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Abstract 

Objective: Childhood cerebral adrenoleukodystrophy (ccALD) is a severe neurodegenerative disorder characterized by 

rapid demyelination and disruption of the blood–brain barrier (BBB). Although mutations in the ABCD1 gene are the 

primary cause of the disease, the downstream molecular mechanisms contributing to disease progression remain poorly 

understood. This study aimed to identify key regulatory genes and functionally relevant variants associated with ccALD 

using an integrative transcriptomic and variant analysis approach. 

Methods: RNA sequencing (RNA-seq) data derived from brain microvascular endothelial cells (BMECs) of ccALD 

patients and healthy controls were analyzed to identify differentially expressed genes (DEGs). Gene interaction 

networks were constructed using Cytoscape to identify hub genes. Variant calling was performed following the GATK 

Best Practices pipeline, including read preprocessing, alignment, base quality score recalibration, variant calling, 

filtering, and functional annotation using GATK Funcotator. 

Results: Differential expression analysis identified 1,039 upregulated and 744 downregulated genes in ccALD BMECs 

compared with controls. Network analysis revealed MYC as the top hub gene, indicating its central role in disease-

associated molecular networks. Variant analysis identified two rare variants within the MYC gene: rs2130098148 

(C>A), a missense mutation, and rs2130107263 (A>T), a stop-gain mutation. Both variants were associated with 

pathways related to MAPK signaling, suggesting potential functional consequences for MYC-mediated cellular 

regulation. 

Conclusion: This integrative transcriptomic and variant analysis demonstrates disruption of MYC at both the expression 

and genetic levels in ccALD. These findings suggest that MYC may act as a modifier gene contributing to BBB 

dysfunction and neuroinflammation in ccALD. The study highlights the value of integrative multi-omics approaches in 

uncovering molecular mechanisms underlying rare neurodegenerative diseases and identifies MYC as a potential 

candidate for further functional investigation. 
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1. Introduction 

The rare X-linked genetic condition known as adrenoleukodystrophy (ALD) mostly affects the adrenal glands and 

central nervous system (CNS). The peroxisomal ATP-binding cassette (ABC) transporter is encoded by the ABCD1 

gene, and mutations in this gene are the cause.This transporter is essential for the β-oxidation of very long-chain fatty 

acids (VLCFAs) within peroxisomes[1]. In ALD, mutations in the ABCD1 gene disrupt the normal catabolism of 

VLCFAs, leading to their accumulation in various tissues, especially the CNS. The buildup of VLCFAs in the white 

matter of the brain leads to demyelination, neurodegeneration, and progressive cognitive and motor dysfunction[2]. The 
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disorder presents in several forms, with childhood cerebral ALD (ccALD) being the most severe and rapidly 

progressing subtype. ccALD typically manifests in young children, often between the ages of 4 and 10, with rapid 

deterioration in cognitive abilities, motor skills, and other neurological functions. This form of the disease is 

characterized by aggressive demyelination in the CNS, leading to irreversible neurological damage[3]. Without early 

intervention, children with ccALD experience a poor prognosis, with death often occurring within a few years of 

disease onset. The rapid progression of ccALD makes it one of the most devastating neurodegenerative disorders[4]. 

The ABCD1 gene mutation is the primary genetic cause of ALD, but the exact mechanisms through which the 

accumulation of VLCFAs leads to neurodegeneration remain largely unclear. The pathophysiology of ALD involves 

several interrelated processes, including inflammation, oxidative stress, and mitochondrial dysfunction[5]. The 

accumulation of VLCFAs, particularly in the CNS, is toxic to myelin-producing oligodendrocytes, leading to 

demyelination. In addition, the disruption of lipid metabolism and alterations in immune signaling pathways contribute 

to the progression of the disease. These complex interactions are not yet fully understood, which underscores the need 

for comprehensive research to explore the molecular underpinnings of ccALD[6]. Recent advances in genomic 

technologies, particularly RNA sequencing (RNA-seq), have significantly enhanced our ability to explore the molecular 

mechanisms underlying genetic disorders. RNA-seq offers high-resolution, genome-wide transcriptomic data that can 

be used to identify differentially expressed genes (DEGs) and provide insights into cellular pathways affected by 

disease[7]. By examining the gene expression profiles in patients with ccALD, researchers can uncover altered 

pathways involved in disease progression. RNA-seq can also be used to identify specific genetic variants that may play 

a role in disease pathogenesis. This approach provides an opportunity to investigate the effects of genetic mutations not 

only on gene expression but also on the downstream cellular processes that drive disease[8]. 

ALD primarily affects males due to its X-linked inheritance. Female carriers typically remain asymptomatic but may 

exhibit mild symptoms. The disease manifests in three clinical forms: 

ccALD: Onset between ages 4–10, characterized by behavioral changes, learning difficulties, and rapid 

neurodegeneration due to demyelination. Early diagnosis is critical, as untreated CALD can be fatal within 5–10 

years[9]. 

Adrenomyeloneuropathy (AMN): Adult-onset form presenting in the 20s–30s with progressive stiffness, weakness in 

the lower limbs, and possible cognitive decline. AMN progresses more slowly but significantly impacts quality of 

life[10]. 

Addison-only phenotype: In ~10% of patients, adrenal insufficiency is the sole symptom. Hormone replacement can 

effectively manage this condition if diagnosed early[11].  

Despite identification of ABCD1 as the causative gene, the downstream molecular pathways driving disease onset and 

progression remain incompletely defined. High-throughput RNA-seq offers an unbiased approach to quantify 

transcriptomic changes and simultaneously detect expressed sequence variants[12]. While previous studies have applied 

either differential gene expression or targeted variant analysis in ALD, few have leveraged both data streams in an 

integrated framework. Such an approach can illuminate how sequence-level alterations impact gene regulation, and vice 

versa, to uncover convergent pathogenic mechanisms[13]. Recent advances in Next-Generation Sequencing (NGS) 

technologies have enabled unprecedented insight into the transcriptional and genetic alterations in complex disorders 

like ALD. RNA-seq has emerged as a powerful tool to investigate genome-wide changes in gene expression, identify 

differentially expressed genes (DEGs), and uncover enriched biological pathways in disease versus control samples. 

Additionally, RNA-seq data can be leveraged for variant calling, allowing for the identification of expressed genetic 

variants that may have functional consequences on gene regulation and protein function[14]. Integrating these analyses 

offers a comprehensive view of how sequence-level mutations may influence transcriptomic profiles and drive disease 

processes. While previous studies have applied transcriptomic or variant analysis independently in ALD, few have 

adopted an integrated strategy that correlates expressed sequence variants with transcriptomic alterations[15]. This gap 

in the literature limits our understanding of how specific genetic mutations affect cellular pathways at the RNA level 

and how such disruptions contribute to disease progression in ccALD. A dual approach combining differential 

expression and variant identification could help uncover critical driver genes, novel regulatory mechanisms, and 

potential therapeutic targets[16]. In this paper, we performed a comprehensive transcriptomic and variant analysis of 

RNA-Seq data derived from brain microvascular endothelial cells (BMECs) of ccALD patients and wild-type controls. 

BMECs are a biologically relevant model for studying ccALD, as the blood-brain barrier (BBB) of which BMECs are a 

fundamental component - is known to be compromised in this condition. Disruption of the BBB facilitates immune cell 

infiltration into the CNS and exacerbates demyelination, making the endothelial response an important element of 

disease pathophysiology[17]. Using raw RNA-seq data from the ENA, we began with rigorous quality control using 

FastQC, which confirmed high Phred scores (>30) for more than 95% of bases, indicating high-quality sequencing 

reads. Trimming was performed using Trim Galore, preserving 94.2% of reads post-cleaning. Using the HISAT2 

aligner, the trimmed reads were aligned to the human reference genome (GRCh38). The average alignment rate across 

samples was 91.7%, confirming the dataset's integrity and appropriateness for further investigation. Following 

alignment, FeatureCounts was employed for gene-level quantification, generating a count matrix that was subsequently 

used for differential expression analysis between ccALD and control groups. Our analysis identified 1,039 upregulated 
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and 744 downregulated genes in ccALD, with significant enrichment in pathways related to immune signaling, lipid 

metabolism, and cellular stress hallmarks of ALD pathophysiology. Notably, we identified two high-impact variants in 

the MYC gene rs2130098148 (C>A) and rs2130107263 (A>T) located on chromosome 8. These variants are particularly 

compelling due to their potential functional impact: the C>A mutation is predicted to result in a missense variant, while 

the A>T variant introduces a premature stop codon (stop-gain mutation). MYC is a well-characterized proto-oncogene 

that regulates cell proliferation, differentiation, metabolism, and response to stress. In the context of the CNS, MYC has 

also been implicated in neurodevelopment and BBB maintenance. Disruption of MYC function via deleterious 

mutations could therefore have far-reaching consequences, potentially compromising BBB integrity and exacerbating 

neurodegeneration in ccALD. The MYC variants identified in this study also intersect with the MAPK signaling 

pathway, which plays a crucial role in transmitting extracellular signals to intracellular responses, including those 

related to inflammation, cell survival, and apoptosis. Aberrations in this pathway could contribute to the immune 

activation and cellular stress observed in ccALD pathology. Taken together, our findings suggest that MYC may serve 

as a key node in the complex molecular network driving ccALD, offering new avenues for therapeutic intervention[18]. 

In summary, this study presents an integrated transcriptomic and variant analysis that sheds light on the molecular 

mechanisms underlying ccALD. By identifying differentially expressed genes and functionally impactful variants in the 

same samples, we provide a comprehensive view of the transcriptional and genetic disruptions associated with the 

disease. Our discovery of deleterious MYC variants highlights the potential role of this gene in ccALD pathogenesis and 

underscores the value of integrative genomics in uncovering novel disease mechanisms. These insights not only deepen 

our understanding of ccALD but also lay the groundwork for future studies aimed at developing targeted therapies for 

this devastating condition. 

 

2. Methodology 

2.1 Data Download 

In this study, we aimed to investigate the molecular mechanisms driving ccALD by integrating RNA sequencing (RNA-

seq) transcriptomic data with genetic variant analysis. To achieve this goal, we utilized RNA-Seq data derived from 

BMECs obtained from both ccALD patients and healthy controls. The BMECs were specifically chosen due to their 

pivotal role in the BBB, a critical structure that regulates the passage of substances into the CNS. Given the known 

disruption of BBB integrity in ALD and its association with disease progression, BMECs provide an appropriate model 

for understanding the molecular changes that contribute to the pathology of ccALD. Publicly available RNA-Seq 

datasets were retrieved from the European Nucleotide Archive (ENA) under the accession number PRJNA422218. This 

dataset includes 18 paired-end RNA-seq samples, comprising replicates from wild-type (WT) and  ccALD patient-

derived brain microvascular endothelial cells[19]. 

2.3 Processing of RNA-Seq Data and  Differential Gene Expression Analysis 

FastQC was used to assess the quality of the raw RNA-seq reads, and the results revealed that the Phred scores were 

high (>30) for more than 95% of bases, indicating that the raw sequence data had excellent quality and minimal 

sequencing errors. This confirmed that the data was suitable for further processing and analysis[20]. The phred quality 

score (Q score) is a measure of the accuracy of base calls in sequencing data. It is logarithmically related to the 

probability of an incorrect base call[21]. The formula for the Phred quality score (Q) is: 

Q = –10 × log₁₀(P) 

Where Q is the Phred quality score and P is the probability that the base call is incorrect. Higher Phred scores indicate 

higher confidence in the accuracy of the base call, and they are commonly used to assess the quality of sequencing data. 

After quality control, the data was processed to remove any adapter sequences or low-quality bases using 

Trim_Galore[22]. The trimming process resulted in the retention of 94.2% of the original reads, ensuring that most of 

the high-quality data were preserved for downstream analysis. Trimming improves data accuracy by removing 

unwanted sequences and enhancing the reliability of subsequent alignment and quantification steps. Following 

trimming, the next step was to align the RNA-Seq reads to the human reference genome, GRCh38, using HISAT2[23]. 

HISAT2 is a widely used, efficient, and accurate aligner that maps RNA-seq reads to a reference genome. The 

alignment results showed an average alignment rate of 91.7% across all samples, which indicates that a large proportion 

of the reads were successfully mapped to the genome. This high alignment rate supports the quality and reliability of the 

sequencing data and the chosen alignment strategy. The alignment process ensures that each RNA-seq read is associated 

with a specific genomic location, which is crucial for accurate gene expression quantification. After this step, the data is 

ready for gene quantification[24]. Once the reads were aligned using HISAT2, the next step involved gene 

quantification, which determines how many reads map to each gene. This is important for determining the gene 

expression levels across the samples. We used the FeatureCounts tool for gene quantification. FeatureCounts is a fast 

and accurate tool that efficiently counts the number of reads mapped to genomic features, such as genes, exons, or 

transcripts. It assigns reads to known genomic features based on their alignment information. In this case, we mapped 
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the reads to the human reference genome GRCh38, and FeatureCounts were used to quantify the number of reads that 

mapped to each gene[25]. FeatureCounts generates a count matrix, where each row represents a gene and each column 

represents a sample. The counts in the matrix correspond to the number of reads that align to each gene for each sample, 

providing the raw data needed for subsequent differential gene expression analysis. These raw counts are then used in 

differential expression analysis to identify genes that are differentially expressed between the ccALD and control 

groups[26]. Differential gene expression analysis was conducted using the edgeR package in R. After filtering out 

lowly expressed genes, normalization was performed using the trimmed mean of M-values (TMM). A generalized 

linear model (GLM) framework was used to estimate dispersion and test for differential expression between 

experimental conditions. Genes with a false discovery rate (FDR) < 0.05 were considered significantly differentially 

expressed. The resulting p-values were adjusted for multiple comparisons using the Benjamini-Hochberg method, 

which controls for false discovery rates (FDR)[27]. A significance threshold of FDR < 0.05 was used to identify genes 

that were differentially expressed between the ccALD and control samples. In total, 21,773 genes were analyzed, with 

1,039 upregulated genes and 744 downregulated genes identified as significantly differentially expressed in ccALD 

BMECs compared to healthy controls. These DEGs were subjected to further pathway enrichment analysis to uncover 

the biological processes and molecular pathways affected by the disease[28](Fig. 1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. 

Overview of 

the 

bioinformatics pipeline used for RNA-seq data processing, differential gene expression, and variant analysis in 

ccALD. 

2. 4 Variant Calling from RNA-seq Data 

To identify potential single nucleotide variants (SNVs) and insertions/deletions (indels), the following GATK-based 

pipeline was executed:Trimmed reads were aligned to the GRCh38 reference genome using HISAT2, an accurate and 

sensitive algorithm for short-read alignment,especially suitable for variant discovery[29]. Aligned reads were processed 

to mark duplicate reads using Picard tools and sorted to generate coordinate-sorted BAM files.GATK  BaseRecalibrator 

and ApplyBQSR were used to recalibrate base quality scores using known SNP and indel sites from dbSNP and other 

trusted resources.GATK HaplotypeCaller was used in RNA-seq mode to perform variant calling and generate genomic 

VCF (gVCF) files. This step accounts for the spliced nature of transcripts and local assembly of haplotypes.Variants 

were filtered and classified into SNPs and indels using GATK SelectVariants and VariantFiltration based on 

recommended thresholds (e.g., QD < 2.0, FS > 30.0, MQ < 40.0).Filtered variants were annotated using GATK 

Funcotator, leveraging multiple annotation databases such as GENCODE[30], ClinVar[31] , and COSMIC[32]. Only 
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variants with predicted functional consequences ( missense, nonsense, splice site) were retained for downstream 

analysis[33]. 

2.5 Integrative Analysis of Differential Expression and Variant Data 

To elucidate potential disease-associated mechanisms underlying ccALD, we conducted an integrative analysis 

combining results from differential gene expression and RNA-seq-based variant calling[33]. The objective was to 

identify genes that not only exhibited significant expression changes but also harbored high-confidence, functionally 

relevant variants in ccALD samples. First, the list of differentially expressed genes (DEGs), obtained from edgeR-based 

analysis (FDR < 0.05), was intersected with the set of genes containing high-confidence single nucleotide variants 

(SNVs) and insertions/deletions (indels) identified through the GATK HaplotypeCaller pipeline. Only variants passing 

stringent filtration criteria and annotated as having functional consequences (missense, nonsense, or splice site) were 

retained for further interpretation. This overlap enabled the identification of genes that may be affected at both the 

transcriptional and genetic levels, providing a more comprehensive view of their potential role in disease pathogenesis. 

To explore the biological relevance of these intersecting genes, functional enrichment analysis was performed using 

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) databases. Enrichment analyses 

identified significant overrepresentation of pathways associated with lipid metabolism, immune system activation, and 

BBB integrity, all of which are processes implicated in the progression of ccALD. The enrichment results support the 

hypothesis that both transcriptional dysregulation and underlying genetic variants contribute to the complex molecular 

landscape of the disease. Additionally, network-based analyses were performed using the cytoscapetool[34]. Gene 

Regulatory networks were constructed based on the identified genes with both differential expression and variants. 

Within these networks, hub genes were identified based on degree centrality and betweenness centrality metrics. These 

hub genes are hypothesized to act as key regulators in disease-relevant biological pathways and may serve as potential 

biomarkers or therapeutic targets in ccALD[35]. 

2.6 Identification of MYC Variants 

A key focus of this study was on variants within the MYC gene, a crucial regulator of cell growth, stress response, and 

blood-brain barrier function. Two rare variants, rs2130098148 (C>A) and rs2130107263 (A>T), were identified within 

MYC in ccALD samples. These variants were predicted to have a functional impact - one causing a missense mutation 

and the other a stop-gain mutation. The potential role of these variants in disrupting MYC-mediated cellular processes, 

particularly related to neuroinflammation and blood-brain barrier integrity, was explored using literature-based 

functional annotation and pathway mapping[36]. 

3. Results 

3.1 High-Quality RNA-seq Data from BMECs of ccALD and Control Samples 

We analyzed 18 paired-end RNA-seq libraries (9 ccALD vs. 9 WT), which yielded on average 42.5 million raw reads 

per sample (range 38-47 M). After adapter and quality trimming with Trim_Galore, 95.2% of reads were retained. 

Alignment to GRCh38 using HISAT2 achieved a mean mapping rate of 92.3% , producing high‐quality BAM files for 

downstream quantification and variant calling[37][38]. 

Raw Data Quality Assessment: Quality assessment of raw RNA-seq data across 18 paired-end samples using FastQC 

and MultiQC(Fig. 2). Metrics shown include sequence quality, GC content, duplication levels, and presence of 

overrepresented sequences. Green indicates high-quality data, yellow represents minor warnings, and red indicates 

potentially problematic metrics. Most samples demonstrated high base quality scores and minimal adapter content. The 

observed failures in "Per Base Sequence Content" and "Sequence Duplication Levels" are expected artifacts of RNA-

seq library preparation and are addressed during trimming and normalization steps[39]. 
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Fig. 2. Summary of FastQC status checks across all RNA-Seq samples, visualized using MultiQC 

3.2 Differential Gene Expression 

A total of 21,773 genes passed our expression-level filtering criteria (|log₂CPM| > 1 in at least three samples) and were 

retained for the differential expression analysis. Using significance thresholds of |log₂FC| ≥ 1 and FDR < 0.05, we 

identified 1,039 genes that were significantly upregulated and 744 genes that were significantly downregulated in 

ccALD samples compared with wild-type controls. The remaining genes did not meet these significance criteria and 

were classified as unchanged (Table 1). 

Table 1. Summary of Differentially Expressed Genes: Total, Upregulated, Downregulated, and Unchanged 

Genes 

S.N Total Differential gene Upregulated gene Downregulated gene Unchanged Genes 

1 21,773 1,039 744 19,990 

 

The MA plot (average log-CPM vs. log₂ fold change) highlights differentially expressed genes, with significant genes  

shown in red. A larger concentration of red points above the zero line indicates a global shift toward gene upregulation 

in ccALD (Fig. 3)[40]. Consistent with this pattern, the volcano plot (log₂FC vs. –log₁₀P-value) further demonstrates the 

distribution of significant genes. Red points represent genes passing both statistical thresholds (|log₂FC| ≥ 1 and FDR < 

0.05), revealing a dense cluster of upregulated genes on the right side of the plot and a smaller cluster of downregulated 

genes on the left. Finally, the PCA plot (PC1 vs. PC2) shows clear separation of samples by condition along PC1, 

indicating that disease status is the dominant contributor to transcriptomic variation, while biological replicates cluster 

tightly within each group, confirming dataset consistency and reproducibility[41]. 
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Fig. 3 Differential expression analysis of ccALD vs. WT samples. 

3.3 Top 10 Upregulated Hub Genes Identified Using Cytoscape Tool 

The analysis of upregulated differentially expressed genes identified a critical core module of ten hub genes using the 

cytoscape(Fig. 4). Network topology analysis confirmed the significance of these genes; the "degree" value, which 

indicates the number of direct interactions each gene has within the network, reflects their centrality and potential 

regulatory influence [42](Table 2). Specifically, the network revealed a dense, fully connected core: MYC emerged as a 

primary hub with a degree of 9, consistent with its established role as a key transcription factor driving tumorigenesis 

and cell proliferation [43]. 

Remarkably, all remaining nine hub genes in this module - KDR, CD44, MMP9, ICAM1, TNF, FOS, IL6, IRF1, and 

DDX58 - also exhibited a maximum degree of 9[44]. This synchronous high centrality signifies that this group of genes 

forms a tightly coupled, synergistic functional module, suggesting the biological context under study is governed by the 

simultaneous activation of multiple, integrated pathways. These pathways include strong inflammatory and immune 

components, such as the critical cytokines TNF (Tumor Necrosis Factor) and IL6, as well as the innate immune and 

stress-response mediators IRF1 and DDX58[45]. Furthermore, the module’s composition points to an active pro-

invasive and tissue-remodeling phenotype. Genes like KDR (VEGFR2) are linked to angiogenesis, while MMP9, 

CD44, and ICAM1 are essential for cell adhesion, migration, and extracellular matrix degradation. Together with the 

transcriptional regulators MYC and FOS, the integrated function of this module highlights a complex interplay between 

oncogenic signaling, robust inflammatory responses, and mechanisms of cellular adaptation or metastasis. These 

findings provide insight into the core regulatory mechanisms that may underpin disease progression and offer specific 

targets within processes like very long chain fatty acid metabolism (VLCFA) and neurodegenerative diseases, where 

inflammation and cellular stress are recognized as critical factors [46, 47]. 

Table 2.  Top 10 Upregulated Hub Genes and Functions 

Rank 
Gene 

Symbol 
Full Name Short Description  
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Rank 
Gene 

Symbol 
Full Name Short Description  

1 MYC 
MYC Proto-Oncogene, bHLH 

Transcription Factor 

Key transcription factor controlling cell growth and 

proliferation. 

2 TNF Tumor Necrosis Factor 
Major pro-inflammatory cytokine regulating cell 

death and immune responses. 

3 IL6 Interleukin 6 
Cytokine involved in inflammation and immune 

regulation. 

4 KDR 
Kinase Insert Domain Receptor 

(VEGFR2) 

Receptor for VEGF; drives angiogenesis and blood 

vessel growth. 

5 FOS 
FOS Proto-Oncogene, AP-1 

Transcription Factor Subunit 

Regulates cell proliferation and stress response via 

AP-1 complex. 

6 MMP9 Matrix Metallopeptidase 9 
Degrades extracellular matrix; promotes invasion 

and metastasis. 

7 CD44 CD44 Molecule 
Cell adhesion receptor linked to migration and 

cancer stem cell traits. 

8 ICAM1 Intercellular Adhesion Molecule 1 
Mediates leukocyte adhesion and immune cell 

trafficking. 

9 IRF1 Interferon Regulatory Factor 1 
Activates interferon signaling and antiviral immune 

responses. 

10 DDX58 DEAD-Box Helicase 58 (RIG-I) 
Sensor of viral RNA; triggers innate immune 

response. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4.  Graphical layout of Gene Network demonstrating highest degree of MYC gene 

3.4 Variant Calling and Annotation Workflow 

To explore the genetic variations potentially contributing to ccALD pathogenesis, we implemented the Genome 

Analysis Toolkit (GATK) best practices pipeline tailored for RNA-Seq data. Following transcriptomic alignment, the 

BAM files generated from HISAT2 were processed using Picard Tools to add or replace read group information 

(AddOrReplaceReadGroups)[48]. This step is critical to ensure that the downstream GATK tools can accurately 

interpret sequencing data from multiple samples and batches, which is essential for reliable variant calling. Proper read 

group tagging helps the GATK distinguish between data originating from different libraries, sequencing runs, or 

platforms[49]. The core variant discovery workflow was carried out using the GATK HaplotypeCaller, which 

reconstructs haplotypes and calls variants simultaneously. This step identifies both SNPs and short indels in RNA-Seq 

data. However, because RNA-Seq reads span exon-exon junctions, additional steps are required to handle spliced 

alignments effectively. To improve the accuracy of variant calls, we employed GATK BaseRecalibrator and 
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ApplyBQSR to recalibrate base quality scores, which corrects systematic errors made by the sequencer. Next, 

SplitNCigarReads was used to manage the complex alignment structure of spliced RNA reads. This tool splits reads 

into exon segments, hard clips any overhanging intronic sequences, and adjusts the CIGAR string appropriately. This 

process is specifically designed to improve variant detection in RNA-Seq data by addressing its unique alignment 

characteristics[50]. 

3.4.1 Variant Annotation and Functional Interpretation 

Once raw variants were obtained, they were annotated using the GATK Funcotator, which provides detailed functional 

annotations by mapping variants to known gene features, clinical databases, and protein impact predictions. The 

analysis focused particularly on the MYC gene, identified earlier as the top hub gene from transcriptomic network 

analysis[51]. 

3.4.2 Identification of Two Notable Variants within the MYC Gene 

Two notable variants were identified within the MYC gene, each with distinct predicted functional consequences. The 

first variant, rs2130098148 (C>A), located at chr8:127738998, is predicted to cause a missense mutation that replaces 

Proline 261 with Threonine (P261T) in the transactivation domain (TAD2) of MYC. This intrinsically disordered 

domain mediates transcriptional activation and co-factor recruitment. Computational analyses, including a high 

AlphaMissense pathogenicity score of 0.95, indicate that this substitution may alter local protein flexibility, potentially 

impairing MYC’s transcriptional regulatory functions. In contrast, rs2130107263 (A>T) at chr8:127740827 introduces a 

stop-gain mutation (Lys412Ter / K412⁎) within the bHLH–LZ DNA-binding and dimerization domain. This truncation 

removes the structured region required for MYC–MAX heterodimerization and DNA binding, strongly suggesting a 

loss-of-function (LOF) effect, further supported by a CADD score of 37. Both variants are associated with genes 

involved in the MAPK signaling pathway, which regulates cellular proliferation, stress responses, and inflammation. 

Given MYC’s established role in neurovascular regulation and maintenance of blood–brain barrier (BBB) integrity, 

these mutations may contribute to transcriptional disturbances that underlie disease progression in ccALD [52]. The 

clinical relevance of these MYC variants was evaluated using publicly available databases, including ClinVar, dbSNP, 

and VarSome. Neither rs2130098148 nor rs2130107263 are currently reported in ClinVar with annotated clinical 

significance. Accordingly, rs2130098148, a missense mutation, was classified as a Variant of Uncertain Significance 

(VUS) due to limited clinical data but strong computational evidence of functional impact. Conversely, rs2130107263, 

a stop-gain mutation predicted to truncate MYC, was tentatively classified as likely pathogenic, based on its predicted 

high impact and location within a critical regulatory domain, pending experimental or clinical validation(Table 3). 

Table 3. Characteristics and Clinical Status of Key MYC Gene Variants 

Variant Genomic 

position 

Protein change Domain Effect CADD Pathogenicity 

(AI) 

rs2130098148 chr8:12773899

8 C>A 

P→T (261) Transactivation 

domain (TAD2) 

Missense 24 AlphaMissense 

0.95 (Pathogenic) 

rs2130107263 chr8:12774082

7 A>T 

Lys412Ter 

(K412* ) 

bHLH-LZ 

DNA-binding 

domain 

Nonsense 37 Pathogenic 
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Figure 5. Structural and domain-level consequences of MYC gene variants 

Figure 5 illustrates the predicted structural consequences of the two MYC variants identified in this study. The missense 

variant rs2130098148 (C>A) results in a Pro261Thr (P261T) substitution within the transactivation domain 2 (TAD2) 

of MYC. Because proline plays a key role in maintaining local rigidity within intrinsically disordered regions, its 

substitution with threonine is predicted to alter local structural flexibility, which may impair MYC’s transactivation 

capacity and co-factor binding. In contrast, the rs2130107263 (A>T) mutation introduces a premature stop codon 

(K412*) within the bHLH–LZ domain, a region essential for DNA binding and MYC–MAX dimerization. This 

truncation is expected to eliminate the entire structured DNA-binding interface and likely triggers nonsense-mediated 

decay (NMD), resulting in functional loss of the protein. The MYC protein domain map included in the figure 

highlights the precise locations of both variants, emphasizing their occurrence within biologically critical regulatory 

regions. 

3.4.3 Clinical Role of the Top 10 Hub Genes in ccALD 

Table 4 represents clinical and biological relevance of the top-ranked hub genes based on network analysis of RNA-seq 

data. Each gene is evaluated for known disease associations, CNS relevance, expression patterns, pathway involvement, 

and presence in clinical databases (OMIM, DisGeNET), supporting their potential roles in ccALD pathogenesis(Table 

4). 

Table:4 Clinical and Biological Relevance of Top 10 Hub Genes in Cerebral Adrenoleukodystrophy (ccALD) 

S.N Gene 

Clinical Role / 

Disease 

Association 

CNS Relevance 

Expression 

(Brain / 

Immune) 

OMIM / DisGeNET Pathway 

1 MYC 

Major 

oncogene; 

drives 

uncontrolled 

cell growth 

Seen in brain tumors 

(glioma/medulloblasto

ma) 

Expressed in 

proliferating 

neural + 

immune cells 

Listed as cancer-

associated 

Cell cycle / 

proliferation 

2 TNF 

Key 

inflammatory 

cytokine; target 

in autoimmune 

disease 

Causes 

neuroinflammation 

and demyelination 

Produced by 

microglia, 

astrocytes, 

immune cells 

Linked to inflammatory 

diseases 

NF-κB / 

apoptosis 

3 IL6 

Chronic 

inflammation; 

cancer and 

autoimmune 

involvement 

Alters 

neuroinflammation 

and BBB 

Present in brain 

cells and blood 

immune cells 

Associated with 

inflammatory / CNS 

disorders 

JAK-STAT 

4 
KDR 

(VEGFR2) 

Tumor 

angiogenesis; 

vascular disease 

Promotes 

angiogenesis in brain 

tumors 

Expressed in 

CNS blood 

vessels 

Tumor-angiogenesis 

related 
VEGF signaling 

5 FOS 

Cell activation 

marker; cancer 

involvement 

Neuronal activity 

marker 

Rapidly 

induced in 

neurons + 

immune cells 

AP-1–related diseases AP-1 signaling 

6 MMP9 

ECM 

breakdown; 

invasion/metast

asis 

Breaks down BBB; 

neuroinflammation 

Found in 

neurons, glia, 

immune cells 

Linked to vascular & 

CNS disorders 

ECM 

remodeling 

7 CD44 

Adhesion, 

metastasis, 

cancer stem cell 

marker 

Roles in 

neuroinflammation / 

glioma 

Expressed on 

microglia, 

immune cells 

Cancer / inflammatory 

links 
Cell adhesion 

8 ICAM1 

Leukocyte 

adhesion; 

inflammation 

Allows immune cells 

into CNS (BBB) 

Endothelium, 

astrocytes, 

immune cells 

Inflammatory disease 

linked 

Leukocyte 

extravasation 
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S.N Gene 

Clinical Role / 

Disease 

Association 

CNS Relevance 

Expression 

(Brain / 

Immune) 

OMIM / DisGeNET Pathway 

9 IRF1 

Immune 

response; 

antiviral / tumor 

suppression 

Regulates microglial 

activation 

Expressed in 

immune + brain 

immune cells 

Immune/cancer 

association 
IFN signaling 

10 DDX58 

Viral RNA 

sensor; 

autoinflammator

y disorders 

CNS antiviral defense 
Present in brain 

+ immune cells 
IFN-related diseases 

RIG-I / innate 

immunity 

3.4.4 Integration of Transcriptomic and Variant Data 

An integrative analysis combining differential gene expression and variant annotation revealed MYC as a key gene of 

interest in ccALD. Identified as the top hub gene through transcriptomic network analysis, MYC exhibited the highest 

degree of connectivity, indicating its central role in the molecular interaction network. Variant analysis further 

uncovered two potentially pathogenic alterations in the MYC gene: a missense mutation (rs2130098148, C>A) and a 

stop-gain mutation (rs2130107263, A>T). Both variants were linked to the MAPK signaling pathway, which is 

associated with cellular stress responses and inflammatory regulation. This integrated approach highlights MYC as both 

transcriptionally dysregulated and genetically mutated, suggesting its critical involvement in ccALD pathogenesis and 

its potential as a biomarker or therapeutic target. 

4.  Discussion 

ccALD represents the most severe and rapidly progressive phenotype of X-ALD, characterized by extensive 

demyelination, neuroinflammation, and BBB breakdown. Despite being linked to mutations in the ABCD1gene, the 

exact molecular cascades driving disease progression remain incompletely understood. In this study, we conducted an 

integrative transcriptomic and variant analysis of RNA-Seq data derived from BMECs of ccALD patients and controls. 

Our approach uncovered a complex molecular landscape, highlighting the convergence of gene dysregulation and 

genetic variants on key signaling pathways, notably implicating MYC as a potential central mediator in ccALD 

pathophysiology. Differential gene expression analysis revealed a total of 1,783 significantly dysregulated genes, with 

1,039 upregulated and 744 downregulated in ccALD samples. The upregulated genes were predominantly enriched in 

pathways related to immune signaling, lipid metabolism, stress response, and endothelial barrier regulation, consistent 

with the known pathological hallmarks of ccALD, including neuroinflammation, oxidative stress, and BBB dysfunction. 

Our network-based analysis using cytoscape further highlighted a subset of highly connected "hub genes," with MYC, 

TNF, and KDR (VEGFR2) emerging as top-ranked nodes. The high degree of connectivity for MYC (degree=9) 

suggests it may serve as a regulatory nexus within the ccALD-specific gene interaction network. MYC is known to 

regulate genes involved in cellular proliferation, apoptosis, and immune responses functions highly relevant to the 

neurovascular disturbances observed in ccALD. Variant calling and annotation uncovered two potentially deleterious 

variants in MYC: rs2130098148 (C>A), resulting in a missense mutation, and rs2130107263 (A>T), leading to a stop-

gain mutation. These variants were located on chr8:127738998 and chr8:127740827, respectively. The missense 

mutation may result in a structurally altered protein with compromised function, while the stop-gain mutation likely 

causes a truncated, non-functional protein. Both variants were predicted to impact the MAPK signaling pathway, which 

is critical for stress-activated responses and inflammation regulation. The presence of both differential expression and 

functionally impactful mutations in MYC suggests a dual mechanism of disruption altered transcriptional activity 

compounded by structural protein changes. MYC’s dysregulation may compromise BBB integrity, enhance oxidative 

stress, and amplify neuroinflammatory signaling, thereby exacerbating the disease process. These findings are aligned 

with previous reports where MYC overexpression has been associated with vascular permeability and endothelial 

dysfunction in other neurological disorders. The role of BMECs in ccALD is gaining increasing recognition. These cells 

are critical components of the BBB, maintaining the neurovascular unit and regulating the passage of molecules and 

immune cells into the brain. The transcriptomic dysregulation observed in BMECs may indicate early BBB 

compromise, potentially preceding overt demyelination. Our identification of MYC as a hub gene and mutation site in 

BMECs provides a compelling link between gene-level changes and barrier dysfunction in ccALD. Given MYC’s 

known ability to control tight junction protein expression and endothelial cell survival, it is plausible that the identified 

mutations may result in structural and functional deterioration of the BBB. This would allow infiltration of immune 

cells and toxic metabolites into the brain parenchyma, initiating and propagating inflammatory demyelination, a 

hallmark of ccALD. A study by Takahashi et al. (2018)[53] demonstrated that MYC dysregulation in glial cells, 

including oligodendrocytes, leads to impaired myelin repair, a process critical for neuroprotection in neurodegenerative 

disorders like ALD. Disruptions to MYC can alter the balance of oxidative stress and apoptosis, potentially accelerating 

demyelination and neurodegeneration in ccALD. Furthermore, According to Manczak et al. (2020)[54] MYC has been 

shown to interact with various other signaling pathways, including MAPK, which could mediate the inflammatory 
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response in ccALD. The inflammatory cascade induced by MYC variants could lead to immune cell infiltration and 

BBB disruption, thereby contributing to neurodegeneration. In ccALD, the accumulation of VLCFAs in the brain leads 

to inflammation, oxidative stress, and demyelination, which are exacerbated by BBB dysfunction. The MYC mutation 

in our study suggests that MYC may directly influence the MAPK pathway to modulate inflammation and oxidative 

stress, two critical features in ccALD pathology. The compromised BBB in ccALD allows harmful substances like 

VLCFAs to infiltrate the CNS, promoting neurodegeneration. Our study's findings suggest that MYC mutations could 

play a crucial role in regulating oxidative stress and immune activation, both of which are central to the progression of 

ccALD. In conclusion, our study has uncovered critical molecular insights into the pathophysiology of ccALD, 

particularly the role of MYC mutations in exacerbating inflammation, lipid metabolism dysregulation, and cellular 

stress. By integrating RNA-Seq transcriptomic data and genetic variant analysis, we have identified novel insights into 

the complex molecular interactions that drive the progression of ccALD. The identified MYC gene variants provide 

valuable evidence of the importance of MYC in ccALD pathology and suggest that targeting MYC and its associated 

pathways, particularly the MAPK signaling pathway, could hold promise for future therapeutic interventions. Further 

investigation into the functional consequences of MYC mutations in ccALD is essential for developing more effective 

treatments for this devastating neurodegenerative disorder. This variant is classified as a variant of uncertain 

significance (VUS), given the lack of clinical annotation in databases such as ClinVar and its reliance on computational 

predictions. The second variant, rs2130107263 (A>T) at chr8:127740827, is a stop-gain mutation likely resulting in a 

truncated MYC protein and consequent loss of function. This mutation is tentatively classified as likely pathogenic due 

to its predicted high impact on the protein and its critical role in regulating cellular proliferation and neurovascular 

processes via the MAPK pathway. 

 

5.Conclusion 

ccALD is an aggressive demyelinating disease fundamentally rooted in ABCD1 gene mutations; however, the precise 

cascade of downstream molecular events that drive neuroinflammation and BBB dysfunction remains elusive. This 

study employed a robust integrative approach, combining transcriptomic profiling and variant analysis in BMECs, 

effectively bridging this knowledge gap to identify novel regulatory elements critical for disease progression. 

Differential expression analysis revealed a large and complex transcriptional shift in ccALD BMECs, highlighting 

1,039 upregulated and 744 downregulated genes. Subsequent gene network analysis identified the MYC oncogene as 

the most significant hub, indicating its pivotal role in organizing disease-specific molecular pathways. This centrality 

suggests that MYC may act as a key convergence point mediating the stress induced by the primary ABCD1 defect into 

the pathological phenotype, potentially influencing inflammatory signaling via the MAPK pathway and compromising 

BBB integrity. Further strengthening this hypothesis, our detailed variant calling and annotation process, utilizing the 

GATK Best Practices pipeline, successfully mapped two specific, highly impactful variants to the MYC gene: 

rs2130098148 (a missense variant of uncertain significance [VUS] ) and rs2130107263 (a predicted stop-gain variant, 

provisionally considered likely pathogenic). The identification of these specific variants, alongside the gene's 

designation as a top regulatory hub, provides compelling evidence for a direct genetic link to molecular disturbances in 

ccALD. However, it is critical to note that these interpretations are based solely on in silico prediction and functional 

annotation; the current limitation of this study is the lack of clinical or experimental validation for these findings. In 

summary, this study firmly establishes MYC as a central transcriptional and genetic player in BMEC dysfunction 

associated with ccALD, proposing it as a potential genetic modifier and therapeutic target for this neurodegenerative 

disorder. Our study emphasizes the significant value of integrative multi-omic approaches in uncovering key molecular 

drivers of complex diseases. Therefore, future studies must prioritize the functional validation of the identified MYC 

variants to determine their precise impact on gene transcription and cell signaling, which will be the necessary 

foundation for developing targeted therapeutic strategies aimed at modulating MYC activity to slow or prevent the 

devastating neurodegenerative course of ccALD in patients. 
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CPM – Counts Per Million 

Cytoscape – Biological Network Visualization Software 

DEG – Differentially Expressed Gene 

DEGs – Differentially Expressed Genes 

edgeR – Empirical Analysis of Digital Gene Expression Data in R 

FASTQ – Fast Quality Sequence Format 

FastQC – Fast Quality Control (Sequencing Quality Assessment Tool) 

featureCounts – Read Assignment to Genomic Features 

FPKM – Fragments Per Kilobase per Million Mapped Reads 

GATK – Genome Analysis Toolkit 

GENCODE – Genome Annotation Consortium 

GEO – Gene Expression Omnibus 

HISAT2 – Hierarchical Indexing for Spliced Alignment of Transcripts 2 

iPSC – Induced Pluripotent Stem Cells 

iPSC-BMECs – iPSC-Derived Brain Microvascular Endothelial Cells 

MAPK – Mitogen-Activated Protein Kinase 

MultiQC – Multi-tool QC Result Summarizer 

MYC – Myelocytomatosis Oncogene (Transcription Factor) 

NGS – Next-Generation Sequencing 

PCA – Principal Component Analysis 

RefSeq – Reference Sequence Database 

RNA-Seq – RNA Sequencing 

ROS – Reactive Oxygen Species 

SNP – Single Nucleotide Polymorphism 

TPM – Transcripts Per Million 

VLCFA – Very-Long-Chain Fatty Acids 
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