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Abstract: Background: Open spina bifida (myelomeningocele) is the result of the failure of spinal cord
closing completely and is the second most common and severe birth defect. Open neural tube defects are
multifactorial, and the exact molecular mechanism of the pathogenesis is not clear due to disease com-
plexity for which prenatal treatment options remain limited worldwide. Artificial intelligence techniques
like machine learning tools have been increasingly used in precision diagnosis.

Objective: The primary objective of this study is to identify key genes for open neural tube defects using
a machine learning approach that provides additional information about myelomeningocele in order to
obtain a more accurate diagnosis.

ARTICLE HISTORY Materials and Methods: Our study reports differential gene expression analysis from multiple datasets
(GSE4182 and GSE101141) of amniotic fluid samples with open neural tube defects. The sample outliers
ﬁ:f,::zdh;:z;“;g ;8’22022 in the datasets were detected using principal component analysis (PCA). We report a combination of the
Accepted: March 25, 2022 differential gene expression analysis with recursive feature elimination (RFE), a machine learning ap-
Do proach to get 4 key genes for open neural tube defects. The features selected were validated using five
10.2174/1389202923666220511162038 binary classifiers for diseased and healthy samples: Logistic Regression (LR), Decision tree classifier
@ S (DT), Support Vector Machine (SVM), Random Forest classifier (RF), and K-nearest neighbour (KNN)

SS)

with 5-fold cross-validation.

Results: Growth Associated Protein 43 (GAP43), Glial fibrillary acidic protein (GFAP), Repetin (RPTN),
and CD44 are the important genes identified in the study. These genes are known to be involved in axon
growth, astrocyte differentiation in the central nervous system, post-traumatic brain repair, neuroinflam-
mation, and inflammation-linked neuronal injuries. These key genes represent a promising tool for fur-
ther studies in the diagnosis and early detection of open neural tube defects.

Conclusion: These key biomarkers help in the diagnosis and early detection of open neural tube defects,
thus evaluating the progress and seriousness in diseases condition. This study strengthens previous litera-
ture sources of confirming these biomarkers linked with open NTD’s. Thus, among other prenatal treat-
ment options present until now, these biomarkers help in the early detection of open neural tube defects,
which provides success in both treatment and prevention of these defects in the advanced stage.

Keywords: Spina bifida, myelomeningocele, PCA, recursive feature elimination (RFE), machine learning-based classifica-
tion, NTD’s.

1. INTRODUCTION in this process affects the neurulation process, which results
in brain and spinal cord defects [3], affecting the morphoge-
netic process of the neural tube closure. Thus, anencephaly
and open spina bifida (myelomeningocele) are such neural
tube defects observed in children due to the abnormal clo-
sure of neural tubes in the brain and spinal cord. Evidence
suggests that the failure of neural tube closure is the key
feature resulting in open neural tube defects [4]. On the oth-
er hand, ample evidence convinces us that even genetic and
environmental factors also play an important role in the pro-
cess of open NTD’s [5, 6].

After the process of successful initiation of neural tube
formation, failure of the closure of the neural tube at the de

Neural tube defects, or NTD’s are the second most
common and severe birth defects whose number of cases in
pregnant women varies from 0.5 to more than 10 per 1,000
women (1 in 1000 live birth) worldwide [1]. During embry-
ogenesis, a few cells of the ectoderm form a neural tube
which gives rise to the central nervous system (CNS), and
this is the most important structure observed in the embryo
and is essential for the developing organism [2]. Any defect
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novo initiation site results in open NTDs. Defects in the
brain and spinal cord result in lethal conditions shortly after
birth. If there is any defect in the brain, it results in anen-
cephaly, encephalocele, craniorachischisis (severe condi-
tion), and a defect in the spine and spinal cord results in
spina bifida. Babies with this condition are found to have
neural tissues within meninges covered sac that protrudes
through the open vertebrae (myelomeningocele; spina bifida
cystica) or are exposed directly to the amniotic fluid (mye-
locele). Some having open spina bifida need intensive medi-
cal care due to various medical conditions and neurological
presentations [5].

It is found that most of the NTDs are multifactorial in
which each gene plays an important role individually for the
risk factor and is sufficient in causing the neural tube clo-
sure defects in humans [7]. Epidemiologic studies and ex-
perimental models have identified some novel candidate
genes that play an important role in causing NTDs in hu-
mans. However, exact gene-gene interaction and gene envi-
ronmental factors are yet to be understood due to their com-
plexity [5].

The foetal surgery to improve motor function is the only
therapeutic aid available for myelomeningocele. The under-
standing of molecular mechanisms of the disease is limited
not only by the availability of biological samples but also
due to rapidly changing gene expression patterns in the de-
veloping foetus. Whole-genome mRNA expression profiles
from amniotic fluid samples (GSE4182: five spina bifida
and four healthy control samples) have been reported. All
the spina bifida samples in the study lack closure of the neu-
ral tube [8]. The study highlights the contribution of SLA,
LST1, and BENE genes in the development of neural tube
defects. Transcriptomic analysis of amniotic fluid with mye-
lomeningocele has been reported by Tarui and colleagues
[9]. The study reports 284 differentially regulated genes and
includes 10 control and 10 myelomeningocele amniotic flu-
id supernatant samples (GSE101141). Genes associated with
neurodevelopment and neuronal regeneration (GAP43 and
ZEB1) along with known genes associated with mye-
lomeningocele PRICKLE2, GLI3, RAB23, HES1, FOLR1
have been reported to play an important role. Recently, Li
et al. have reported hub gene analysis and miRNA-mRNA
network for the GSE4182 dataset. A total of 967 candidate
genes were identified to be plausibly involved in the patho-
physiology of spina bifida (open neural tube defect) [10].
miRNA-mRNA network was also confirmed recently by
Sun and his colleagues with experiments in a mouse model
showing miR-222-3p to be an important biomarker in
NTDs. The study reports the downregulation of miR-222-3p
in the Wnt/B-catenin signaling pathway by inhibition of
DNA damage transcript 4 (Ddit4), resulting in abnormal cell
proliferation and apoptosis, leading to neural tube closure
defects [11].

Neurotrophic factors present in the brain, for example,
Brain-derived neurotrophic factor (BDNF), have been
shown to bind to a receptor tyrosine kinase B (TrkB), which
leads to the migration of neural crest cells for a normal
sympathetic nervous system (SNS) development. Any defect
in the migration of neural crest cells facilitated by TrkB sig-
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nalling leads to abnormal sympathetic nervous system
(SNS) development, and also its overexpression leads to
neuroblastoma cancer [12]. BDNF has also been shown to
be linked with caffeine metabolism involving Sirtuin
1/BDNF regulation and synaptic plasticity. Studies also
suggest that anti-aging genes and caffeine metabolism are
linked to Non-Alcoholic Fatty Liver Disease (NAFLD),
diabetes, and chronic diseases [13], and therefore, overcon-
sumption of caffeine during pregnancy results in a lot of
open neural tube defect complications [14].

GSE4182 and GSE101141 represent one of the few stud-
ies on amniotic fluid samples with open neural tube defects.
In the present study, we report the use of machine learning
algorithms to identify important gene markers contributing
to the pathophysiology of open neural tube defects from the
existing gene expression data. Due to high dimensional and
low sample size datasets of myelomeningocele, our ap-
proach involves a combination of the traditional fold change
method along with feature selection using recursive feature
elimination (RFE) to filter the most important genes to dis-
tinguish between healthy and diseased samples and derive
insightful inferences on biological functions and pathways
involved.

2. MATERIALS AND METHODS
2.1. Data Collection and Pre-processing

The gene expression profile of amniotic fluid for open
neural tube defects was downloaded from the Gene Expres-
sion Omnibus database (GEO, https://www.ncbi.nlm.nih.
gov/geo/) with Homo sapiens as the inclusion criteria.
GSE4182 reports microarray analysis of foetal mRNA iso-
lated from amniocytes collected by amniocentesis. The da-
taset represents one of the few studies available on human
foetus microarray detected using Affymetrix Human Ge-
nome U133 Plus 2.0 Array [HG-U133 Plus 2] and repre-
sents 4 Spina Bifida (open neural tube defect) and 5 Normal
human foetus samples. GSE101141 reports amniotic fluid
transcriptomics of foetuses with myelomeningocele detected
using Human Genome U133 Plus 2.0 arrays and represents
10 myelomeningocele and 10 control samples.

Affymetrix CEL files were downloaded from NCBI
GEO, accession number GSE4182, GSE101141, and re-
normalized using the RMA method in AltAnalyze software
[15, 16]. Outliers in the datasets were detected and removed
using the inter-quartile range. Principal component analysis
(PCA) was used for clustering and outlier analysis in the
diseased and control samples [17].

2.2. Differentially Expressed Gene Analysis by Fold
Change Method

Differentially expressed genes were calculated with log2
transformed data of GSE4182 and GSE101141individually.
A gene was ‘Downregulated’ for the log2 fold change < -2
and ‘Upregulated’ for the log2 fold change > 2 when the
adjusted p values were < 0.05 and the data was visualized
using heatmaps. The structure of the data in the set of 2-fold
differentially expressed genes was analysed using the com-
plete-linkage (farthest neighbour) algorithm with ‘Euclide-
an’ metric measure.
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2.3. Machine Learning Binary Classifiers

For all the further studies, myelomeningocele dataset
(GSE101141) was selected as the training data. The dataset
was scaled with MinMax Scalar and Power Transformed to
obtain the normal Gaussian distribution. Scikit-learns “test-
train split () class was used to split the data into train and
test sets with a ratio of 80: 20 with 5-fold cross-validation.
Logistic Regression (LR), Decision tree classifier (DT),
Support Vector Machine (SVM), Random Forest classifier
(RF), and K-nearest neighbour (KNN) classifier [18] were
used as binary classifiers between diseased and control
samples. All the five algorithms were implemented using the
Scikit-learn machine learning library (Version 0.21.2) [19].

2.4. Marker Gene Selection using Machine Learning

Two different machine learning algorithms, Recursive
feature elimination (RFE) and Random Forest classifier
(RFC) [20], for feature selection were applied to the whole
dataset of myelomeningocele using the Scikit-learn python
module [19]. Recursive feature elimination [21] is basically
a backward selection of the predictors based on model per-
formance. Since RFE trains the whole dataset, every time it
drops a feature, it requires heavy computational time. Ran-
dom Forest classifier for feature selection is a tree-based
strategy and is applicable to “large p, small n” problems.
Each tree in the RFC algorithm is trained on a random sub-
set of features, and ranks are assigned to the features by
decreasing the mean impurity at the node [20].

2.5. Identification and Validation of Marker Genes

The performance of selected marker genes was validated
using LR, DT, SVM, RF, and KNN with test-train split ()
and 5-fold cross-validation as used in binary classifiers be-
tween diseased and control samples. The performance of all
the 5 classifiers was measured using accuracy, precision,
and area under the ROC curve (AUC) as the performance
metrics [22-24].

2.6. Functional Enrichment Analysis

Enrichment analysis, including Over-Representation
Analysis (ORA), and Gene Set Enrichment Analysis
(GSEA), were performed using WebGestalt (WEB-based
Gene SeT AnaLysis Toolkit) [25]. Enrichment analysis was
done separately for upregulated and downregulated features.
All the results were validated with a statistical significance
of p-value <0.05. Gene-Gene interaction network was per-
formed for the selected biomarker genes through the Gene-
MANIA Cytoscape plugin command-line tool [26].

3. RESULTS
3.1. Data Preparation

The raw data files (CEL) of GSE101141 (10 diseased
and 10 healthy controls) and GSE4182 (4 diseased and 5
healthy controls) were downloaded, and the data was pro-
cessed using AltAnalyze v.2.0 0 (http://www.altanalyze.org).
The RMA method (Robust Multiple Array Average) was
applied to all Affymetrix CEL files, detection above back-
ground (DABG) with p-value < 0.05, and the probe sets
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were annotated. All the GSM files were renamed as ‘C’ for
Control/healthy samples and ‘S’ for diseased samples. Data
with missing ‘Gene Symbols’ was dropped, and a total of
41,597 gene features were selected for further analysis. Out-
lier detection and treatment in both datasets were performed
using interquartile range (IQR) (Fig. S1).

Principal Component Analysis is a linear dimensionality
reduction technique and can be used for extracting infor-
mation from high dimensional space by projecting it as a
vector (a lower-dimensional sub-space). PCA of GSE4182
shows that sample S3 (GSM94601) is very close to that of
healthy controls. Similarly, in GSE101141, control C7
(GSM2699731) is very close to that of disease samples. Al-
so, sample clustering of GSE4182 showed that S3 is clus-
tered with other healthy control samples and clustering of
GSE101141 showed that C7 is clustered along with diseased
samples (Fig. 1). Therefore, S3 and C7 samples were elimi-
nated from further analysis.

3.2. Differential Gene Expression and Functional En-
richment Analysis

In GSE4182, a total of 840 genes were differentially
regulated with an absolute fold change value of + 2 and an
adjusted p-value of <0.05 (Table S1). 5 Genes were upregu-
lated, and 10 genes were downregulated amongst the top 15
genes sorted by absolute fold change value (Table 1). The
heatmap plotted for differentially regulated genes shows a
clear distinction between diseased and control samples (Fig.
2A). Genes GPMO6A (Glycoprotein M6A) and TUBB2B
(Tubulin Beta 2B Class IIb) are upregulated and known to
be involved in the neuron migration pathway (GO:
0001764) and neuron projection morphogenesis pathway
(GO: 0048812) along with PTPRZ1 (protein tyrosine phos-
phatase, receptor type Z1) gene. The KEGG pathway analy-
sis of upregulated genes in this dataset are involved in Oste-
oclast differentiation (hsa04380), Staphylococcus aureus
infection (hsa05150), Transcriptional misregulation in can-
cer (hsa05202), Adipocytokine signaling pathway
(hsa04920), Phagosome (hsa04145) , MicroRNAs in cancer
(hsa05206) , Systemic lupus erythematosus (hsa05322),
Cytokine-cytokine receptor interaction (hsa04060), JAK-
STAT signaling pathway (hsa04630), Amyotrophic lateral
sclerosis (ALS) (hsa05014) and downregulated genes are
involved in Tight junction(hsa04530), Hippo signaling
pathway(hsa04392),  Systemic  lupus erythematosus
(hsa05322), NF-kappa B signaling pathway(hsa04064), Mucin
type  O-glycan  biosynthesis(hsa00512),  Alcoholism
(hsa05034), FoxO signaling pathway(hsa04068), ErbB sig-
naling pathway(hsa04012), Non-small cell lung cancer
(hsa05223) and Axon guidance(hsa04360) (Fig. 3A, Table
S3).

A total of 29 genes were differentially regulated with
an absolute fold change value of +1.5 and an adjusted
p-value of <0.05 (Table S2). In contrast, only one gene,
PDZRN3 (PDZ domain containing ring finger 3),
was observed to be downregulated and the remaining 14
were upregulated amongst the top 15 genes sorted by
absolute fold change for GSE101141 (Table 2). Like the
GSE4182 dataset, the differentially expressed genes for
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Fig. (1). Clustering and principal component analysis of (A) GSE4182 (B) GSE101141. Samples S3 and C7 were removed from further
analysis. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).

Table 1. List of top 15 differentially expressed genes ranked by the absolute value of the fold change for GSE4182.

Probeset Symbol logFC p-value Adj. p-value Regulation
205000_at DDX3Y -5.85 1.46013E-05 0.004272919 Down
201909 _at LOC100133662 /// RPS4Y1 -5.40 7.42371E-09 0.000301974 Down

221008_s_at AGXT2L1 -5.11 0.000513329 0.015471965 Down

209469 _at GPM6A 4.98 8.6895E-05 0.007223776 Up
204469 _at PTPRZI 4.82 3.66137E-05 0.005409601 Up

214023 _x_at TUBB2B 4.55 0.000513718 0.015471965 Up

225895 _at SYNPO2 -4.30 0.004473876 0.048679104 Down
228170_at OLIGI 428 0.000174858 0.009334244 Up
223720_at SPINK?7 -4.16 0.000583189 0.016382868 Down
226803 _at CHMP4C -4.11 0.001338642 0.025023867 Down

(Table 1) contd....
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Probeset Symbol logFC p-value Adj. p-value Regulation
1564960_at KRTAP7-1 -4.06 0.000336396 0.012669992 Down
206912 _at FOXE1 -4.04 0.000267143 0.011474723 Down
209470_s_at GPM6A 4.03 0.000231394 0.010638966 Up
219995_s_at ZNF750 -4.03 1.30607E-06 0.002380474 Down
205964 _at ZNF426 -3.99 3.91642E-05 0.005493382 Down
. Control Sample
Control Sample = l
| _u
=) !
| .l
(B) u"
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. "
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4 21
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Fig. (2). Differential gene expression analysis represented by heatmap and volcano plots for (A) GSE4182 and (B) GSE101141 datasets. (C)
4 genes are common in differentially expressed genes for GSE4182 and GSE101141. (4 higher resolution / colour version of this figure is

available in the electronic copy of the article).

GSE101141 show a clear distinction between healthy con-
trols and diseased samples (Fig. 2B). The KEGG pathway
analysis of this dataset’s upregulated genes showed
involvement in biosynthesis of unsaturated fatty acids
(hsa01040), vasopressin-regulated water reabsorption
(hsa04962), fatty acid metabolism (hsa01212), shigellosis
(hsa05131), drug metabolism (hsa00982), bile secretion
(hsa04976), PPAR signaling pathway (hsa03320), ECM-
receptor interaction (hsa04512), salivary secretion
(hsa04970), hematopoietic cell lineage (hsa04640) and
downregulated genes showed involvement of axon guidance
(hsa04360), bladder cancer (hsa05219), VEGF signaling
pathway (hsa04370), mitophagy (hsa04137), shigellosis

(hsa05131), epithelial cell signaling in Helicobacter pylori
infection (hsa05120), prolactin signaling pathway
(hsa04917), adherens junction (hsa04520), bacterial
invasion of epithelial cells (hsa05100), and EGFR tyrosine
kinase inhibitor resistance (hsa01521) (Fig. 3B, Table S4).
Though the FDR is < 0.05 for functional enrichment
analysis, the p-value is < 0.05 for all the enriched path-
ways. Correlation analysis in the differentially expressed
gene sets shows a clear distinction between the diseased
and the healthy controls (Fig. 2). 4 Genes 'GAP43'
(growth-associated protein 43), 'RPTN' (Repetin),
'CEACAMG6' (carcinoembryonic antigen-related cell ad-
hesion molecule 6 (non-specific cross-reacting antigen),
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Fig. (3). Functional enrichment analysis of KEGG pathways of up and down-regulated genes (A) GSE4182 (B) GSE101141. GO analysis
has been provided in the supplemental information. (4 higher resolution / colour version of this figure is available in the electronic copy of

the article).

Table 2. List of top 15 differentially expressed genes ranked by the absolute value of the fold change for GSE101141.

Probeset Symbol logFC p-value Adj. p-value Regulation
1553454 _at RPTN 4.18 4.39725E-05 0.048500241 Up
203540_at GFAP 4.12 4.23228E-05 0.048500241 Up
204489 _s_at CD44 3.45 2.10527E-06 0.017124244 Up
204471 _at GAP43 3.34 1.98423E-05 0.045128701 Up
210067 _at AQP4 3.30 5.4523E-05 0.049276697 Up
232578 _at CLDNI8 3.27 5.23796E-05 0.049276697 Up
226228 at AQP4 3.26 3.04098E-05 0.045128701 Up
213975 s at LYZ 2.80 6.23675E-06 0.031706064 Up
211726_s_at FMO2 2.38 2.12628E-05 0.045128701 Up
211657 _at CEACAM6 2.29 5.13881E-05 0.049276697 Up
212915 _at PDZRN3 -2.25 3.75728E-05 0.048500241 Down

(Table 2) contd....
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Probeset Symbol logFC p-value Adj. p-value Regulation
211708 s_at SCD 2.24 2.82754E-05 0.045128701 Up
209835_x_at CD44 2.14 1.8977E-06 0.017124244 Up
204526_s_at TBC1D8 2.06 4.41237E-05 0.048500241 Up
224568 _x_at MALAT1 2.06 1.42846E-06 0.017124244 Up

'TFAP2A' (transcription factor AP-2 alpha (activating en-
hancer-binding protein 2 alpha) were common in both the
datasets. These genes are involved in tight junction
(hsa04530) and Axon guidance (hsa04360). Details of bio-
logical processes involved are provided in the supplemental
information (Fig. S2).

3.3. Machine Learning-based Selection of Marker Genes

The normalized GSE101141 dataset with 41,957 gene
features was used for further analysis. The outliers in the
dataset were detected and dropped using interquartile range
(IQR), reducing the number of features to 40,670. The ‘Con-
trol” sample was encoded to ‘0’, and the ‘Diseased’ sample
was encoded to ‘1’ to convert the categorical features to the
numeric features. Binary classification algorithms with gene
features as predictor variables were used to classify control
‘0’ vs diseased ‘1’ as target variables. Comparative perfor-
mance of five different classifier algorithms logistic regres-
sion (LR), decision tree classifier (DT), support vector ma-
chine (SVM), random forest classifier (RF), and K-nearest
neighbour (KNN) classifier is as shown in Fig. 4A. The bias
in the models was reduced by applying a 5-fold cross-
validation approach. Logistic regression showed an accura-
cy of 86.67% and AUC_ROC of 0.90, followed by KNN
with 80% accuracy and AUC ROC of 0.95. The dataset
used in the study has a high dimensionality and low sample
count. Dimensionality reduction and selection of important
features were performed using two different feature selec-
tion algorithms, Recursive Feature Elimination (RFE) and
Random Forest classifier (RFC). RFE can be implemented
using two different configuration options: the number of
features to be selected and the choice of the classification
algorithm. In this study, the top 15 gene features were se-
lected by RFE with LR as the classifier (Table S5). Since
RFE works by removing the features step by step and fitting
the model on the training data until the desired number re-
mains, it becomes computationally expensive.

Random Forests are the tree-based strategies and rank
the features by reducing the mean impurity called ‘Gini im-
purity’ on the overall trees. The top 15 features were select-
ed by RFC (Table S6). The selected features by RFE and
RFC were used to check the classification performance by
retraining the selected features (Fig. 4A). Features selected
by RFE improved the accuracy and AUC of all the five clas-
sifiers; in contrast, RFC reduced the accuracy and AUC
considerably.

It was of interest to look for common genes selected by
RFE and the fold change method as important biomarker
genes (Fig. 4B). Our study could identify 4 common °Bi-
omarkers’ for open neural tube defects. The top 4 genes se-
lected by absolute fold change value appear to be selected
by the RFE algorithm as well. ‘GAP43’ (Growth associated
protein 43) is a neuron-specific phosphoprotein selected by
both the fold change method and RFE method and is known
to play a critical role during neurogenesis in axon growth
and synapsis functions [27]. ‘GFAP’ (Glial fibrillary acidic
protein) is an intracellular protein found in astrocytes of the
central nervous system and one of the classical biomarkers
used for the diagnosis of neural tube defects in prenatal di-
agnosis through amniotic fluid [28]. ‘RPTN’ (Repetin) is a
protein-coding gene and is involved in the developmental
biology and keratinization pathways. ‘CD44’ is known to be
involved in neuroinflammation and inflammation-linked
neuronal injuries [29]. CD44 has been shown to be involved
in axon guidance, synaptic transmission, astrocyte differen-
tiation, and post-traumatic brain repair [30]. All the 4 bi-
omarkers identified are upregulated (Fig. 4C). GAP43 and
RPTN are also differentially regulated in GSE4182 spina
bifida datasets.

Gene-Gene interaction network predicted for proposed
biomarker genes through GeneMANIA Cytoscape plugin
command-line tool is shown in Fig. (5A). The network
shows 20 related genes and 145 total links based on protein-
protein interaction data collected from BioGRID and
PathwayCommons, genetic interaction data, shared protein
domains, co-localization, pathway data along with predicted
functional relationships between the genes [26]. GAP43
shows a shared protein domain with the MYOSA protein-
coding gene for Myosin V, a class of actin-based motor pro-
teins involved in cytoplasmic vesicle transport and anchor-
age. Mutations in MYOSA cause Griscelli syndrome type-1
(GS1), Griscelli syndrome type-3 (GS3), and neuroectoder-
mal melanolysosomal disease [31]. The network shows ge-
netic interaction between GAP43, GFAP, and CD44 genes
along with ABCC5, MYOS5A, ERBB4, CALM1, TIAM2,
and PRNP. Notably, ABBCS is a protein-coding gene asso-
ciated with glycosaminoglycan metabolism and has been
reported in Primary Angle-Closure Glaucoma disease [32].
PRNP gene observed in the network is plausibly involved in
neuronal myelin sheath maintenance and might play a role
in neuronal development [33]. ERBB4 gene belongs to the
EGFR subfamily of receptor tyrosine kinases, and defective
signalling of tyrosine kinase leads to abnormal sympathetic
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compared to control. (4 higher resolution / colour version of this figure is available in the electronic copy of the article).
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Fig. (5). (A) GeneMANIA Cytoscape composite network of RPTN, GAP43, GFAP, and CD44 showing 20 related genes and 145 total links.
(B) GeneMANIA Cytoscape composite network of GAP43, GFAP, and CD44 with Sirtuin 1 anti-aging gene. (4 higher resolution / colour
version of this figure is available in the electronic copy of the article).
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nervous system (SNS) development [12]. An extended gene
interaction network shows a possible interaction with Sirtuin
1, an anti-aging gene that plays a very important role in dis-
ease progress, treatment, prevention, and seriousness of the
open neural tube defects (Fig. 5B). This gene is also found
to be linked with various chronic diseases such as obesity,
cardiovascular disease, NAFLD, and neurodegenerative
diseases. Environmental factors are also associated with
Sirtuin 1 downregulation, and Sirtuin 1/OCT6 has been
shown to be linked to environmental stress induction neural
tube defects, and its activators play a crucial role in the
treatment of NTDs [34-36].

4. DISCUSSION

Spina bifida, also known as myelomeningocele, is one of
the most serious congenital anomalies diagnosed worldwide,
for which prenatal treatment options remain limited [1, 25,
37]. Open neural tube defects in amniotic fluid samples are
reported by two different datasets from the GEO database.
The fold change analysis of differential gene expression
shows that the two datasets, GSE101141 and GSE4182,
have differences in gene expression dynamics, the plausible
reason being the sample collection time is 24-weeks for
GSE101141 and less than 20 weeks for GSE4182. However,
a comparison of the differentially expressed genes from two
datasets representing open neural tube defects from amniotic
fluid samples shows that GAP43, RPTN, CEACAMS6, and
TFAP2A are common and are involved in the tight junction
(hsa04530) and axon guidance (hsa04360) pathways. The
gene-gene interaction network of the 4 biomarker genes
clearly indicates the involvement of tyrosine kinase signal-
ing, Calomodulin, and Prion protein (PRNP) genes that are
linked to neural tube defects. Apart from gene-gene interac-
tions, there are also certain environmental factors like folic
acid, maternal insulin-dependent diabetes, and maternal use
of certain anticonvulsant (antiseizure) medications that are
linked with multiple genes causing neural tube closure ef-
fects. [38-40]. However, direct linkages to these environ-
mental factors are beyond the scope of the current study.

In the present study, we propose a data-driven approach
for the identification of marker genes. Since the two datasets
cannot be merged, only GSE101141, due to its higher sam-
ple count, was used for machine learning algorithms. The
top 15 genes ranked by recursive feature elimination-based
machine learning approach by the validation with 5 different
binary classifiers (LR, DT, SVM, RF, and KNN) showed an
increase in accuracy with RFE selected features. A total of
four biomarker genes, GAP43, RPTN, CD44, and GFAP,
were identified to be common in both RFE-based and fold
change-based gene feature selection in the study. All four
genes are upregulated in GSE101141 (Fig. 4C). Out of the 4
genes, GAP43 and RPTN are also differentially expressed in
GSE4182.

As a member of the neuromodulin family, Growth Asso-
ciated Protein 43 (GAP43) is a major growth cone protein
and is a substrate for protein kinase C, which in response to
extracellular guidance cues, can regulate F-actin behaviour.
It is required for commissural axon guidance in the develop-
ing vertebrate nervous system [41]. The protein product of
this gene is associated with nerve growth which is the major

Current Genomics, 2022, Vol. 23, No. 3 203

component of motile growth cones that form the tip of cones
of the elongating axon. Apart from these functions, it also
plays an important role in axonal and dendritic filopodia
[42]. For a long time, GAP43 gene product protein has been
termed as growth or plasticity protein [43, 44]. This protein
is termed so because it is expressed at high levels in neu-
ronal growth cones during development and axonal regener-
ation. This protein is considered a crucial component of an
effective regenerative response in the nervous system.

Mascaro and his colleagues reported that downregulating
GAP43 causes a significant increase in the turnover of pre-
synaptic boutons using the RNA interference approach. In
addition, silencing hampers the generation of reactive
sprouts, and also their findings showed the requirement of
GAP43 in sustaining synaptic stability and promoting the
initiation of axonal regrowth. Thus, this protein plays a very
important role in the regenerative process in the nervous
system [45]. Basi et al. found that among several tissues and
cells examined, GAP43 mRNA was expressed only in neu-
rons. Developmental and regeneration-associated changes in
GAP43 synthesis appeared to be mediated largely at the
level of transcription of a single gene [46]. Nguyen et al.
reported that GAP43 interactions with neurotubulin in grow-
ing neurites extend the role of GAP43 at the mitotic spindle,
and also modification of GAP43 at its PKC phosphorylation
site directs its distribution to different membrane microdo-
mains that have distinct roles in the regulation of intrinsic
and extrinsic behaviours in growing neurons [47, 48]. Stud-
ies conducted by Kawasaki et al. in the developing rat spinal
cord showed the spatiotemporal expression of GAP43 in
neural development, axonal regeneration, and modulation of
synaptic function [49]. Thus, GAP43 serves as one of the
biomarkers in NTDs and is confirmed in our study.

Repetin (RPTN) protein is a member of the S100 family.
The human repetin gene is a member of the “fused” gene
family and localized in the epidermal differentiation com-
plex on chromosome 1q21. The “fused” gene family com-
prises profilaggrin, trichohyalin, repetin, hornerin, the
profilaggrin-related protein, and a protein encoded by
clorf10. Functionally, these proteins are associated with
keratin intermediate filaments and partially crosslinked to
the cell envelope [50]. For a long time, it has been known to
be expressed in the normal epidermis. In 2015, a study con-
ducted by Wang et al. showed that RPTN is ubiquitously
expressed with relatively high levels in the choroid plexus,
hippocampus, and prefrontal cortex in both mouse and the
human brain. This study was the first to report RPTN ex-
pression in the brain [51]. RPTN protein contains two EF-
hands, which structurally resemble the calcium-binding do-
main of Parvalbumin (PV). Calcium-binding proteins play
important roles in the brain and in psychiatric disorders in
which PV is regarded as a neuronal marker and has a poten-
tial key role in the pathophysiology of schizophrenia. Thus,
RPTN plays a potential role in emotional and cognitive pro-
cessing in which it is involved in cornified cell envelope
formation and has an important role in the pathogenesis of
schizophrenia and bipolar disorder [51].

Amniotic fluid glial fibrillary acidic protein (AF-GFAP)
is a brain-specific protein. As a part of an investigation for a
more sensitive and specific biochemical marker of NTD,
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Petzold et al. focused on a group of proteins specifically
expressed in the brain called brain-specific proteins (BSPs),
in which glial fibrillary acidic protein (GFAP) is one among
them and is considered as a potentially useful biomarker for
the specific diagnosis of open NTDs [52]. Of note, this pro-
tein had already been studied as a potential marker for
NTDs in the 1980s, but preceding works had failed to estab-
lish its interest in NTD diagnosis [53]. Among these BSPs,
GFAP is considered the major intermediate filament protein
of the astrocyte and is reported to indicate astrogliosis and
astrocytic activation [54, 55]. Thus, studies on the immuno-
histochemical profile of the myelomeningocele placode also
showed that GFAP is a standard marker showing strongly
positive in normal spinal cord development [56], and this
serves as a useful biomarker for the specific diagnosis of
open NTDs.

CD44 is a receptor for hyaluronan, among other extra-
cellular matrix components, and acts as a co-factor for
growth factors and cytokines [57]. CD44, which is the prin-
cipal cell membrane receptor for hyaluronic acid (HA), is
expressed in embryos on the surface of differentiated em-
bryonic stem cells at different stages of development [58].
Some growth factors bind to glycosaminoglycans (GAGs),
and HA action through the CD44 receptor is involved in
regulating these growth factors [59], which facilitates the
proliferation and migration of cells [60]. CD44 binds to HA
and participates in the migration of mesenchymal cells [61].
Wheatley and their team reported that in mouse embryos,
CD44 is strongly expressed on days 9.5—12.5 in heart, so-
mite, and extremity mesenchyme [62]. Previously, it has
been reported that CD44 was first observed in cephalic neu-
ral folding in chicken embryos and the mesenchyme and
ectoderm in the caudal region at a later stage [60]. Reduced
amounts of HA in NTDs may interfere with the migration
and proliferation of the stem cells in the neural tube and
prevent its closure [63]. The reduced amount of CD44 local-
ization due to HA depletion indicates that sufficient mesen-
chymal stem cells cannot migrate to the cranial and caudal
regions of the embryo, which prevents the neural folds from
fusing. So, the mesenchymal stem cells could not migrate
sufficiently to the cranial and caudal portions of the mesen-
chyme, which caused the failure of the neural folds to unite
[64]. Thus, CD44 also serves as a potential marker for the
open NTDs.

CONCLUSION

To conclude, recursive feature elimination (RFE), along
with absolute fold change, has resulted in identifying four
biomarker genes, GAP43, RPTN, CD44, and GFAP, and the
role of these biomarkers in the early prediction of the neural
tube defects. Also, this study strengthens previous literature
sources of confirming these biomarkers linked with open
NTDs. Thus, prenatal treatment options that remain today
are limited, and there are emerging successes in the treat-
ment and prevention of these defects. Present advances in
our understanding of the human genome, gene expression,
and genetic architecture are making a path for new opportu-
nities to understand the root causes of this disorder and ad-
vance the vision of developing improved strategies for the
prevention of open NTDs.
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