCA) was utilized to assess the 

expression profiles of various datasets and meta-data. PCA is the most 
prevalent method for evaluating the similarity of genetic profiles among 
various samples (Bro and Smilde, 2014). The PCA graphic groups sam
ples into clusters based on their resemblance to one another. We used 
principal component analysis to assess the similarity of genetic profiles 
between fertile and an infertile samples. Neither GSE160749 nor 
GSE34514 presented sufficiently differentiated samples to be included 
in the meta-data. In addition, samples exhibiting abnormal behavior 
were omitted from the study on the basis of the PCA performed on the 
meta-data. 

Fig. 2. Boxplot of the meta-data. Picture above (red boxes) indicate the distribution of samples before normalization where the picture below (blue boxes) depicts the 
normalized meta-data. 
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2.5. Analyzing gene expression variation 

We have highlighted DEGs between infertile and fertile groups using 
the LIMMA package in R4.2.1 (Ritchie et al., 2015). The study design 
was based on the difference between the average expression of infertile 
and fertile. Using the FDR approach, statistically significant DEGs were 
isolated. In addition, the DEGs’ correlation was assessed with the use of 
the cor function (Pearson coefficient) and heatmap visualization. 

2.6. Receiver operating characteristics curve analysis 

We checked how well these genes worked as diagnostic biomarkers 
by using GraphPad Prism 9 to do a Receiver Operating Characteristic 
(ROC) curve analysis on the meta-data (Hajian-Tilaki, 2013). The area 
under the curve (AUC) for each DEG was calculated independently for 
each gene. Further, the sensitivity (Sen) and specificity (Spe) of each 
biomarker were also calculated. The optimal cut-off was calculated for 
each gene according to the Youden Index through the following formula: 
Specificity + Sensitivity – 1, and the highest resulted value was 
considered the optimal cut-off point (Böhning, 2015). Furthermore, we 
have applied linear regression assess the potential of these DEGs as a 
combined diagnostic biomarker. The analysis was conducted using SPSS 
version 27. Subsequently, the average expression of each DEG were 
multiplied by the calculated coefficients and then aggregated with a 
constant value to yield a singular biomarker model. 

2.7. Enrichment 

The EnrichR ontology and pathway analysis were used to look into 
the biological processes, molecular functions, and cellular parts of the 

enrichment DEGs (Kuleshov et al., 2016). The odds ratio and combined 
score of significant results (Adj.P.Val < 0.05) were then included. 

3. Results 

3.1. Dataset characteristics and sample distinctions 

After evaluating inclusion and exclusion criteria, ten studies were 
qualified to be included in this study. (Table1) GSE14078 and GSE44133 
contained only fertile samples, but GSE26982 contained only infertile 
sperm expression data. These datasets cannot be studied separately and 
must be compared to the appropriate control group; thus, constructing a 
meta-data and performing batch effect correction is the best strategy to 
handle this problem. Moreover, due to their high degree of similarity, 
two datasets were excluded from the meta-data for further analysis. 
Fig. 3 illustrates the PCA plot of meta-data. The PCA of the meta-data 
displays that genetic profiles of these two groups are highly dispersed; 
however, the majority of samples are likely to be distinguish between 
the fertile and infertile categories, making it suitable for expression 
analysis. 

3.2. Expression analysis 

According to the FDR method, among approximately 14,228 genes, a 
total of six were found to be dysregulated in the infertile group 
compared to the healthy fertile, including: S100Z (S100 Calcium Bind
ing Protein Z), SLC2A2 (solute carrier family 2 member 2), IMPG1 
(interphotoreceptor matrix proteoglycan 1), HOXD12 (homeobox D12), 
RAPGEFL1 (Rap guanine nucleotide exchange factor like 1), and DMBX1 
(diencephalon/mesencephalon homeobox 1). These genes were 

Fig. 3. PCA plot of the meta-data. Red and blue dots are representative of fertile and infertile samples respectively. Healthy fertile men tend to locate right side of the 
PCA plot while infertile are mostly located at the left. Accession number of each sample is also added to the plot to identify samples with high dispersion. 
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significantly (adjusted P value <0.05) down taken in the infertile group 
almost four times (Log Fold Change < − 2) below normal values. The 
DEG analysis results are presented comprehensively in Table 2. Among 
these DEGs, HOXD12 was the most down-regulated (LogFC = − 2.6) 
while DMBX1 was the least down-regulated among these (LogFC = − 2). 
According to the meta-analysis, the amount of all these genes was at 
least four times lower in the sperm of infertile group. This suggests that 
there is a good chance that these DEGs are also significantly dysregu
lated in the datasets listed separately. 

3.3. Correlation analysis 

Fig. 4A illustrates the heatmap of correlation analysis between fertile 
and infertile groups, while Fig. 4B depicts the correlation between 
identified DEGs. Based on our findings, the correlation between these 
DEGs and sperm tissue is high (ρ > 0.75). Among the identified DEGs, 
IMPG1 has the lowest correlation to other genes, while other genes are 
nearly as highly correlated as >0.90. In other words, the expression of 
these genes tends to decrease simultaneously in infertile sperm based on 
the correlation results. This could be due to a variety of circumstances, 
such as the transcription of these genes being mediated by shared fac
tors, or simply because they all play important roles in sperm 
fertilization. 

3.4. ROC analysis 

As previously noted, abnormalities in expression could be used as an 
indicator to differentiate between different states of an illness. In case of 
infertility and according to our ROC curve analysis, all six DEGs show 
promising and significant usage in distinguishing infertility cases. Based 
on the ROC curve, SLC2A2 was the most potential diagnostic biomarker 
(AUC = 0.79, Sen = 0.91, and Spe = 0.68). Moreover, S100Z, RAP
GEFL1, HOXD12, DMBX1, and IMPG1 may provide favorable diagnostic 
biomarkers, respectively. Fig. 5 provides additional information about 
the results above. The SEN and SPE of these DEGs were assessed using 
the Youden index. Interestingly, all of them demonstrated valuable SEN, 
but they did not exhibit the same level of SPE. The combined model was 
derived through performing linear regression (using the forward 
approach) on the results. It was generated using the formula: (SLC2A2* 
-6.92) + (RAPGEFL1* 5.31) + (S100Z* -2.88) + 14.89. Contrary to 
predictions, the AUC values did not exhibit a significant rise (AUC =
0.806, P value <0.0001). Furthermore, the SEN of the proposed 
biomarker reduced to 74%, but the SPE increased to 100%. 

3.5. Enrichment analysis 

Functional analysis indicated the role of these genes in mono
saccharide transmembrane transporter activity (GO: 0015415), fructose 
transmembrane transporter activity (GO: 005353), and dehydroascorbic 

Table 2 
Dysregulated genes in sperm of infertile men.  

Genes LogFC AveExpr t P.Value Adj.P.Val 

S100Z − 2.502583752 4.540991924 − 7.869844153 8.68E-12 1.26E-07 
SLC2A2 − 2.394007223 4.458132888 − 7.570613989 3.51E-11 2.55E-07 
IMPG1 − 2.327159937 4.639426893 − 7.199985918 1.96E-10 9.47E-07 
HOXD12 − 2.639138043 4.649579351 − 6.766454857 1.42E-09 5.16E-06 
RAPGEFL1 − 2.382114253 5.281461005 − 5.512379259 3.51E-07 0.001019646 
DMBX1 − 2.007710761 4.753559015 − 5.229184865 1.14E-06 0.002768283 

These genes are significantly (adj.P.Val < 0.05) down-regulated in great amounts (LogFC < − 2). In addition, average expression of these genes are also mentioned. 
Furthermore, t and p values are presented. 

Fig. 4. (A) Correlation analysis between fertile and infertile samples displayed as a heatmap. (B) Correlation of identified DEGs indicate they tend to dysregulate 
consistently in sperm tissue of infertile men. Therefore, down-regulation observed in one of these gene increases the chance of down-regulation in other DEGs. 
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acid transmembrane transporters (GO: 0033300). Moreover, pathway 
analysis pointed out that these genes are responsible for mediating the 
onset of diabetes in young people type II diabetes mellitus, carbohydrate 
digestion, and absorption. Full results are available in Table 3. 

4. Discussion 

The World Health Organization (WHO) defines infertility as the 
inability to attain a clinical pregnancy after at least 12 months of un
protected sexual intercourse (Barak and Baker, 2000), and this defini
tion applies to both genders. Globally, approximately 15% of all couples 
in their reproductive years suffer from this disease (Saha et al., 2021). In 
20–30% of couples, the masculine factor is the only cause of infertility, 
whereas in 50% of cases, it is one of several factors that contribute to 
infertility (Masoumi et al., 2015). Despite the fact that the majority of 
cases of infertility are primarily caused by genetic and epigenetic ab
normalities, the causes of 70% of male infertility cases are still unknown 
(Winters and Walsh, 2014). 

Recent reproductive applications of microarray analysis include the 
identification of genes with aberrant expression and, of course, as a 
potential fertility diagnostic tool. For example, Caballero-Campo et al. 
(2020) identified several dysregulated microRNAs in men with asthe
nozoospermia through microarray analysis. They also suggested that 
these dysregulated microRNAs may disrupt certain biological processes 
(Caballero-Campo et al., 2020), Additionally, another study proposed a 
diagnostic biomarker for infertility and sperm quality, which involves 
analyzing dysregulated miRNAs using microarray data (Joshi et al., 

2022). Interestingly, Sahoo et al. (2021) conducted a thorough investi
gation on dysregulated transcripts obtained from high-throughput 
techniques, emphasizing the significance and practicality of these 
methods in the context of infertility. 

We have performed a meta-analysis on the microarray data of gene 
expression in sperm from two categories of men: healthy men and 
infertile men leading to discovery of six down-regulated genes in the 
sperm of infertile group. The fact that these genes (S100Z, SLC2A 2, 
IMPG1, HOXD12, RAPGEFL1 and DMBX1) exhibited significant down- 
regulation in the meta-analysis suggests that they are of the uttermost 
importance. In this regard, the S100 protein family consists of calcium- 
binding proteins. Despite their diminutive size, these proteins play a 
crucial role in a vast array of cellular processes, including cell prolifer
ation, differentiation, and mortality (Gonzalez et al., 2020). For 
instance, the overexpression of S100A12, a member of the S100 family, 
was observed in the semen of infertile men (Bagheri et al., 2016). S100Z 
protein is another member of the S100 proteins that our results suggest 
is decreased in infertile sperm; however, so far, no studies have been 
conducted to evaluate the expression and role of S100Z in male infer
tility, which emphasizes the concept of unrevealed underlying mecha
nisms. Furthermore, IMPG1 as one of the other dysregulated genes is a 
member of the IMPG gene family (Meunier et al., 2014). The majority of 
interphotoreceptor matrix proteoglycans are encoded by IMPG1 and it 
has been shown to code a protein called SPACR, which is highly 
expressed in the testis (Fagerberg et al., 2014). Mutations in IMPG1, 
especially frame shifts, can lead to aberrant expression as well as the 
deletion of the C-terminal portion of the SPACR protein, resulting in 

Fig. 5. ROC curve analysis of identified DEGs. The diagnostic ability of identified DEGs were assessed via application of ROC curve analysis. All six genes, are 
significantly favorable in case of diagnosis (AUC > 0.7). The evaluation of sensitivity and specificity revealed even though these genes are greatly sensitive in 
identifying infertile men, they may lack enough specificity of an ideal diagnostic biomarker. 
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infertility (Manes et al., 2013), but just like S100Z, not many studies are 
conducted to identify the role of IMPG1 and assess its expression. 
Moreover, we observed the decreased levels of HOXD12 which is related 
to the homeobox genes, also known as HOX genes. HOX genes are a 
family of genes responsible for regulating the anterior–posterior axis 
during embryo development. For a long time, it was believed HOXD 
genes are only necessary for uterine receptivity (Du and Taylor, 2015), 
but our findings suggest remarkable influence in infertile sperm too. 

Interestingly, HOXD has been observed to play crucial roles in female 
infertility, but no studies have not discussed its role on male sterility 
which raises the necessity of detailed research (Akbas and Taylor, 2004). 
SLC2A2, as the other dysregulated gene, codes a protein also known as 
GLUT2 which is not only a glucose transporter but also in control of 
fructose transportation. GLUT2 is mainly dysregulated in diabetes II 
(Thorens, 2015); this is important due to the fact that fructose is the 
primary energy source of semen (Helsley et al., 2020). Therefore, 
decreased levels of this protein could disrupt fructose up-take of sperms 
leading to energy deficit and eventually cause lower mobility and 
infertility. Down-regulation of DMBX1 is perhaps the most interesting 
dysregulation among these DEGs, as DMBX1 is a homeodomain tran
scription factor specially expressed in the brain. It seems like DMBX1 is 
mainly expressed during embryogenesis, and therefore, expression ab
errations of this gene can lead to severe damage. Additionally, we 
postulate that down-regulation of DMBX1 is greatly correlated with 
male infertility (Hirono et al., 2016). Based on our findings, RAPGEFL1, 
also known as Link-GEFII, is a vaguely down-regulated gene that is 
predicted to facilitate the function of guanine nucleotide exchange 
factors. According to the enrichment analysis, these genes play crucial 
roles, most notably in the transportation of glucose, vitamins, and 
especially fructose, which is considered the primary source of energy for 
the mitochondria in sperm cells. In this regard, it seems like adjusting 
defects in the transportation system may do well in infertility treatment. 

Interestingly, identified genes in the sperm of infertile males appear 
to be strongly interrelated. This suggests that the simultaneous down- 
regulation of six genes in sperm tissue is what causes infertility. Ac
cording to the ROC analysis, all of these genes met the requirements for 
functioning as diagnostic indicators of infertility; however, additional 
research may be required to validate these results prior to their clinical 
application. What sets this study apart from previous research is its 
discovery of new dysregulations that have not been previously examined 
in the context of fertilization. As a result, these findings are not only 
relevant for biomarker studies but also have the potential to uncover the 
underlying mechanism of this condition. 

Furthermore, due to recent advances, the isolation of specific cells is 
now feasible, and with the help of genome editing technologies such as 
CRISPR-Cas and TALENs, treating genetic abnormalities associated with 
infertility is now possible not only in embryos but also in parental germ 
cells. In this case, applying preferred genetic modifications by CRISPR/ 
Cas9 to immature sperm, especially spermatogonial stem cells, followed 
by ART is a leading therapy procedure (Vassena et al., 2016). Moreover, 
using hypomethylating agents, which is suggested as a novel therapy for 
some cancers, could be considered in infertility treatment, too. There
fore, we believe finding out the underlying reason for the identified 
down-regulations could provide promising therapeutic targets. 

Altogether, we believe the dysregulation of these genes greatly in
fluences infertility and simultaneously acts as an identifying biomarker 
of infertility; therefore, it should be considered for further studies. 

5. Conclusion 

Downregulation of six novel genes (S100Z, SLC2A2, IMPG1, 
HOXD12, RAPGEFL1, and DMBX1) in the sperm of infertile males was 
identified by this study via meta-analysis of microarray data. Further
more, the potential use of these dysregulations as diagnostic biomarkers 
was demonstrated through ROC curve analysis. 

5.1. Future prospective 

Advantages of using microarrays for infertile sperm include the 
discovery of underlying genetic pathways and the suggestion of novel 
diagnostic biomarkers. Our findings may prove useful in the treatment 
and accurate diagnosis of male infertility. 

Table 3 
Pathway and ontology analysis.  

KEGG Pathways 

Term Adjusted P- 
value 

Odds Ratio Combined 
Score 

Fructose Transmembrane 
Transport (GO:0015755) 

0.020967582 666.2666667 4108.590826 

Dehydroascorbic Acid 
Transport (GO:0070837) 

0.020967582 571.0571429 3445.289983 

Glucose Import (GO:0046323) 0.020967582 363.3272727 2044.882815 
Hexose Transmembrane 

Transport (GO:0008645) 
0.020967582 190.2190476 955.5316922 

Glucose Transmembrane 
Transport (GO:1904659) 

0.020967582 190.2190476 955.5316922 

Nervous System Development 
(GO:0007399) 

0.020967582 22.69489559 113.8706689 

Vitamin Transport 
(GO:0051180) 

0.031606356 105.0315789 467.6978365  

Molecular Function 
Monosaccharide 

Transmembrane Transporter 
Activity (GO:0015145) 

0.012590324 799.56 5053.709148 

Fructose Transmembrane 
Transporter Activity 
(GO:0005353) 

0.012590324 666.2666667 4108.590826 

Dehydroascorbic Acid 
Transmembrane Transporter 
Activity (GO:0033300) 

0.012590324 666.2666667 4108.590826 

D-glucose Transmembrane 
Transporter Activity 
(GO:0055056) 

0.014372827 399.68 2284.210592 

Hyaluronic Acid Binding 
(GO:0005540) 

0.014372827 307.4 1682.802968 

Hexose Transmembrane 
Transporter Activity 
(GO:0015149) 

0.014372827 266.3866667 1422.778691 

Glucose Transmembrane 
Transporter Activity 
(GO:0005355) 

0.018460915 173.6608696 857.2874885 

Double-Stranded DNA Binding 
(GO:0003690) 0.031480234 14.92746914 63.19504037 

Sequence-Specific Double- 
Stranded DNA Binding 
(GO:1990837) 

0.031480234 13.52103787 54.78051148 

Sequence-Specific DNA 
Binding (GO:0043565) 

0.031480234 13.48181818 54.54989117  

Biological Process 
Fructose Transmembrane 

Transport (GO:0015755) 0.020967582 666.2666667 4108.590826 

Dehydroascorbic Acid 
Transport (GO:0070837) 0.020967582 571.0571429 3445.289983 

Glucose Import (GO:0046323) 0.020967582 363.3272727 2044.882815 
Hexose Transmembrane 

Transport (GO:0008645) 
0.020967582 190.2190476 955.5316922 

Glucose Transmembrane 
Transport (GO:1904659) 

0.020967582 190.2190476 955.5316922 

Nervous System Development 
(GO:0007399) 0.020967582 22.69489559 113.8706689 

Vitamin Transport 
(GO:0051180) 

0.031606356 105.0315789 467.6978365 

Pathway analysis for identified DEGs based on KEGG are presented. Moreover, 
molecular function and biological processes mediated by these genes are also 
provided alongside their adj.p.val, odds ratio and combined score. 
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5.2. Limitations 

Although the study of microarrays is a high-throughput method, we 
recommend verifying the data with a gold-standard method, such as 
real-time polymerase chain reaction (RT-PCR). Given the scarcity of 
samples, we would be overjoyed if subsequent research confirmed the 
molecular level findings reported here. As for the diagnostics, com
menting on ideal biomarkers require several studies with a wide sample 
size, therefore, testing our findings on a cohort will disclose the accurate 
and real ability of these DEGs in identifying infertility. 
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