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Abstract: Benzene, a well-known carcinogenic airborne pollutant, poses significant health
risks, particularly in industries such as petroleum, shoemaking, and painting. Despite
strict regulations, chronic occupational exposure persists, contributing to the onset of acute
myeloid leukemia (AML) and other malignancies. Benzene’s carcinogenicity stems from
its metabolic activation, leading to increased oxidative stress, DNA damage, and cancer
transformation. While its toxicity is well-documented, the link between genetic and epige-
netic alterations and cancer susceptibility in exposed workers remains underexplored. This
study aims to identify early biomarkers of benzene exposure and AML risk by analyzing
gene expression and DNA methylation datasets from GEO DataSets, integrated with molec-
ular pathway analyses, as well as miRNA-target and protein-protein network evaluations.
This multi-approach led to the identification of nine deregulated genes (CRK, CXCR6,
GSPT1, KPNA1, MECP2, MELTF, NFKB1, TBC1D7, ZNF331) in workers exposed to ben-
zene, with NFKB1 showing strong discriminatory potential. Also, dose-dependent DNA
methylation changes were observed in CXCR6 and MELTF, while selected miRNAs such
as let-7d-5p, miR-126-3p, and miR-361-5p emerged as key post-transcriptional regulators.
Furthermore, functional enrichment linked these genes to immune response, inflammation,
cell proliferation, and apoptosis pathways. While network analyses highlighted NFKB1,
CRK, and CXCR6 as central to benzene-associated leukemogenesis. Altogether, these
findings provide novel insights into an early biomarker fingerprint for benzene exposure
and AML susceptibility, supporting the future development of biomolecular-based targeted
occupational health monitoring and personalized preventive strategies for at-risk workers.

Keywords: benzene exposure; occupational biomarkers; acute myeloid leukemia;
computational study; gene expression; DNA methylation; miRNA regulatory network; risk
assessment; occupational health

1. Introduction
Benzene, a well-established carcinogenic airborne pollutant, represents a significant

occupational health risk, particularly in industries such as petroleum refining, painting,
shoemaking, and chemical manufacturing [1]. Benzene’s ubiquity extends beyond occu-
pational settings, with environmental exposure contributing to public health concerns
globally [2].
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Despite regulatory efforts to limit exposure, workers in several sectors are still at
risk of chronic low-dose exposure, which is immunosuppressive, causes hematotoxicity,
and is strongly linked to the development of hematological malignancies [3]. In fact, the
International Agency for Research on Cancer (IARC) has classified benzene as a Group 1
carcinogen, highlighting its established association with blood cancers, particularly adult
acute myeloid leukemia (AML) [4]. The recent reduction of the occupational exposure
limits within the European Union to 0.2 ppm highlights the growing concern surrounding
benzene’s harmful effects, as well as the urgent need for the achievement of novel effective
monitoring strategies for workers [5].

The carcinogenic effects of benzene are primarily attributed to its metabolic activation
into reactive products, such as benzene oxide and hydroquinone, which induce oxidative
DNA damage, chromosomal aberrations, and alterations in cellular signaling pathways [6].
Notably, benzene-induced oxidative stress can activate the p53 tumor suppressor pathway,
critical for DNA damage repair and apoptosis, while also affecting key hematopoietic
signaling pathways such as Hedgehog, Notch/Delta, and NF-κB. Once disrupted, these
pathways contribute to leukemogenesis by triggering both inflammation and immune
evasion [7]. Additionally, reactive metabolites of benzene activate genes primarily asso-
ciated with the MAPK pathway (such as Foxo1 and Fgf3), which play a crucial role in
benzene-induced hematotoxicity [8]. While the genotoxic consequences of benzene are well-
documented, the precise molecular mechanisms by which it influences gene expression,
particularly in workers chronically exposed to the substance, remain poorly explored [9].

Gene expression profiling, which reflects cellular responses to environmental stres-
sors, provides a critical opportunity to identify how exposure to benzene affects gene
regulation and to pinpoint pathways that may lead to malignancy [10]. Additionally, re-
cent studies have suggested that epigenetic mechanisms, such as DNA methylation and
miRNA regulation, play a key role in the development of leukemia following benzene
exposure [11,12].

The goal is to identify early molecular alterations associated with occupational expo-
sure by a computational approach that analyzes gene expression and DNA methylation
data from both workers exposed to benzene and patients with AML [13]. Also, by perform-
ing network-based analyses, it will be examined how differentially expressed genes may
interact within cellular pathways involved in immune response, inflammation, cell prolifer-
ation, metabolism, and programmed death. Finally, the combination of omics data, along
with miRNA-target and protein-protein interaction analyses, will provide a comprehensive
understanding of the underlying modulatory pathways and molecular players involved.

Overall, this combined approach could represent a crucial step for shedding light
on novel genetic and epigenetic candidates for early detection of susceptible workers to
improve preventive measures and ensure safer environments for subjects occupationally
exposed to benzene.

2. Results
2.1. Differential Expression Analyses Disclose a Panel of Deregulated Genes in
Benzene-Exposed Workers

Two gene expression datasets, GSE21862 and GSE9569, were analyzed to compare
gene expression profiles between benzene-exposed workers and non-exposed controls.
The volcano plots in Figure 1A illustrate the upregulated (UR) and downregulated (DR)
genes in each dataset, identified by an adjusted p-value < 0.05. Among these, a total of
2894 genes in GSE21862 and 32 genes in GSE9569 were significantly UR or DR in chronically
benzene-exposed workers compared to non-exposed individuals working indoors in office
environments. Notably, 12 genes were commonly deregulated across both datasets: CD69,
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CRK, CXCR6, GSPT1, JUN, KLF6, KPNA1, MECP2, MELTF, NFKB1, TBC1D7, and ZNF331
(Figure 1B, Table S1).
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Figure 1. Differential expression analyses in the two GEO DataSets. (A) Volcano plots representing
transcriptional expression data from GSE21862 (left) and GSE9569 (right). Light blue dots represent
genes significantly downregulated (DR) in benzene-exposed versus non-exposed workers, while
orange dots represent genes significantly upregulated (UR) in benzene-exposed versus non-exposed
workers. Grey dots represent genes with non-significant (NS) changes. (B) Venn diagram illustrating
the overlap of genes unique to each dataset and those shared between the datasets. (C) The bubble
plot displays the relative expression of 12 significantly deregulated genes, with the size and color
of the circles indicating the mean log2 expression values (log2expr.). (D) Heatmap of the averaged
log2 fold change (log2FC) for each of the 12 genes across the two datasets. (E) Box plots showing the
median expression levels ± SD of the 9 genes consistently upregulated in both datasets. *** p < 0.001;
**** p < 0.0001.

The bubble plot in Figure 1C shows the average expression levels of these 12 genes.
Analysis of the log2 fold changes (log2FC) for benzene-exposed versus non-exposed indi-
viduals revealed that nine of these genes—CRK, CXCR6, GSPT1, KPNA1, MECP2, MELTF,
NFKB1, TBC1D7, and ZNF331—were consistently UR in both datasets, demonstrating a
concordant pattern of deregulation (Figure 1D,E). These findings suggest that the deregula-
tion of the nine key genes is a reliable hallmark of benzene exposure.

In the GSE21862 dataset, benzene-exposed workers were stratified based on their
daily occupational exposure levels into low-dose exposure (BZN-L), ranging from 0.1 to
5 ppm, and high-dose exposure (BZN-H), encompassing exposures of 5 ppm and above,
including levels exceeding 10 ppm. As shown in Figure 2, the expression levels of KPNA1
and CXCR6 were significantly higher in the BZN-L group compared to the non-exposed
controls (CTR). However, no significant differences were observed for these genes between
the BZN-H group and CTR. Notably, the expression levels of CXCR6 were significantly
lower in BZN-H compared to BZN-L.
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Figure 2. Stratification of significantly deregulated genes in GSE21862 based on benzene exposure.
Box plots showing the median expression levels ± SD of the 9 benzene-related genes. Workers
were stratified into low-dose benzene exposure (BZN-L: 0.1–5 ppm), high-dose benzene exposure
(BZN-H: >5 ppm, including exposures exceeding 10 ppm), and non-exposed controls (CTR). * p < 0.05;
** p < 0.01; *** p < 0.001; **** p < 0.0001; ns = not significant.

For the remaining 7 genes (CRK, GSPT1, MECP2, MELTF, NFKB1, TBC1D7, and
ZNF331), significant UR was observed in both BZN-L and BZN-H samples compared to
CTR. However, there were no significant differences between the two exposure groups, in-
dicating that higher exposure doses did not further alter the expression levels of these genes.
These results highlight differential sensitivity among the genes to benzene exposure levels.

2.2. Correlation and ROC Analyses Reveal Gene Interaction Changes and Predictive Roles in
Benzene-Exposed Workers

As shown in Figure 3, correlation and Mantel analyses revealed significant alterations
in the association dynamics among the nine key genes in benzene-exposed (BZN) and
non-exposed control (CTR) workers.

In particular, in GSE21862 (Figure 3A), CTR samples exhibited significant positive
correlations among CRK, CXCR6, KPNA1, and MECP2, while CXCR6 negatively corre-
lated with NFKB1. Positive correlations were also observed between GSPT1 and KPNA1,
MECP2, MELTF, NFKB1, and ZNF331, with additional positive associations between
MECP2, MELTF, and NFKB1, and between NFKB1, TBC1D7, and ZNF331. In BZN samples,
the NFKB1-CXCR6 correlation shifted from negative to positive. While strengthened corre-
lations were particularly evident for ZNF331 and GSPT1, those involving CRK, MECP2,
and MELTF weakened in the exposed group (Table S2).
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Figure 3. Correlation of the expression of significantly deregulated genes. Correlograms of Spearman
correlations and Mantel analysis between deregulated benzene-related genes. (A) In the GSE21862
dataset, comparing CTR (control, left) and BNZ (benzene-exposed, right) samples. (B) In the GSE9569
dataset, comparing CTR (left) and BNZ (right) samples. Light red color within cells indicates positive
correlations (rho values between 0 and 1), while light blue color indicates negative correlations (rho
values between 0 and −1). The size of the squares in each cell is proportional to the magnitude of the
rho value. Only significant correlations with p-values < 0.05 are reported. The lines denote Mantel
test results, with the line width representing Mantel’s r statistic and the color representing Mantel
significance (Mantel’s p). * p < 0.05; ** p < 0.01; *** p < 0.001; and **** p < 0.0001.

In GSE9569 (Figure 3B), fewer significant correlations were detected, likely due to the
smaller sample size. In CTR samples, only a positive correlation between CRK and MELTF
was significant. In BZN samples, a negative correlation emerged between CXCR6 and
ZNF331, while a positive correlation appeared between MELTF and KPNA1. Consistent
with GSE21862, the strength of selected correlations increased in BZN samples, particularly
for CXCR6, GSPT1, TBC1D7, and ZNF331, as confirmed by the Mantel test (Figure 3B
and Table S2). Interestingly, NFKB1 exhibited strong and significant strength in both the
CTR and BZN groups across datasets, although slightly higher in non-exposed groups
(Mantel r equal to 0.811, 0.767, 0.659, and 0.531, respectively, in CTR and BNZ of GSE21862
and GSE9569). The observed correlations highlight benzene exposure as a driver of dis-
tinct gene interaction patterns, with a selected strengthening of key correlations in both
datasets, within exposed workers (i.e., GSPT1 and ZNF331), as well as non-exposed ones
(i.e., MECP2, MELTF, and NFKB1).

Further support for the central role of NFKB1 in benzene exposure was provided by
analysis of GSE119533 (Figure S1), which utilized the nCounter platform to validate the
expression of a selection of 30 mRNAs across 59 occupationally benzene-exposed subjects
and 37 non-exposed controls. NFKB1 was the only significantly upregulated gene in
common with both GSE21862 and GSE9569, with an F value of 20.3 (FDR = 5.99 × 10−10,
Figure S1A–C). Further stratification into different exposure groups revealed significant
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overexpression in CTR vs. B1 (benzene < 0.1 ppm) and B2 (benzene 5–10 ppm), but not in B3
(benzene > 10 ppm), indicating a nuanced exposure-response relationship (Figure S1D,E).
Overall, NFKB1 exhibited a log2FC of 0.892 (FDR = 1.44 × 10−11) and demonstrated strong
discriminatory power in the ROC analysis (AUC = 0.8552, p < 0.0001) (Figure S1F). These
findings further underscore NFKB1 as a robust biomarker of benzene exposure, aligning
with its critical role in the altered gene correlation networks observed.

Additionally, ROC curve analyses have been carried out to evaluate the ability of these
9 benzene-related genes to distinguish between BZN and CTR samples (Figure 4).
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Figure 4. ROC curve analysis to assess the validity of gene expression in discriminating between
benzene-exposed and non-exposed worker samples. ROC plots for the GSE21862 (light blue) and
GSE9569 (orange) datasets are shown, with a corresponding table displaying the AUC and p-value
for each of the nine benzene-associated genes. The AUC values reflect the discriminatory power
of the genes in distinguishing exposed and non-exposed workers, with a higher AUC indicating
stronger predictive capability.

In GSE21862, AUC values ranged from 0.69 to 0.81, with NFKB1 demonstrating the
highest discriminatory power (AUC = 0.81, p < 0.0001). In GSE9569, due to the limited
number of cases, all genes showed exceptionally high AUC values (≥0.97), achieving
perfect discrimination for several genes. Altogether, these findings highlight the signifi-
cance of correlation dynamics and the predictive power of these nine genes as suggested
biomarkers of benzene exposure. The high AUC values further validate their diagnostic
power, with GSE9569 results likely benefiting from a smaller, more homogeneous cohort,
while GSE21862 emphasizes their broader applicability across diverse populations.

2.3. Methylation Analysis Reveals Differential DNA Methylation Patterns in
Benzene-Exposed Workers

Methylation data from the GSE50967 dataset were analyzed to investigate DNA
methylation alterations in 9 key genes found deregulated with benzene exposure in workers
compared to controls. As shown in Figure 5, for CRK, hypomethylation was observed in the
body of the gene in the benzene low-exposed (BZN-L) group relative to controls, although
this difference did not reach statistical significance. Interestingly, methylation levels of CRK
were significantly restored in the benzene high-exposed (BZN-H) group compared to BZN-
L, suggesting a potential dose-dependent regulation of methylation. In CXCR6, significant
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hypomethylation was detected at the TSS200 in the BZN-H group when compared to
controls, indicating that benzene exposure may induce specific epigenetic changes at the
transcriptional initiation site. Additionally, the methylation status of MELTF also showed
significant variations: one probe in the gene body exhibited decreased methylation in
BZN-L, while another probe demonstrated a significant increase in methylation in the
BZN-H group relative to controls. This suggests a dose-dependent methylation response
for MELTF. Overall, the methylation analysis highlighted distinct alterations in DNA
methylation patterns for CRK, CXCR6, and MELTF, particularly in the BZN-H group,
which exhibited more marked changes compared to both the BZN-L and control groups
(Figure 5A).
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Figure 5. DNA methylation dataset analysis (GSE50967). (A) Box plots showing the median DNA
methylation levels ± SD of CRK (cg15043106), CXCR6 (cg08450017), MELTF (cg16446585), and MELTF
(cg10670430) in BNZ-L (low exposure to benzene: 0.06 ± 0.01 mg/m3, equivalent to 0.02 ppm), BNZ-
H (high exposure to benzene: 7.68 ± 2.57 mg/m3, equivalent to 2.59 ppm), and CTR (non-exposed
controls: 0.06 ± 0.01 mg/m3, equivalent to 0.02 ppm). (B) Heatmap of the mean DNA methylation
levels of the five most deregulated DNA methylation hotspots, grouped into BNZ-L (L1-4), BNZ-H
(H1-4), and CTR (C1-4). (C) Table reporting the main features of DNA methylation hotspots, including
the gene ID, gene name, gene accession, methylation level, CpG island status, F-value, and FDR.
* p < 0.05; *** p < 0.001; and ns = not significant.

As shown in Figure 5B,C, Further stratification of the dataset based on benzene
exposure revealed significant methylation changes in several coding and non-coding
genomic regions, including POLE, C10orf58, SMYD3, and HLA-DRB1, with FDR values
ranging from 4.56 × 10−8 to 2.24 × 10−2.

2.4. Expression Patterns of Benzene-Associated Genes in AML Highlight Potential Links Between
Occupational Exposure and Leukemogenesis

To explore the association between benzene exposure and leukemogenesis, benzene-
associated gene expression profiles from nine datasets comparing AML patients (AML) to
healthy controls (H) have been analyzed. Stratifying samples by origin (bone marrow vs.
peripheral blood), distinct patterns of deregulation were observed (Figure 6).
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Figure 6. Gene expression matrix of 9 benzene-associated genes in AML GEO gene expression
datasets. Boxes represent the averaged log2 fold change (log2FC) for each of the 9 genes. Red boxes
indicate upregulated genes with log2FC between 0 and 3, while blue boxes represent downregulated
genes with log2FC between 0 and −3. Unfilled white boxes indicate genes with non-significant
fold changes. The datasets are grouped into G1 (light blue) with bone marrow (BM) progenitor
cell-derived samples and G2 (light green) with peripheral blood nucleated cell-derived samples.
MELTF is consistently upregulated in both G1 and G2 (red boxes), while CRK and GSPT1 show
upregulation in G1 but downregulation in G2 (yellow boxes). KPNA1 and MECP2 are consistently
downregulated in both G1 and G2 (blue boxes).

In detail, MELTF consistently showed upregulation across all samples, irrespective
of tissue type, highlighting its potential role as a broadly responsive marker in AML.
Conversely, CRK and GSPT1 were upregulated in BM samples but downregulated in
peripheral blood nucleated cells, suggesting a tissue-specific regulation influenced by the
leukemic environment. Notably, KPNA1 and MECP2 exhibited consistent downregulation
across both bone marrow and blood samples, indicating a uniform response to AML across
different tissues, although opposite to the upregulation observed in benzene-exposed
workers. The remaining genes displayed no consistent pattern of deregulation, emphasizing
heterogeneity in their expression profiles across the datasets. Additionally, ROC analyses
evidenced a significant discriminatory power of the five genes in distinguishing AML from
healthy samples (Figure S2).

These findings partially contrast with benzene-exposed worker datasets, where
KPNA1 and MECP2 were upregulated, indicating putative early stress-response roles
that are lost during malignant transformation. Intriguingly, the consistent upregulation of
MELTF in both AML and benzene exposure suggests its involvement in pathways linking
environmental exposure to hematologic malignancies.

2.5. Functional and Network Analyses Highlight the Biological Roles and Interactions of the
Benzene-Associated Gene Panel

Functional enrichment analysis using g:GOst identified key biological processes (BPs)
significantly associated with the nine-gene panel (Figure 7A). The regulation of primary
metabolic processes emerged as a central feature, involving all genes except CXCR6, while
the modulation of cellular processes included all nine genes, underscoring the panel’s
broad influence on essential cellular functions. Interestingly, CXCR6 played a distinct
role in response to external stimuli, cell surface receptor signaling, and defense responses,
highlighting its involvement in immune and stress-related pathways. Additionally, CXCR6,
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CRK, and NFKB1 were implicated in the chemokine signaling pathway in both the KEGG
and WikiPathways databases, pointing to their potential roles in immune modulation
and inflammation.
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Figure 7. g:GOSt and STRING functional network analyses of the panel of nine differentially
expressed benzene-related genes. (A) Table summarizing the multi-query results with significant
FDR values for 14 Biological Process Gene Ontology (BP:GO) terms, 1 Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway, and 1 WikiPathways (WP) pathway. Square colors indicate different
types of evidence, as described in the bottom of the table. (B) STRING plot showing protein–protein
associations, where edges represent interactions between proteins and nodes represent the query
proteins and their first shell of interactors. The colors of the edges, as well as the node clusters, are
indicated in the figure.

Additionally, STRING network analysis (Figure 7B) revealed a dense web of functional
interactions between the protein products of the genes, with the exception of ZNF331 and
TBC1D7, which appeared functionally isolated. The analysis identified distinct clusters
of interactions. One cluster suggested roles in cytoskeletal remodeling and intracellu-
lar signaling, highlighting genes such as CRK and MAP2K4, while another emphasized
nuclear-cytoplasmic transport processes involving KPNA1 and NFKB1. A separate clus-
ter underscored the chemokine signaling roles driven by CXCR6, further supporting its
immune-related functions. Additional clusters hinted at roles in iron homeostasis, transla-
tional control, and chromatin dynamics, with MECP2 showing indirect interactions with
both NFKB1 and GSPT1.
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Table S3 highlights the significant networking interactions observed in STRING. Four
of the nine genes (KPNA1, NFKB1, CRK, and CXCR6) are involved in several key pro-
cesses. KPNA1, in particular, emerges as a pivotal player in nucleocytoplasmic transport,
mediating the import of proteins bearing nuclear localization signals (NLS) through its
association with key components such as KPNA3 and KPNA4. Also, the results underscore
the significant involvement of NFKB1, CRK, and CXCR6 in immune-related pathways.
NFKB1 is notably implicated in the TNF signaling pathway and the chemokine signaling
pathway, both of which are crucial for inflammation and immune response modulation.
The participation of these genes in the immune system is further supported by their associ-
ation with cytokine signaling and the ISG15 antiviral mechanism. Moreover, KPNA1 and
NFKB1 feature prominently in pathogen response pathways.

Together, these findings underscore the coordinated involvement of the nine-gene
products panel in regulating subcellular, metabolic, immune, and inflammatory processes,
highlighting their relevance in the cellular response to benzene exposure.

2.6. Interactome Analyses Highlight CRK, GSPT1, KPNA1, MECP2, and MELTF as Central
Nodes in AML Pathogenesis with Distinct Prognostic Implications

The protein interaction networks were analyzed using the Human Reference Interac-
tome (HuRI) and Protein Interaction Network Analysis (PINA 3.0) platforms to investigate
the functional relationships occurring between the five benzene- and AML-associated
genes within the context of AML pathogenesis. Figure 8A illustrates the protein inter-
action network generated using HuRI, focusing on protein–protein interactions within
blood tissue.

This network revealed several significant interactions among the five differentially
regulated genes in AML (CRK, GSPT1, MECP2, KPNA1, and MELTF). In particular, CRK
emerged as the gene with the broadest interaction profile, engaging with a variety of
proteins involved in cellular processes such as signaling and cell cycle regulation, including
LASP1, MYLIP, SH2D2A, PRKACA, FGFR1, EPS15, PTPN4, and MAP4K1 (Table S4).

These interactions suggested that CRK plays a central role in modulating key cellular
functions critical to cellular transformation. Intriguingly, both GSPT1 and KPNA1, which
were highly expressed in healthy blood cells, showed notable interactions within this
network. GSPT1 interacted with PABPC1 and ETF1, which are involved in protein synthesis
and translation regulation. KPNA1 interacted with NUP50, KPNB1, and several other
proteins related to nuclear transport and chromatin regulation. An important finding in the
HuRI network was the indirect interaction between CRK and KPNA1, mediated through
LMNB1. Additionally, MELTF interacted with NOTCH2NL and NBPF19. Finally, MECP2,
on the other hand, interacted with the chromatin remodeling factors SMARCA2 and YY1.

Figure 8B shows the protein interaction network generated using the PINA 3.0 plat-
form, focusing on protein–protein interactions in the context of AML (TCGA dataset).
The analysis revealed that all protein products from the genes CRK, GSPT1, KPNA1,
MECP2, and MELTF interacted with proteins that were highly expressed in this cancer
type (Table S5). Remarkably, CRK interacted with SEPTIN6 (negative correlation) and
CBL (positive correlation), both of which are involved in cell signaling and cytoskeletal
regulation. Additionally, CRK interacted directly with proteins associated with both poor
and favorable prognostic outcomes in AML. Specifically, CRK positively interacted with
SRC, HSPA6, LMNA, and FCGR2B and C, which are linked to poor prognosis, while it
negatively interacted with KIT and positively interacted with ATXN1, both of which are
associated with a better prognosis. These interactions suggested that CRK played a pivotal
role in modulating various cellular processes that influence AML progression.
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Figure 8. Protein-protein interaction networks for five benzene-associated genes consistently dereg-
ulated in AML samples. (A) Protein interaction network generated using the Human Reference
Interactome (HuRI) in blood tissue. (B) Protein interaction network generated using the Protein
Interaction Network Analysis (PINA 3.0) platform, in the context of AML (The Cancer Genome Atlas,
TCGA dataset). Color codes for edges and nodes in both networks are specified within the figure
(upper left).

Moreover, CRK was indirectly connected to KPNA1 via RPS19. GSPT1 also interacted
positively with ELAVL1 and EIF4B, both of which are associated with favorable prognostic
outcomes in AML. Furthermore, KPNA1 negatively interacted with PPP1CA, a protein
linked to poor prognosis, suggesting a potential role of KPNA1 in modulating negative
prognostic pathways in leukemia.
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Overall, the interactome analyses identified CRK, GSPT1, KPNA1, MECP2, and
MELTF as pivotal nodes in the blood compartment. Also, each of these gene products
demonstrated distinct interactions relevant to leukemogenesis, suggesting their central role
in AML pathology.

2.7. miRNet Analysis Highlights Key Tissue-Specific and AML-Specific miRNA-Target
Regulatory Patterns

The miRNet analysis provided critical insights into the miRNA-target interaction net-
works across different tissues and diseases, particularly highlighting regulatory mechanisms
in AML. Figure 9A,B illustrate the miRNA-target interaction networks for three distinct tissue
types—bone marrow, peripheral blood, and exosomes—for all nine benzene-related genes.
While most miRNAs were tissue-specific, several were shared between tissues.
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Figure 9. miRNet miRNA-target interaction network of differentially expressed benzene-related
gene targets. (A) Network plots highlighting the interactions (grey nodes) between the 9 benzene-
associated gene targets and 8 miRNAs in bone marrow (left), peripheral blood (center), and exosome
(right) samples. (B) Venn diagram showing intersections between miRNet queries and a table listing
miRNAs that are post-transcriptional regulators of benzene-related gene targets belonging to each
Venn subgroup. (C) Network plot depicting the interactions (grey nodes) between 5 benzene- and
AML-associated gene targets and 38 miRNAs; miRNAs specifically involved in AML pathology are
highlighted in green and yellow. (D) Network plot of 5 benzene- and AML-associated gene targets
and 9 miRNAs of the AML-disease subgroup, with interactions (grey nodes).
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Notably, hsa-miR-21-5p and hsa-miR-25-3p overlapped between exosomes and bone
marrow, while bone marrow and peripheral blood shared hsa-miR-126-3p, hsa-miR-361-5p,
and hsa-miR-21-5p. These findings underscored the tissue-specific roles of miRNAs in the
post-transcriptional regulation of the benzene-target genes, with selected overlaps between
bone marrow, peripheral blood, and exosomes suggesting key regulatory interactions in
these areas.

Figure 9C shows the subset of miRNAs potentially regulating the post-transcriptional
levels of the subgroup of five AML-related genes across all available samples within the
miRNet database. Overall, a total of 38 miRNAs were identified as significantly interacting
with these genes. Among these, two miRNAs belong to the let-7 family (hsa-let-7a-5p and
hsa-let-7f-5p), and three to the miR-103 family (hsa-miR-103a-3p and hsa-miR-107).

The subsequent disease pathway analysis performed on these 38 miRNAs, summa-
rized in Table S6, identified several significant disease subgroups and their associated
pathologies. Among the most prominent subgroups were cancers, with a particular empha-
sis on leukemias, including AML, which may have been linked to environmental exposures
such as chronic benzene exposure. Additionally, carcinomas, encompassing a wide range of
epithelial cancers, as well as neoplasms, were identified. Other disease subgroups included
cardiovascular diseases, metabolic disorders, and liver and kidney diseases, underscoring
the broader impact of these miRNAs on various health conditions potentially associated
with benzene exposure.

Specifically for AML, the pathway analysis linked nine key miRNAs as selected
regulators of CRK, MELTF, MECP2, KPNA1, and GSPT1 targets: hsa-let-7b-5p and hsa-let-
7a-5p (let-7 family); hsa-let-7d-5p and hsa-miR-124-3p (mir-124 family); hsa-miR-128-3p
and hsa-miR-15a-5p (miR-15 family); hsa-miR-196b-5p, hsa-miR-19b-3p, and hsa-miR-210-
3p (Figure 9C). This analysis underscored the possible role of these miRNAs as biomarkers
for AML, highlighting their link with chronic benzene exposure.

3. Discussion
The use of a multi-omics approach to characterize the toxic effects of benzene on

workers has been widely discussed for nearly two decades [14]. Despite a growing body
of preclinical evidence, epidemiological data in worker populations remain limited [15].
Consequently, an actionable panel of deregulated genes for real-world applications has
yet to be established. Although occupational exposure is tightly regulated, it persists
as a significant concern in industrialized societies, posing risks to both workers and the
general population [16]. Actually, chronic exposure to benzene, even at low levels, induces
hematotoxicity, as a precursor to leukemogenesis, eventually progressing to AML and other
leukemias or lymphomas [17].

Key inquiries remain: what do we know about the changes in gene expression profiles
and DNA methylation patterns in benzene-exposed workers? Do any genes with altered
transcriptional profiles in exposed individuals exhibit similar changes in patients with
established AML? This study addresses these critical issues. To advance current knowledge
and identify a transcriptional, epigenetic, and post-transcriptional signature of benzene
susceptibility and exposure, it is essential to consolidate findings from different datasets,
including those involving low-dose exposures. From a systems biology perspective, it
is also vital to complement transcriptomic and epigenomic data with correlation and
predictive analyses, as well as network and interactome studies [13].

A differential expression analysis comparing benzene-exposed workers and non-
exposed controls was conducted using two publicly available gene expression datasets
(GSE21862 and GSE9569). Of over 2000 deregulated genes, 12 were consistently deregulated
across both datasets, with nine genes—CRK, CXCR6, GSPT1, KPNA1, MECP2, MELTF,
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NFKB1, TBC1D7, and ZNF331—showing consistent upregulation. This suggests a con-
served molecular hallmark of benzene exposure in workers. Further analysis of GSE21862,
stratifying workers by exposure levels, identified patterns of differential sensitivity. KPNA1
and CXCR6 were selectively upregulated in workers chronically exposed to low levels
(0.1–5 ppm), whereas the other seven genes were upregulated regardless of exposure level
(from 0.1 to over 10 ppm).

Previous gene expression analyses using U133 array technology on PBMC samples
from shoe manufacturing workers exposed to high benzene levels corroborate several
findings from this study. Notably, CRK and ZNF331 were consistently upregulated [18].
CRK, an oncogene involved in cellular transformation, is currently being investigated
as a therapeutic target in leukemia [19,20]. ZNF331, a zinc-finger transcription factor,
has been found often hypermethylated (a status linked to increased expression) within
peripheral blood leukocytes in various cancers [21,22]. Additionally, CXCL16, a member of
the CXC chemokine family, was previously identified as upregulated in benzene-exposed
workers [18]. In our study, its receptor, CXCR6, was found to be upregulated. Indeed,
the CXCL16/CXCR6 axis plays a crucial role in immune modulation and is particularly
implicated in AML pathogenesis [23,24]. Consistent with our findings, the GSE119533
study, which used nCounter technology, confirmed NFKB1 as a robust biomarker for
benzene exposure [25]. However, a study by Thomas et al. using RNA-seq on PBMC
samples from 250 benzene-exposed workers and 140 controls failed to identify any of the
genes from our panel as significantly deregulated. Only two ZNF factors from the same
family as ZNF331 (ZNF703 and ZNF420) were upregulated in exposed workers [26]. This
discrepancy may be attributed to the dissimilar technologies used (RNA-sequencing versus
RNA microarray) [27].

Following correlation analyses, a higher number of positive correlations among the
nine genes identified in our study were observed in benzene-exposed subjects. However,
the pattern of Mantel correlation strengths varied: in benzene-exposed workers, the strength
of correlations involving GSPT1 and ZNF331 increased, whereas in controls, correlations
involving MECP2, MELTF, and NFKB1 were slightly stronger. This variation implies
that benzene exposure may selectively enhance or decrease specific gene interactions,
contributing to the disruption of normal cellular processes [4].

Intriguingly, ROC curve analyses of these nine genes in both datasets demonstrated
their ability to distinguish between exposed and non-exposed workers, with NFKB1 show-
ing the highest significant discriminatory power in GSE21862 (Figure 4). To the best of
our knowledge, this is the first study to complement transcriptomic data with correlation
and ROC analyses, underscoring the predictive power of the identified gene panel. The
upregulation of NFKB1 upon benzene exposure is not surprising, and it is supported by
growing evidence highlighting the role of NF-κB pathway activation in response to benzene
metabolites, particularly hydroquinone, especially in circulating T cells [28,29]. This result
emphasizes the significance of the NF-κB inflammatory pathway in targeted therapy, with
possible translational implications for benzene toxicology risk assessment [30].

To further investigate DNA methylation alterations in the identified genes, the
GSE50967 dataset was examined. CXCR6 exhibited significant hypomethylation at its
transcriptional start site in the high-exposure group. In contrast, for MELTF, one probe
within the gene body showed decreased methylation in the low-exposure group, while
another showed increased methylation in the high-exposure group, indicating a dose-
dependent response. The gene MELTF encodes for melanotransferrin, a protein involved
in iron metabolism and the regulation of ferroptosis, which has been recently linked to
benzene-induced hematotoxicity in animal models [31,32].
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To elucidate the biological roles and interactions of the nine benzene-associated genes,
functional enrichment and network analyses were performed. In detail, g:GOst analysis
highlighted the regulation of primary metabolic and cellular processes, emphasizing the
gene panel’s broad influence on essential biological functions. CXCR6 was found to be
involved in immune and stress-related pathways, including cell surface receptor signaling
and defense responses. Additionally, CXCR6, CRK, and NFKB1 were implicated in the
chemokine signaling pathway, linking them to immune modulation and inflammation.
Furthermore, STRING network analysis revealed a dense web of functional interactions
among the gene products. For instance, CRK was primarily involved in cytoskeletal
remodeling and intracellular signaling (in association with MAP2K4, ELMO3, and other
gene products). While KPNA1 and NFKB1 played roles in nuclear-cytoplasmic transport.
Finally, both CXCR6 and NFKB1 were involved in chemokine signaling. These observations
align with previous studies demonstrating the central role of the immune system and
inflammation in responding to oxidative stress induced by benzene poisoning [16,33].

Subsequent miRNet analysis identified several miRNAs regulating benzene-related
genes across different tissues, with distinct patterns between bone marrow, peripheral
blood, and exosomes. The miRNA-target interaction networks showed that most miRNAs
were tissue-specific, although some were shared across tissues. Particularly, hsa-miR-21-5p
and hsa-miR-25-3p overlapped between exosomes and bone marrow, while hsa-miR-126-3p,
hsa-miR-361-5p, and hsa-miR-21-5p were shared between bone marrow and peripheral
blood, suggesting their broad regulatory roles in response to benzene exposure. Consistent
with our findings, miR-126-3p was found to be deregulated in hematopoietic progenitor
cells treated with benzene, while plasma levels of miR-361-5p were significantly reduced in
workers chronically exposed to high benzene levels [34,35]. Hence, it can be suggested that
these miRNAs play a crucial role in the post-transcriptional regulation of benzene-related
genes across different tissues in occupational settings.

To further assess the relationship between benzene exposure and leukemogenesis,
gene expression profiles from nine AML datasets were analyzed, stratified by tissue type
(bone marrow vs. peripheral blood). In both bone marrow and peripheral blood nucleated
cells, MELTF was consistently upregulated, suggesting its potential role as a broad marker
for AML. Accordingly, the MELTF gene codes for one of the first melanoma tumor anti-
gens identified, and it is involved in multiple steps of tumor cellular transformation [36].
Although its role in AML is yet to be elucidated, MELTF represents a known negative
prognostic marker in colon and gastric cancers [37,38]. Our analysis also revealed that the
oncogenes CRK and GSPT1 were upregulated in bone marrow cells but downregulated in
peripheral blood, indicating tissue-specific regulation influenced by the leukemic environ-
ment [39]. Interestingly, benzene oxide, a toxic metabolite of benzene, acts as a substrate
for GSTP1, which has been linked to benzene-induced hematotoxicity [40,41]. Moreover,
GSPT1, a key factor in translation termination, has recently been identified as an oncogenic
driver and holds promise as a target for developing anti-AML drugs [42–45].

In addition, KPNA1 and MECP2 were consistently downregulated in both blood cell-
and bone marrow-derived AML samples, contrasting with their upregulation observed in
benzene-exposed workers expression datasets. This difference may reflect a shift in gene
expression during malignant transformation; however, it appears in contrast with several
findings. In detail, although KPNA1 (a nuclear import protein) is overexpressed in several
cancers, it was found downregulated in AML bone marrow cells in this study, contradicting
previous reports [46,47]. Similarly, MECP2, a transcriptional modulator that binds methylated
DNA, primarily known for its role in Rett syndrome, is generally overexpressed in many
cancers, although its role in leukemia remains underexplored [48,49].
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ROC analyses confirmed the strong discriminatory power of MELTF, CRK, GSPT1,
KPNA1, and MECP2 in distinguishing AML from healthy controls, underscoring their role
as key biomarkers for AML susceptibility, especially in workers exposed to benzene. This
finding suggests a new panel of genes that could serve as early biomarkers for AML in the
context of benzene exposure, offering novel insights into occupational health surveillance.

In additional support of this perspective, protein-protein interaction network analyses
using HuRI revealed CRK as the gene with the most extensive interaction profile, engaging
with proteins such as LASP1, MYLIP, SH2D2A, and FGFR1, underscoring its central role
in AML-related cellular processes [50,51]. Also, GSPT1 interacted with PABPC1 and
ETF1, proteins involved in translation regulation [52]. While KPNA1 interacted with
nuclear transport proteins such as NUP50 and KPNB1, emphasizing its role in chromatin
regulation [53]. MELTF was linked to NOTCH2NL and NBPF19, suggesting involvement
in cellular differentiation pathways, while MECP2 indirectly interacted with chromatin
remodelers such as SMARCA2 and YY1, known for their oncogenic roles in cancers,
including leukemia [54].

Furthermore, PINA 3.0 network analysis (Figure 8B) further highlighted CRK as
interacting with proteins linked to both poor and favorable AML prognoses. For instance,
it positively interacted with SRC, HSPA6, and LMNA (poor prognosis) and negatively
with KIT and ATXN1 (favorable prognosis). Moreover, GSPT1 interacted with ELAVL1
and EIF4B, proteins associated with favorable AML outcomes, while KPNA1 negatively
interacted with PPP1CA, a marker of poor prognosis, suggesting its role in modulating
negative prognostic pathways in leukemia. These findings are in line with the work of
Li et al., who reported increased leukemia-associated gene expression in benzene-exposed
workers [55].

Finally, miRNet disease pathway analysis identified nine key miRNAs involved in
AML pathology: hsa-let-7b-5p, hsa-let-7a-5p, hsa-let-7d-5p, hsa-miR-124-3p, hsa-miR-
128-3p, hsa-miR-15a-5p, hsa-miR-196b-5p, hsa-miR-19b-3p, and hsa-miR-210-3p. All these
miRNAs concertedly regulate the post-transcriptional expression of the target genes MELTF,
MECP2, KPNA1, CRK, and GSTP1 (Figure 9D). Pivotally, among these candidates, hsa-let-
7d was previously found significantly overexpressed in the peripheral blood of benzene-
exposed workers [56].

This study offers a comprehensive, multi-omics approach to understand the molec-
ular impact of benzene exposure, leveraging an important contribution to the field of
occupational toxicology. One notable strength lies in the integration of transcriptomic,
epigenomic, functional pathway analyses, and interaction studies (i.e., protein-protein
and miRNA-target interactions), showing a deeper insight into the complex molecular
disruptions driven by benzene exposure. The identification of a conserved set of nine
upregulated genes across multiple datasets underscores the robustness of the findings.
Additionally, the inclusion of correlation assessments and ROC analyses adds a predictive
dimension to the study, providing strong evidence that all nine genes, and particularly
NFKB1, possess high discriminatory power in distinguishing exposed from non-exposed
individuals. Such holistic evaluations not only strengthen the evidence base but also pave
the way for the development of early detection biomarkers, which could significantly
enhance occupational health surveillance.

However, this study also has limitations, primarily stemming from its reliance on pub-
licly available datasets, which may introduce biases related to sample collection, handling,
and cohort heterogeneity. Also, the discrepancy in gene expression data resulting from mi-
croarray and RNA-seq datasets exemplifies the technological variability that can affect the
consistency of findings. Moreover, while the study successfully demonstrates differential
gene expression and DNA methylation patterns, the cross-sectional nature of the datasets
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limits the ability to infer causality between benzene exposure and leukemogenesis. Another
limitation is the lack of experimental validation in both preclinical and clinical settings,
which is crucial to confirm the functional relevance of the identified biomarkers. Strategies
such as immunohistochemistry and serum-based analyses are particularly effective for
establishing correlations between benzene exposure and changes in gene expression, DNA
methylation patterns, and miRNA levels, thereby enhancing the translational role of these
findings [57,58].

In conclusion, by identifying a multi-omic molecular fingerprint, the findings of this
study lay the groundwork for developing novel personalized prevention strategies for workers
exposed to benzene. Once validated, these results could help tailor bio-monitoring approaches
using specific biomarkers of gene expression, DNA methylation, and miRNA alterations to
early identify at-risk workers. Furthermore, the integration of New Approach Methodologies
(NAMs), which include not only omics applications but also machine learning models and
high-throughput bioassays, could provide powerful tools for validating these findings and
enhancing the human relevance of risk assessment frameworks, advancing toward next-
generation, ethically sound toxicity testing paradigms [59,60]. This integrated approach could
improve surveillance programs, enabling the prevention of long-term health risks associated
with benzene exposure, even before the onset of clinical symptoms.

4. Materials and Methods
4.1. Selected Dataset Repositories, Gene Expression, and DNA Methylation Analyses

The Gene Expression Omnibus (GEO) DataSets public database was used to select gene
expression datasets of individuals occupationally exposed to benzene and unexposed con-
trols [61]. To evaluate the impact of benzene on exposed workers, an advanced search was
performed using the following terms: “(benzene AND ‘Homo sapiens’ [porgn:txid9606])”.
Only studies conducted in workers were selected, while preclinical data were excluded. A
total of three datasets were shortlisted for computational analysis, as reported in Table S7.
All datasets analyzed peripheral blood cell samples from workers exposed versus not
exposed to benzene.

Additionally, datasets of samples from patients with acute myeloid leukemia (AML)
and healthy controls were selected using the search string: “(‘AML’ OR ‘Acute Myeloid
Leukemia’ AND ‘Homo sapiens’ [porgn:txid9606])”, with only clinical studies being in-
cluded. Ten datasets were selected and analyzed (Table S8).

After downloading gene expression data matrices from GEO DataSets, differential
analyses were performed to identify genetic and epigenetic factors deregulated by benzene.
Normalized gene expression data were obtained using the GEO2R online bioinformatics
tool (https://www.ncbi.nlm.nih.gov/geo/geo2r/, accessed on 19 December 2024) [62].
Samples were categorized into “non-exposed control group” and “exposed group”, or into
“AML group” and “healthy group”, and differential analyses were conducted to compare
the expression levels of each gene or methylation hotspot across datasets. The results were
expressed as log2 fold change (log2FC). p-values were corrected for multiple testing using
the Benjamini and Hochberg false discovery rate (FDR). FDR values ≤ 0.05 were considered
statistically significant.

4.2. Functional Analyses of Candidate Genetic and Epigenetic Biomarkers

Gene enrichment analyses were performed using the g:Profiler online tool, (https:
//biit.cs.ut.ee/gprofiler/gost, accessed on 19 December 2024) specifically the g:GOSt
function, which enables gene set enrichment analysis from Gene Ontology (GO), Kyoto
Encyclopedia of Genes and Genomes (KEGG), and WikiPathways (WP) [63]. Additionally,

https://www.ncbi.nlm.nih.gov/geo/geo2r/
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the STRING v12.0 bioinformatics tool was used to analyze the interaction networks of
differentially expressed genes [64].

The Human Reference Protein Interactome Mapping Project (HuRI) online tool was
used to investigate human binary protein interactions. Specifically, the tissue-specific
function was applied to identify genome-wide, tissue-preferentially expressed genes in
whole blood [65]. The Protein Interaction Network Analysis (PINA 3.0) platform was also
employed to examine cancer-specific interactomes. Results were filtered to include only
direct interactions with correlation coefficients > 0.3 within the AML-specific network,
which integrates data from TCGA-LAML [66].

To identify miRNAs regulating the expression of the identified genes, a miRNA
regulatory network analysis was performed using the miRNet 2.0 online tool. Refinement
filters (i.e., minimum network, Steiner-forest network, betweenness filter) were applied to
enhance specificity [67].

4.3. Statistical Analyses and Plotting

Data processing and statistical analyses were conducted using GraphPad Prism version
9.0 for Windows (GraphPad Software, La Jolla, CA, USA). Results were presented as median
± standard deviation (SD), where applicable. Shapiro–Wilk normality tests were performed
for each variable of interest, followed by appropriate statistical tests. Comparisons between
two groups were made using the two-tailed unpaired or paired Student’s t-test or the
Mann–Whitney U test. Comparisons between three or more groups were performed using
one-way analysis of variance (ANOVA) or the Friedman test. The prognostic significance
of deregulated genes was evaluated using receiver operating characteristic (ROC) curve
analyses, with areas under the curve (AUC) calculated. Gene expression values were
stratified into two classes (experiment vs. control) for each gene, and groups were analyzed
using the ROC function in Prism.

Correlations between gene expressions were assessed using Spearman’s correlation
coefficients, while the Mantel test was employed to measure linear relationships between
distances. Corresponding correlograms were generated using ChiPlot (https://www.
chiplot.online/#, accessed on 19 December 2024) [68]. Volcano plots, Venn diagrams,
bubble plots, and heatmaps with associated clustering were generated using the SRplot
online visualization platform (https://www.bioinformatics.com.cn/srplot, accessed on
19 December 2024) [69]. Statistical significance was defined as p-values < 0.05, with the
following thresholds: * p < 0.05; ** p < 0.01; *** p < 0.001; and **** p < 0.0001.

5. Conclusions
This study identifies key genes as potential benzene biomarkers. NFKB1, crucial in

inflammation and immune response, is consistently upregulated by benzene exposure.
Similarly, MELTF, involved in iron metabolism and ferroptosis, links benzene exposure to
hematotoxicity and AML through oxidative stress. Additionally, CRK and CXCR6 highlight
early immune and oncogenic signaling disruptions, while ZNF331 underscores epigenetic
changes. Also, KPNA1’s involvement in nuclear transport highlights cellular dysfunctions.
Additionally, dose-dependent DNA methylation changes were identified in CXCR6 and
MELTF, while specific miRNAs, including let-7d-5p, miR-126-3p, and miR-361-5p, were
highlighted as crucial post-transcriptional regulators. Together, these genes and miRNAs
form a robust biomarker panel, suggesting new opportunities for future preclinical and
clinical validation.

Overall, our findings reinforce the value of applying a systems biology approach to
occupational health, advocating for the integration of data from diverse datasets and the use
of advanced network-based analyses to refine and confirm biomarkers of susceptibility and

https://www.chiplot.online/#
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exposure. In fact, low-dose chronic benzene occupational exposure remains a significant
concern, particularly in industrial settings; therefore, these insights offer a foundation for
improved early detection and the development of targeted interventions to mitigate the
long-term health effects of benzene harmfulness.

Supplementary Materials: The supporting information can be downloaded at: https://www.mdpi.
com/article/10.3390/ijms26031138/s1. References [70–81] are cited in the Supplementary Table S8.
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