Short Communication

Life Conflux

Genetic Risk Mapping and Insights into Esophageal Adenocarcinoma
Development (Risk Mapping of Esophageal Adenocarcinoma)

Authors
Wenjie Li

Correspondence
1239424226@qq.com (W. Li)

Graphical Abstract

Mendelian randomization

W Z: Genetic
Variants

Selection criteria:

(1) Significantly associated
with exposures;
(p<5x107%)

(1) LD clumping (R?< 0.001
within a TMb distance)
(1) PhenoScanner and
exclusion palindromic SNPs

https://doi.org/10.71321/mczdpt96

.

Assutfiption XA
o1 comprehensive
atlas of risk

factors

X Assumption 2

v

Y:
Esophageal
adenocarcinoma

N=21,271
(4,112 cases
and 17,159

controls)

12,911,041
genetic variants

g
European ‘[
descent .

Two-sample MR analysis:

IVW; MR-Egger; Weighted Median; Weighted

mode; Simple mode
Sensitivity analysis:
Cochrane Q;

MR Egger Interception; MR-PRESSO

© 2025 The Author(s). Published by Life Conflux Press Limited. This is an open access article distributed under the terms of the Creative Commons Attribution License (CC

BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. To view a copy of this licence, visit http:/

creativecommons.org/licenses/by/4.0/.


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

Short Communication Life Conflux

Genetic Risk Mapping and Insights into Esophageal Adenocarcinoma
Development (Risk Mapping of Esophageal Adenocarcinoma)

WenjieLi"

Received: 2025-01-25 | Accepted: 2025-03-27 | Published online: 2025-03-30

Abstract

Background: Esophageal adenocarcinoma (EAC) is a malignant tumor that has been increasing in incidence over the past few decades.
Identifying the risk factors associated with EAC is crucial for prevention and early detection strategies.

Methods: This study aimed to investigate the potential risk factors for EAC using a Mendelian randomization (MR) approach. We attained genetic
variants associated with 52 exposure factors s from available large-scale genome-wide association studies.

Results: Genetic predisposition to childhood body mass index, forced expiratory volume in 1-second, glomerular filtration rate, telomere length,
alcohol consumption, anxiety or depression, smoking, coffee consumption, time spent watching television, basal metabolic rate, body fat
percentage, body mass index, hip circumference, obesity class 1, obesity class 2, trunk fat percentage, waist circumference, waist-to-hip ratio,
iron, Barrett's esophagus, and gastroesophageal reflux disease were associated with increased risk of EAC. In addition, we demonstrated that
age at first birth, age at first sexual intercourse, age at menarche, years of schooling, type 1 diabetes, and fruit intake could suggestively decrease
the odds of EAC.

Conclusion: This study represents the inaugural MR investigation to present a comprehensive atlas of risk factors associated with EAC, which

will aid in advancing the formulation of efficacious preventive and early detection approaches.
Keywords: Esophageal adenocarcinoma; Mendelian randomization; single-nucleotide polymorphisms; risk factor; early detection

Introduction

Esophageal carcinoma is globally positioned as the eighth
most prevalent form of cancer, and ranks as the sixth leading
contributor to cancer-related mortality [5]. While esophageal
squamous cell carcinoma maintains a significant presence
worldwide, the incidence of esophageal adenocarcinoma
(EAC) is progressively assuming a dominant role in developed
nations [4]. EAC exhibits a markedly favorable prognosis
when identified at an early stage, confined to the mucosal
and submucosal layers of the esophagus. However, the
majority of cases are detected at advanced stages, where
outcomes remain poor [7,20]. The 5-year overall survival rate
for patients with esophageal adenocarcinoma is less than
20%, a figure comparable to the dismal survival rates observed
in malignancies of the liver, lung, and pancreas [7,20]. These
statistics underscore the urgent need for the development and
implementation of effective screening strategies to facilitate
earlier diagnosis and improve patient outcomes.

In efforts to thwart the progression of EAC, the implementation
of effective screening strategies is anticipated to assume
a pivotal role, consequently presenting a promising avenue
for reducing mortality rates in the future. Currently, smoking,
gastroesophageal reflux disease, and Barrett esophagus stand

recognized as the principal risk factors accountable for EAC
development [4]. However, our current comprehension of
additional potential risk factors for EAC remains restricted.
Moreover, the execution of randomized controlled trials
aimed at investigating these risk factors poses considerable
challenges, thereby predominantly relying on observational
studies to offer valuable insights. It is crucial to recognize the
inherent limitations of observational studies, including limited
sample sizes and inadequate adjustment for confounding
variables, which can potentially compromise the accurate
assessment of cancer development. Hence, there arises
a pressing necessity for a groundbreaking approach to
effectively estimate the causal risk factors associated with
EAC. Mendelian randomization (MR) analysis, employing
single nucleotide polymorphisms (SNPs) as instrumental
variables (IVs), stands as an innovative methodology
for elucidating causal inferences between exposures
and outcomes [2,11,19]. Of remarkable significance, this
epidemiological approach serves to mitigate the impact
of potential confounding factors [2,11,19]. Against this
backdrop, we embarked upon an MR analysis utilizing a vast
cohort of European individuals, with the aim of constructing
a comprehensive compendium of the risk factors intricately
associated with EAC.
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Methods

The study examined 52 risk factors associated with EAC using
MR analysis and summary-level data from large-scale GWASs
(Supplementary Table S1, Figure 1). SNPs significantly linked
to EAC (p < 5 x 10-8) were selected, with minimal linkage

Phenotypes SNPs  OR (95%Cl)
Individual characters

Age at first birth 55 0.81(0.73-0.91)
Age at first sexual intercourse 53 0.68 (0.47-0.99)
Age at menopause 55 0.84 (0.70-0.99)
Birth weight 122 0.93 (0.73-1.19)
Childhood body mass index 15 1.33 (1.04-1.70)
Forced expiratory volume in 1-second 75 1.49 (1.06-2.10)
Glomerular filtration rate (creatinine) 38 3.39 (1.01-11.30)
Telomere length 124 1.35 (1.03-1.77)
Socioeconomic variables

Average total household income 44 0.93 (0.53-1.65)
Townsend deprivation index 17 1.06 (0.35-3.20)
Years of schooling 262 0.69 (0.51-0.95)
Alcohol consumption 90 1.39 (1.07-1.79)
Anxiety or depression 34 6.76 (1.44-31.68)
Beef intake 11 1.00 (0.12-8.67)
Cigarettes 73 1.55 (1.18-2.04)
Cereal intake 34 0.55 (0.21-1.42)
Coffee consumption 35 2.71 (1.13-6.49)
Fruit intake 35 0.23 (0.10-0.54)
Insomnia 32 1.00 (0.38-2.62)
Milk assumption 3 0.0002 (0.00-9E+3)
Sleep duration 2 2.26 (0.58-8.84)
Time spent watching television 101 2.02 (1.19-3.43)
Vigorous physical activity 7 2.43 (0.21-28.03)
Cardiometabolic factors

Basal metabolic rate 343 1.29 (1.02-1.64)
Body fat percentage 230 2.23 (1.66-2.98)
Body mass index 448 1.60 (1.34-1.91)
C-reactive protein 48 0.88 (0.71-1.10)
Estradiol levels 10 0.97 (0.83-1.15)
Fasting glucose 9 0.95 (0.55-1.65)
Hip circumference 51 1.44 (1.02- 2.03)
HDL-C 85 1.10 (0.95-1.29)
IGF-1 282 1.12 (0.96-1.30)
LDL-C 76 0.99 (0.86-1.14)
Leptin 4 0.97 (0.51-1.87)
Obesity class 1 14 1.26 (1.10-1.46)
Obesity class 2 1" 1.23 (1.11-1.37)
Testosterone levels 153 0.88 (0.60-1.30)
Total Cholesterol 81 0.97 (0.83-1.13)
Triglycerides 55 0.95 (0.81-1.13)
Type 1 diabetes 36 0.94 (0.88-0.99)
Type 2 diabetes 52 0.96 (0.85-1.09)
Trunk fat percentage 316 1.87 (1.47-2.37)
Waist circumference 37 1.72 (1.20-2.48)
Waist-to—hip ratio 28 1.64 (1.05-2.56)
Weight 325 0.95 (0.85-1.06)
Micronutrients

25-Hydroxyvitamin D 102 1.16 (0.90-1.50)
Vitamin D 76 1.17 (0.87-1.57)
Calcium 204 0.90 (0.76-1.08)
Iron 3 1.22 (1.0001-1.49)
Copper 2 1.03 (0.86-1.24)
Esophageal diseases

Barrett's esophagus 12 2.24 (1.88-2.66)
Gastroesophageal reflux disease 66 1.60 (1.29-2.00)
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disequilibrium (R2 < 0.001) to ensure independent effects.
Pleiotropic effects were addressed using the PhenoScanner
database, and palindromic SNPs were excluded. The inverse
variance weighted (IVW) method was the primary approach,
with additional MR methods employed. Detailed methods are
provided in the supplementary materials.
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Figure 1. The overview of
the present study depicting a
comprehensive atlas of risk
factor related to esophageal
adenocarcinoma. Within
this intricate analysis,
genetic variants (Z) assume
the crucial role of genetic
instruments, enabling an
assessment of the causal
relationship between
exposures (X) and outcomes
(Y). The numerical labels 1 to
3 archetypally correspond to
assumptions 1 to 3.
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Results

A comprehensive atlas of risk factors associated with EAC
The MR estimates revealed a suggestive or significant
relationship between an elevated risk of EAC and 27 key risk
and protective factors. Among these, body mass index (OR
IVW: 1.6; 95% Cl 1.34-1.91, p<0.001), Barrett's esophagus
(OR IVW: 2.24; 95% Cl 1.88-2.66, p<0.001), and fruit intake
(OR IVW: 0.23; 95% CI 0.1-0.54, p<0.001) stood out as the
most critical determinants of risk and protection, respectively.
Body mass index, along with obesity traits such as trunk fat
percentage (OR IVW: 1.87; 95% CI 1.47-2.37, p<0.001), waist
circumference (OR IVW: 1.72; 95% Cl 1.20-2.48, p=0.003), and
waist-to-hip ratio (OR IVW: 1.64; 95% CI 1.05-2.56, p=0.03),
was strongly associated with increased EAC risk, highlighting
the role of adiposity in carcinogenesis. In contrast, fruit intake
demonstrated significant protective effects, potentially due to
its antioxidative and anti-inflammatory properties.

Beyond these major factors, the analysis identified additional
modifiable and non-modifiable contributors to EAC risk.
Modifiable factors included smoking (OR IVW: 1.55; 95% Cl
1.18-2.04, p=0.0015), alcohol consumption (OR IVW: 1.39;
95% CI 1.07-1.79, p=0.01), coffee consumption (OR IVW:
2.71; 95% ClI 1.13-6.49, p=0.025), and sedentary behavior as
indicated by time spent watching television (OR IVW: 2.02;
95% CI 1.19-3.43, p=0.0088). These factors underscore the
importance of lifestyle interventions in mitigating EAC risk. On
the other hand, non-modifiable factors such as telomere length
(OR IVW: 1.35; 95% CI 1.03-1.77, p=0.03), glomerular filtration
rate (OR IVW: 3.39; 95% CI 1.01-11.3, p=0.04), and childhood
body mass index (OR IVW: 1.33; 95% CI 1.04-1.7, p=0.02)
reflect intrinsic biological and physiological predispositions
contributing to EAC risk.

The study also revealed suggestive causal relationships
between genetically predicted protective factors and a
decreased risk of EAC, including age at first birth (OR IVW: 0.81;
95% Cl 0.73-0.91, p=0.0005), age at first sexual intercourse
(OR IVW: 0.68; 95% Cl 0.47-0.99, p=0.04), age at menarche
(OR IVW: 0.84; 95% CI 0.70-0.99, p=0.04), years of schooling
(OR IVW: 0.69; 95% CI 0.51-0.95, p=0.02), type 1 diabetes (OR
IVW: 0.94; 95% CI 0.88-0.99, p=0.04), and fruit intake (OR IVW:
0.23; 95% Cl 0.1-0.54, p=0.0008). Alternative MR methods,
including simple mode, weighted mode, weighted median,
and MR-Egger regression, yielded consistent results with the
IVW findings, supporting the robustness of these conclusions.
No evidence of causality was found for other risk factors (all
p-values > 0.05) (Figure 1 and Supplementary Table S2).

Sensitivity analyses

To ensure fidelity of our initial MR discoveries, we have
conducted sensitivity analyses that strictly adhere to the three
first principles of MR (Figure 1). Table 1 displays the results
of these sensitivity analyses. We have identified SNPs that
are significantly associated with exposures at a noteworthy
p-value threshold (p < 5 x 10-8) and excluded SNPs associated
with potential confounders, indicating that the first and
third assumptions of MR were not violated. Cochrane’s Q
test and MR-Egger intercept regression analyses primarily
yielded non-significant p-values (the majority of p-values
were greater than 0.05), suggesting an absence of significant

heterogeneity and horizontal pleiotropy, respectively (Table 1).
Furthermore, the MR PRESSO global test identified rs543874,
rs429358, rs4627713, rs2041376, rs957919, and rs1516725
as potential sources of pleiotropy (Table 1). Previous studies
have suggested that multiplicative interactions exist between
rs543874[12], rs429358[6], and rs1516725[15] with traits such
as obesity or apolipoproteins. These findings highlight the
importance of cautious interpretation of results involving these
SNPs. While the inclusion of these SNPs marginally affected
the causal estimate, exclusion analyses yielded consistent
results, reinforcing the robustness of our primary findings,
suggesting that the potential pleiotropy associated with these
SNPs does not substantially undermine the validity of our
conclusions.

Discussion

To the best of our knowledge, this study represents a novel
and comprehensive examination of latent and modifiable
risk factors associated with EAC. Beyond the established
risk factors such as alcohol consumption, smoking, Barrett’s
esophagus, and gastroesophageal reflux disease, our findings
provide insights into previously underexplored dimensions
of EAC risk, offering a more nuanced understanding of its
etiology. Of note, the progression from Barrett's esophagus
to EAC is driven by a series of molecular and cellular changes
that result in dysregulated cell growth, altered gene expression,
and increased resistance to apoptosis. One of the key events
in this process is the accumulation of genetic mutations that
facilitate carcinogenesis. Mutations in tumor suppressor
genes, such as TP53, and the amplification of oncogenes
like c-MYC and cyclin D1, have been frequently observed in
the transition from Barrett's esophagus to EAC [17,18]. These
genetic alterations contribute to the loss of normal growth
control, allowing abnormal cells to proliferate uncontrollably
and form a tumor. Moreover, smoking induces chronic
inflammation and DNA damage through the generation of
reactive oxygen species, while alcohol enhances acetaldehyde
production, further promoting mutagenesis.

In the present study, we have identified several factors related
to individual characteristics that may either protect or increase
the risk of EAC. These factors include age at first birth, age at
first sexual intercourse, age at menarche, birth weight, forced
expiratory volume in 1-second, glomerular filtration rate, and
telomere length. We also confirmed associations previously
suggested by other studies, such as the link between
reproductive factors [14] and telomere length [23] with cancer.
However, our study is the first to establish these associations
with EAC specifically. Additionally, our study uniquely identifies
lung and kidney function as potential risk factors for EAC,
suggesting that systemic physiological health may influence
esophageal carcinogenesis. Reduced forced expiratory volume
in one second may reflect compromised respiratory function
and chronic exposure to oxidative stress or inflammation,
which could contribute to cancer risk. Similarly, impaired
glomerular filtration rate, indicative of kidney dysfunction,
could be linked to an altered metabolic profile, systemic
inflammation, or impaired clearance of carcinogenic
compounds, all of which may play a role in EAC development
[13].
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Table 1. Sensitivity analyses.

Cochrane Q test MR Egger Interceotion MR PRESSO
Phenotypes SNPs  F-value : global
Q Q_df P-value Intercept SE P-value Poteptlal test_
outliers
P-value
Individual characters
Age at first birth 55.00 NA 50.96 54.00 0.59 0.01 0.02 0.53 NO 0.61
Age atfirst sexual 54 NA 4770 5200  0.64 001 002 056 NO 0.66
intercourse

Age at menopause 55.00 93.04 45.79 54.00 0.78 0.01 0.02 0.58 NO 0.79
Birth weight 122.00 56.99 138.94  121.00 0.13 0.01 0.01 0.11 NO 0.11

Childhood body mass

index 15.00 NA 23.60 14.00 0.05 -0.04 0.04 0.36 rs543874 0.00

Forced expiratory

o Yy 7500 4672 12678 7400 000  -004 002 007 NO 0.00
G"r"aTeeEﬂ'rz;I::{s:)O” 3800 6638 4260 37.00 024 001 002 0.6 NO 0.27
Telomere length ~ 124.00 11533 16627 123.00  0.01 0.00 001 093 NO 0.01
Socioeconomic
variables
hoﬁ;’:;?)?j It:;g;e 4400 4092  60.30 4300 004 001 002 0.61 NO 0.05
dep:f\’/‘g’tri‘sﬁri‘g dox 1700 3551 2131 1600 017 004 007 064 NO 0.17
Years of schooling  262.00  49.26  328.01 261.00  0.00 001 001 023 NO 0.00
Lifestyle
Alcohol assumption  90.00 53.78 99.38 89.00 0.21 0.01 0.01 0.11 NO 0.21
Anxiety or depression  34.00 37.20 40.59 33.00 0.17 0.02 0.04 0.61 NO 0.18
Beef intake 11.00  39.67 1927 1000 004  -0.07 007 039 rs429358  0.00
Cigarettes 73.00 4242 7562 7200 036 0.01 002 0.66 NO 0.39
Cereal intake 3400 4550 4912  33.00  0.04 0.02 003 047 NO 0.05
Coffee consumed 35.00 77.66 57.96 34.00 0.01 0.00 0.01 0.90 NO 0.01
Fruit intake 3500 4036 4117 3400 019 002 003 054 NO 0.20
Insomnia 3200 4546 4221  31.00  0.09 003 002 017 NO 0.10
Milk assumption ~ 3.00 3817 609 200 005  -0.03 029 093 NO NA
Sleep duration 2.00 49.45 NA NA NA NA NA NA NO NA
Timespentwatching ;oq 00 4941 11491 10000 015  -0.01 002 071 NO 0.15

television
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Vigorous physical
activity
Cardiometabolic
factors

Basal metabolic rate
Body fat percentage
Body mass index
C-reactive protein
Estradiol levels
Fasting glucose
Hip circumference
HDL-C
IGF-1
LDL-C
Leptin
Obesity class 1
Obesity class 2
Testosterone levels
Total Cholesterol
Triglycerides
Type 1 diabetes
Type 2 diabetes
Trunk fat percentage
Waist circumference
Waist-to-hip ratio
Weight
Micronutrients
25-Hydroxyvitamin D
Vitamin D
Calcium
Iron
Copper
Esophageal diseases

Barrett's esophagus

Gastroesophageal
reflux disease

7.00

343.00
230.00
448.00
48.00
10.00
9.00
51.00
85.00
282.00
76.00
4.00
14.00

11.00

153.00

81.00

55.00
36.00
52.00
316.00
37.00
28.00
325.00

102.00
76.00
204.00

3.00
2.00

12.00

66.00

40.81

70.37
51.95
71.65
128.08
67.65
NA
55.29
121.06
101.83
158.18
39.68
67.39

61.46

81.61

137.98

169.89
NA
NA

59.17
50.57
45.42
79.19

113.03
133.61
101.29

NA
NA

35.88

38.95

5.35

407.23
274.91
493.32
67.05
11.28
10.42
73.86
89.75
334.61
98.38
3.70
16.13

16.98

173.66

110.12

65.97
51.72
60.56
388.99
48.35
27.78
320.78

122.41
97.70
214.01

0.83
NA

16.82

80.79

6.00

342.00
229.00
447.00
47.00
9.00
8.00
50.00
84.00
281.00
75.00
3.00
13.00

10.00

152.00

80.00

54.00
35.00
51.00
315.00
36.00
27.00
324.00

101.00
75.00
203.00

2.00
NA

11.00

65.00

0.50

0.01
0.02
0.06
0.03
0.26
0.24
0.02
0.31
0.02
0.04
0.30
0.24

0.07

0.11

0.01

0.13

0.03
0.17
0.00
0.08
0.42
0.54

0.07
0.04
0.28

0.66
NA

0.11

0.09

0.04

0.00
-0.01
-0.01
0.00
0.02
0.02
-0.04
0.00
0.00
0.00
0.00
-0.04

-0.08

0.00

0.00

0.01

-0.01
0.01

-0.01
-0.03
-0.04
0.00

0.01
0.00
0.00

0.02
NA

0.02

-0.02

0.10

0.00
0.01
0.00
0.01
0.04
0.03
0.01
0.01
0.00
0.01
0.11
0.02

0.03

0.01

0.01

0.01

0.01
0.01
0.01
0.02
0.03
0.00

0.01
0.01
0.00

0.04
NA

0.07

0.02

0.71

0.47
0.35
0.19
0.95
0.60
0.45
0.02
0.60
0.44
0.86
0.97
0.08

0.02

0.95

0.59

0.38

0.24
0.47
0.22
0.14
0.14
0.60

0.03
0.50
0.29

0.68
NA

0.79

0.33

NO

rs4627713
rs2041376

NO

NO

NO

NO
rs4889606

NO

NO

NO
rs4731702

NO

NO

NO

NO

NO

NO
NO
rs957919
rs1516725
NO
NO

NO
NO
NO
NO
NO

NO

NO

0.53

0.00
0.00
0.07
0.03
0.34
0.29
0.00
0.32
0.01
0.04
0.01
0.25

0.11

0.11

0.02

0.15

0.04
0.19
0.00
0.01
0.40
0.55

0.07
0.05
0.30

NA
NA

0.24

0.09




Our study has identified several modifiable risk factors that
contribute to an increased risk of EAC. These include habits
like alcohol consumption, smoking, coffee consumption,
and sedentary behavior (measured by television viewing
duration). On the other hand, fruit consumption exhibited
a potentially protective effect against the development of
EAC. Fruit consumption exhibits a protective effect against
EAC are consistent with prior studies that have emphasized
the role of diet in cancer prevention. Mechanistically,
fruits are rich sources of antioxidants, such as vitamins C
and E, flavonoids, and carotenoids, which can neutralize
reactive oxygen species and reduce oxidative stress—
a key driver of carcinogenesis[8,21]. Additionally, fruits
contain anti-inflammatory compounds that may mitigate
chronic inflammation, a well-recognized precursor to EAC
development. For instance, polyphenols in fruits have been
shown to downregulate pro-inflammatory pathways, such
as NF-kB signaling, which is frequently activated in EAC[3].
Furthermore, dietary fiber found in fruits contributes to gut
microbiome health, promoting the production of short-chain
fatty acids that exhibit anti-tumorigenic properties[22]. These
multifaceted benefits underscore the biological plausibility of
the protective role of fruit consumption in EAC prevention.
Moreover, our findings have not only confirmed previous large-
scale cohort studies linking obesity to a significant increase
in esophageal and gastric cancer incidence[1], but have also
expanded upon these findings by establishing links between
specific obesity traits (such as obesity class 1 and 2, trunk fat
percentage, waist circumference, and waist-to-hip ratio) and
an elevated risk of EAC. Obesity has long been recognized
as an important factor in the pathogenesis of various
cancers, including EAC, colorectal cancer, breast cancer, and
endometrial cancer. The relationship between BMI and cancer
is multifactorial, involving complex mechanisms such as
chronic low-grade inflammation, hormonal dysregulation, and
altered metabolic processes. One of the primary mechanisms
through which obesity contributes to cancer risk is the pro-
inflammatory state induced by excess adipose tissue.
Adipocytes secrete a variety of pro-inflammatory cytokines,
including interleukins, tumor necrosis factor-alpha, and leptin,
which can promote chronic inflammation[1,10]. This chronic
inflammatory environment facilitates cellular mutations,
tumor initiation, and progression. These observations
underscore the critical role of fat distribution and central
obesity, beyond generalized body mass index, in influencing
cancer susceptibility, likely through mechanisms involving
systemic inflammation, hormonal dysregulation, and altered
metabolic profiles. Additionally, we have identified a causal
relationship between genetically predicted risk of EAC and type
1 diabetes, as well as serum iron levels. Elevated serum iron
levels could exacerbate oxidative stress through the Fenton
reaction, generating reactive oxygen species that damage
DNA, proteins, and lipids[9,16]. Conversely, dysregulated iron
homeostasis might impair cellular energy metabolism and
immune responses, further promoting tumor initiation and
progression[16]. These findings provide a compelling rationale
for exploring iron modulation as a potential therapeutic or
preventative strategy in high-risk populations.

Our work sheds light on a comprehensive range of risk factors
associated with EAC. While these findings significantly
contribute to understanding the etiology of EAC, several

https://doi.org/10.71321/mczdpt96

limitations must be acknowledged. First, in our present
study, the participants analyzed were of European ancestry.
Our findings for specific cancers might lack validation using
multiple datasets. Consequently, caution must be exercised
when extrapolating these findings to other populations, as
it may introduce bias and limit the generalizability of the
results. Additionally, despite employing robust statistical
methods, such as MR Egger intercept tests, MR PRESSO
global tests, and Cochran’s Q tests, to identify and mitigate
the effects of pleiotropy, it is not possible to entirely rule out
residual pleiotropy in our analysis. Certain SNPs, such as
rs429358 and rs543874, were identified as potential sources
of pleiotropic effects, given their known associations with
multiple phenotypes beyond the primary exposures studied.
These findings emphasize the need for cautious interpretation
of causal estimates, particularly for associations involving
these SNPs. Further functional validation and investigations
in diverse populations are necessary to confirm and extend
our findings. Nonetheless, these results provide a valuable
foundation for preventive measures, early detection, and
targeted interventions to reduce the incidence of this disease.

Conclusion

Our work is to shed light on a comprehensive range of risk
factors associated with EAC. These findings contribute to
our understanding of the etiology of EAC and may have
implications for preventive measures, early detection, and
targeted interventions to reduce the incidence of this disease.
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Abstract

Objective: To investigate the causal link between natural killer (NK) cell receptor CD244 and head and neck cancer (HNC), and to evaluate
sphingomyelin (SM) as a potential mediator of this relationship.

Methods: A two-sample Mendelian randomization (MR) analysis was conducted using genome-wide association study (GWAS) summary
statistics from European cohorts (NCD244=14,735; NHNC=2,131; NSM=8,260). Instrumental variables (32 SNPs for CD244, 79 SNPs for HNC)
were selected at genome-wide significance (P<5x10° /5x10°) after rigorous linkage disequilibrium clumping. Causal estimates were generated
using inverse variance weighting (IVW), MR-Egger, and weighted median methods. Mediation analysis quantified SM's contribution to CD244-
HNC associations.

Results: Genetically predicted CD244 levels showed a protective effect against HNC (IVW OR=0.82 per SD, 95% Cl:0.71-0.94, P<0.01), while
elevated CD244 was associated with reduced SM levels (IVW OR=0.92, 95% CI:0.86-0.98, P<0.05). Conversely, SM demonstrated risk-enhancing
effects on HNC (IVW OR=1.20, 95% CI:1.01-1.41, P=0.03). Mediation analysis revealed that SM accounted for 7.3% of the total CD244-associated
HNC risk.

Conclusion: This study establishes a causal protective role of CD244 in HNC pathogenesis, partially mediated through SM. The findings highlight
CD244 and SM metabolism as potential targets for HNC immunomodulatory therapies. Future research should validate these mechanisms in

diverse populations and explore additional mediators.

Keywords: NK cell; CD244; Head and Neck Cancer, Sphingomyelin; Mendelian Randomization

Introduction

Natural Killer (NK) cells are a type of cytotoxic lymphocyte that
play a significant role in the innate immune system. These
cells can recognize and eliminate infected cells as well as
cancerous cells without prior sensitization or activation [1].
The receptor 2B4 (also known as CD244) is a protein found on
the surface of NK cells. It belongs to the signaling lymphocytic
activation molecule (SLAM) family of receptors [2]. It serves
as a co-stimulatory molecule, contributing to NK cell activation
and cytotoxicity when engaged [3-5]. The interaction of
CD244 with its ligands on target cells or other immune cells
helps regulate NK cell-mediated cytotoxicity and can influence
the immune response against infections and tumors [6,7].
Dysfunction or alterations in CD244 signaling might impact
the activity of NK cells and consequently affect immune
responses and disease outcomes [8—10].

Head and neck carcinoma (HNC) is a type of cancer that
primarily affects the oral cavity, sinonasal cavity, pharynx,
and larynx [11]. It ranks about sixth in terms of incidence
and mortality rate worldwide, with approximately 800,000

new cases and 44,000 deaths reported annually [12]. Current
diagnostic methods for HNC include physical examination,
endoscopic examination, imaging examination, biopsy, and
tumor biomarker detection [13]. However, these methods
have their limitations. For example, the sensitivity of visual
examination of the mouth for detecting oral precancerous
and cancerous lesions varies, and when the affected area is
not easily accessible, the accuracy may be lower [14]. This
challenge also applies to tissue biopsy. Therefore, there is a
need for alternative diagnostic approaches and Therapeutic
target.

Sphingomyelin (SM) is a type of lipid molecule that belongs
to the class of phospholipids and is an essential component
of cell membranes. It consists of a sphingosine backbone
linked to phosphorylcholine, forming a molecule that plays a
crucial role in the structure and function of cell membranes. It
plays significant roles in cell signaling, maintaining membrane
integrity, and is particularly important in the nervous system as
a major component of neuronal membranes [15].

Mendelian Randomization (MR) is a causal inference method
that utilizes genetic variation as an instrumental variable
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to assess the impact of exposure factors on outcomes in
observational data. This ensures a relatively low correlation
between the exposure variable and other potential
confounding factors, thereby enhancing the credibility of
causal inference. Simultaneously, MR helps to avoid reverse
causality, as genetic variations typically precede exposure
factors, reducing the likelihood of reverse causation [16]. The
study aims to ascertain whether there is a causal relationship
between CD244 and HNC, and to evaluate the extent to which
the effects of CD244 on HNC are mediated by sphingomyelin.

Methods

Study design

The data utilized in our analysis were sourced from publicly
available datasets and received approval from the institutional
review committee in the respective studies. Consequently, no
additional sanctions were required. All outcomes derived from
this analysis are comprehensively outlined in the main article
and its supplementary materials.

In this research, we explored the bidirectional causal
relationship between CD244 and HNC through a two-
sample MR approach. In our investigation, single nucleotide
polymorphisms (SNPs) were identified as instrumental
variables (IVs) [17].

GWAS summary data sources

All the data employed in our research were sourced from
publicly accessible datasets, and the individuals included in
the Genome-Wide Association Study (GWAS) belonged to
European ancestry.

The genetic correlations related to CD244 levels were
extracted from a GWAS meta-analysis conducted by Zhao and
collaborators, encompassing a total of 14,735 participants
(https://www.ebi.ac.uk/gwas/studies/GCST90274771) [18].
We obtained summary statistics for HNC from the FinnGen
research project (https://www.finngen.fi/en). The research
project conducted a GWAS involving 2,131 individuals of
Finnish descent, with a gender distribution of 1,466 males and
665 females [19].

Sphingomyelin level summary statistics were extracted from
a study conducted by Chen and collaborators [20], involving
8,260 unrelated individuals of European descent. The original
publication detailed the study design, encompassing sample
collection, quality control protocols, and imputation techniques.
The GWAS data originated from separate consortia or
organizations, ensuring the absence of sample overlap.

Instrumental variable selection and data harmonization

We incorporated SNPs that achieved genome-wide
significance (P < 5 x 10®). In cases where no SNPs met the
criteria for genome-wide significance as instrumental variables
(IVs), SNPs with significance levels below the genome-wide
threshold (P < 5 x 10°) were considered as potential IVs.
Subsequently, these SNPs underwent clustering based on
linkage disequilibrium (with a window size of 10,000 kb and r?
< 0.001). The estimation of linkage disequilibrium levels was
derived from European samples within the 1000 Genomes
Project [21]. If a particular SNP associated with the exposure
was not present in the outcome dataset, proxy SNPs were
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employed using LD tagging. Palindromic and ambiguous SNPs
were excluded from the instrumental variables utilized in the
Mendelian randomization analysis [22].

Statistical analysis

We conducted MR analysis using the R software (version 4.2.0,
http://www.r-project.org).

To assess the causal relationship between CD244 levels and
HNC, we employed various statistical methods, including
inverse variance weighting (IVW) [23], weighted median-based
[24] and mode-based methods [25]. These analyses were
predominantly conducted using the 'Mendelian-Randomization'
package (version 0.4.3) [26].

Cochran’s Q statistic and corresponding p values were
employed to examine the heterogeneity among the chosen
instrumental variables (IVs). In case the null hypothesis is
rejected, the random effects Inverse Variance Weighting
(IVW) method was employed instead of the fixed-effects
IVW [23]. To address the influence of horizontal pleiotropy,
a widely used approach known as MR-Egger was employed.
The utilization of MR-Egger indicates the potential existence
of horizontal multiplicity, particularly if the intercept term
is found to be significant [27]. Furthermore, we employed
the MR-PRESSO method, a resilient approach, to detect and
remove potential horizontal pleiotropic outliers that could have
a substantial impact on the estimation results within the MR-
PRESSO package [28]. In addition, we utilized scatter plots and
funnel plots in our analysis. The scatter plots demonstrated
the resilience of outcomes to outliers, while the funnel plots
illustrated the robustness of the correlation and the absence
of heterogeneity.

Primary analysis
Figure 1 provides a schematic overview of the analysis. A
two-sample bidirectional MR was conducted to examine
the reciprocal causation between CD244 levels and HNC, as
illustrated in Figure TA. This analysis focused on determining
the total effects.

CD244 Head and neck carcinoma (HNC)

Sphingomyelin (SM)
&

Figure 1 Illustrations in this study depict the associations under
investigation. In (A), the total effect between CD244 and head and
neck carcinoma (HNC) are presented. "c" represents the total effect
utilizing genetically predicted CD244 as the exposure and HNC as the
outcome, while "d" depicts the total effect using genetically predicted
HNC as the exposure and CD244 as the outcome. Moving to (B), the
total effect is further dissected into two components: (i) the indirect
effect employing a two-step approach (where "a" denotes the total
effect of CD244 on SM, and "b" signifies the effect of SM on HNC) and
the product method (a x b), and (ii) the direct effect (¢' = ¢ — a x b). The
proportion mediated is calculated by dividing the indirect effect by the
total effect.

o

CD244

Head and neck carcinoma (HNC)



Inverse variance weighting (IVW) employs meta-analysis to
amalgamate the Wald ratios of causal effects associated with
each individual SNP [22,29]. Then, MR-Egger [27] and weighted-
median [24] methods were employed as supplementary
analyses to complement the Inverse Variance Weighting
(IVW) method. Various methods, aligned with different validity
assumptions, have been employed to derive MR estimates.
The utilization of the Inverse Variance Weighting (IVW)
method is contingent upon the assumption that all Single
Nucleotide Polymorphisms (SNPs) serve as valid instrumental
variables. Hence, this approach has the potential to generate
precise estimation outcomes. MR-Egger evaluates directional
pleiotropy concerning instrumental variables, with the intercept
serving as an estimate of the average pleiotropy associated
with genetic variation. The weighted median method offers the
benefit of retaining greater precision, indicated by a smaller
standard deviation, in comparison to MR-Egger analysis. In
situations involving horizontal pleiotropy, the weighted median
consistently yields estimates, maintaining accuracy even when
50% of the genetic variants are deemed invalid instrumental
variables [30].

Mediation analysis

We performed a mediation analysis using a two-step
MR design to explore the potential mediation role of
sphingomyelin levels in the causal pathway from CD244 levels
to the occurrence of HNC (Figure 1B). The total effect can be
broken down into an indirect effect, which operates through
mediators, and a direct effect, which occurs independently
of any mediators [31]. The overall influence of CD244 levels
on HNC was dissected into two components: 1) the direct
effects of CD244 levels on HNC (represented as c' in Figure
1B) and 2) the indirect effects mediated by CD244 through an
intermediary (expressed as a x b in Figure 1B). The proportion
mediated by the intermediary effect was determined by
dividing the indirect effect by the total effect.

Results

Association of CD244 levels with HNC

After the exclusion of palindromic and ambiguous SNPs,
along with SNPs lacking proxies and those exhibiting incorrect
causal directions flagged by MR Steiger filtering, a total of 32
SNPs were found to be linked with CD244 levels. Additionally,
79 SNPs associated with HNC were identified and utilized as
instrumental variables (refer to Supplementary Tables S1).

We utilized IVW, MR-Egger, and weighted median regression
techniques to estimate the causal association between CD244
levels and HNC, as illustrated in Figures 2 and 3. Among the
three statistical methods, two of them supported the negative
association of CD244 levels with HNC (IVW odds ratio [OR]
per SD increase in CD244 levels = 0.82 [95% Cl, 0.71-0.94], P <
0.01; MR-Egger OR per SD increase in CD244 levels = 0.72 [95%
Cl, 0.55-0.95], P < 0.05). Nevertheless, our MR analysis did
not uncover any indications of reverse causation concerning
genetically predicted CD244 levels and HNC. In other words,
there is no evidence suggesting a causal relationship where
HNC influences CD244 levels. The odds ratio (OR) calculated
through the Inverse Variance Weighting (IVW) method was 0.99
[95% Cl,0.97-1.01; p = 0.37], as illustrated in Figure 3.

https://doi.org/10.71321/cdx1k098

Association of CD244 levels with SM

We successfully identified 32 instrumental variables with
genome-wide significance. This accomplishment involved the
exclusion of palindromic and ambiguous SNPs, along with
SNPs lacking proxies and those flagged by MR Steiger filtering
for being in the incorrect causal direction. Based on the
analyses conducted using the IVW, MR—Egger, and weighted
median methods, it was observed that CD244 levels exhibited
a negative correlation with the risk of sphingomyelin (IVW
method, odds ratio 0.92; [95% Cl, 0.86-0.98], P < 0.05). The
findings are visually represented in Figure 3.

Association of sphingomyelin with HNC

We have identified and presented all genetic instruments
linked to SM at the genome-wide significance level (P<5x 10°).
In Figure 3, the genetically predicted levels of sphingomyelin
showed a positive correlation with HNC [OR=1.20, 95% CI 1.01-
1.41; P=0.03] when utilizing the IVW method.

Proportion of the association between CD244 levels and HNC
mediated by SM

We conducted an analysis of SM as a mediator in the
pathway connecting CD244 levels to HNC. The results of our
study indicate a correlation between elevated CD244 levels
and decreased SM, thereby leading to an increased risk of
HNC. As depicted in Figure 4, our research illustrates that
sphingomyelin accounted for 7.3% of the elevated HNC risk
associated with CD244 levels.

Sensitivity analysis

Several sensitivity analyses were implemented to explore and
address the potential presence of pleiotropy in the causal
estimates. The absence of heterogeneity or asymmetry among
these SNPs in their causal relationship was revealed through
Cochran’s Q-test and funnel plot, as indicated in Supplementary
Table S2 and Supplementary Figure S1. Our study utilized the
MR-Egger intercept, indicating no signs of pleiotropy at the
directional level of the CD244 levels instrument, as presented
in Supplementary Table S2. Horizontal pleiotropy was not
observed based on the MR-PRESSO global test, as detailed
in Supplementary Table S2. The impact of each SNP on the
overall causal estimates was validated through leave-one-out
analysis, as depicted in Supplementary Figure S2. Following
the exclusion of each SNP, a comprehensive reevaluation
of the MR analysis for the remaining SNPs was undertaken.
The results consistently upheld the significance of the causal
relationship, underscoring the pivotal role of all SNPs in
establishing its importance.

Discussion

Recent studies [32,33] have explored the correlation
between CD244 and HNC. However, existing evidence relies
predominantly on observational studies, potentially susceptible
to the influence of confounding factors. Our study sought to
elucidate the causal relationship between CD244 and HNC.
Employing MR analysis, we examined the link between CD244
and HNC using available GWAS data, aiming to determine
whether the observed causal relationship involves mediation
through SM. Our findings indicate that CD244 is associated
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Figure 2 Forest plot to visualize causal effect of each single SNP on total HNC risk.
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Figure 4 Schematic diagram of the SM mediation effect.
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with a reduced risk of HNC (an 18% decrease in HNC risk for
every 1 standard deviation increase in CD244). Furthermore,
our analysis suggests that 7.3% of this effect is mediated
through SM.

We are pioneering the exploration of the causal association
between CD244 and the susceptibility to HNC through MR
techniques. Additionally, we provide evidence showcasing
SM as a mediator in this relationship. Our results align with
previous observations derived from conventional observational
approaches. As part of the SLAM family, 2B4, when binding
with its ligand CD48, exhibits dual functionalities involving
both activation and inhibition. Notably, 2B4 plays a crucial
regulatory role in conditions such as malignant tumors, chronic
viral infections, and autoimmune disorders [34]. Altavater et
al. discovered that the 2B4 receptor plays a powerful role as
a costimulatory factor in NK cells. By integrating the internal
domain of 2B4 into chimeric receptors with T-cell receptor
zeta, they observed a substantial improvement in various
facets of NK cell activation when encountering leukemia or
neuroblastoma cells expressing antigens. This improvement
includes heightened lysosome release, enhanced growth
inhibition, and the successful overcoming of NK cell
resistance in autologous leukemia cells, all while preserving
antigen specificity [35]. In contrast, Agresta et al. observed a
correlation between elevated CD244 expression and PD-L1
expression, as well as heightened spontaneous expression of
immune-suppressive mediators, in a study focused on head
and neck squamous cell cancer (HNSCC) [36]. Moreover,
their findings indicated that mice lacking CD244 (CD244-/-
) exhibited significantly impaired tumor growth in the context
of HNSCC. When wild-type (WT) mice were subjected to
interventional treatment with an anti-CD244 monoclonal
antibody, there was a notable reduction in the growth of
established HNC tumors, accompanied by an increase in
tumor-infiltrating CD8+ T cells.

The findings from our analysis demonstrate a positive
association between SM and HNC. This conclusion is
substantiated by a study conducted by Wang et al. [37].
The correlation between disease progression and the
concentrations of SM 42:2 and SM 42:3 was identified,
suggesting their potential utility as biomarkers for diagnosing
laryngeal cancer. In contrast, Zheng et al. observed a
distinctive phenotype in intratumoral NK cells characterized
by a smooth and rounded appearance, deviating from the
typical villi-rich, rough surface of normal NK cells. This unique
phenotype was associated with a specific deficiency in
membrane sphingomyelin lipids, leading to an impairment in
the ability to kill tumor cells [38].

The SLAM-family receptors, including CD244, have a

https://doi.org/10.71321/cdx1k098

substantial impact on various biological processes, such
as cytotoxicity, humoral immune responses, autoimmune
diseases, lymphocyte development, cell survival, and cell
adhesion. Growing evidence suggests their involvement in
cancer progression, positioning them as emerging immune
checkpoints on T cells [39]. Additionally, the SM metabolic
pathway has gained recognition as a novel therapeutic target.
A recent study demonstrated the use of anti-angiogenic drugs
to enhance chemotherapy sensitivity in tumors by specifically
targeting SM [40].

This study is subject to several limitations. Firstly, the analysis
was conducted using data exclusively from the European
population, which restricts the generalizability of our findings.
Secondly, the limited number of HNC cases in the GWAS
dataset presents a constraint; we anticipate that larger
GWAS datasets will become available for future validation.
Thirdly, despite efforts to identify and eliminate outlier
variants, we cannot entirely rule out the potential impact of
horizontal pleiotropy on our results. Fourthly, our study relied
on summary-level statistics rather than individual-level data,
preventing further exploration of causal relationships within
subgroups, such as females and males. Additionally, our
findings suggest a relatively low genetic prediction of CD244
mediated by SM, standing at only 7.3%. Consequently, further
research is imperative to quantify additional mediators.

Conclusion

In summary, our research established a causal link between
CD244 and HNC. While a minor portion of the impact is
mediated by SM, the predominant influence of CD244 on HNC
remains ambiguous. Additional investigations are warranted
to delve into other potential risk factors that may act as
mediators in this relationship.

Abbreviations
Abbreviation Full Term
NK Natural Killer cells
CD244 Cluster of Differentiation 244 (2B4)
SLAM Signaling lymphocytic activation molecule
HNC Head and neck cancer
HNSCC Head and neck squamous cell carcinoma
SM Sphingomyelin
MR Mendelian randomization
GWAS Genome-wide association study
SNP Single nucleotide polymorphism
IVW Inverse variance weighting
IVs Instrumental variables
OR Odds ratio
Cl Confidence interval
WT Wild-type
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Abstract

Background: Community-acquired pneumonia (CAP) is one of the main complications associated with kidney transplantation recipient (KTR). In
order to retrospectively analyze KT cases from deceased donors (DD), and construct a nomogram that could effectively assess the risk of CAP.
Material and Methods: We employed logistic regression and the least absolute shrinkage and selection operator (LASSO) to identify predictors
from 238 cases collected at Department of Urology, The First Affiliated Hospital of Anhui Medical University, between January 1, 2018, and
May 31, 2023. The dataset comprised 6 demographic and 18 clinical indicators, which were used for training and validation. A nomogram was
constructed using these predictors, and its effectiveness was evaluated through receiver operating characteristic (ROC) analysis, calibration
curves, and clinical decision analysis. Internal validation further confirmed the model's predictive accuracy.

Results: The predictive factors screened in terms of demographic data included recipient/donor age and body mass index. The clinical data
screened eight predictors to obtain ‘RiskScore’. The Area under Curve value for the nomogram constructed using the aforementioned predictors
was recorded to be 0.779. The calibration curve showed that the model exhibited better predictive performance. In particular, DCA showed that
in cases where the probability for the prediction of CAP was 0.13-0.61, the clinical intervention was recommended. The internally verified data
established a better predictive ability of the model.

Conclusion: The study constructed an effective and concise prediction model based on clinical data, providing an important reference baseline

for the prevention of CAP in KTR.

Keywords: deceased donor; kidney transplantation; community-acquired pneumonia; nomogram; risk predictor

Introduction

For end-stage renal disease (ESRD), kidney transplantation
(KT) is the preferred choice of treatment[1], primarily owing to
its ability to improve survival and quality of life as compared to
dialysis therapy[2, 3]. In recent years, there has been a steady
increase in the number of transplants in China. However,
results for clinical studies showed that the postoperative
effect of DD was worse as compared to live KT[4], thereby
presenting several challenges to postoperative clinical
management. Among these, community-acquired pneumonia
(CAP) is one the most common postoperative complication.
Since the recipients are treated with immunosuppressive
drugs following transplantation, for the entire life, the body's
immune mechanism gets damaged. In fact, it is one of the
main causes of death related to KT[5]. A large number of
clinical studies previously reported several independent risk
factors for postoperative CAP. In particular, to overcome the

scarcity of kidney donor resources, several countries have
successively expanded the criteria of donor age, however, this
has also resulted in a significant increase in the probability
of CAP[6]. Similarly, in a previous study conducted by Chen
et al.[7], the advanced age of the recipient was identified as
an important risk factor for CAP. In addition to this, Flavouris
et al. reported that recipients with a body mass index (BMI)
> 25kg/m? exhibited a significantly increased probability of
postoperative infection and a shortened life span[8]. However,
these risk factors were usually acquired after transplantation.
In order to improve the quality of life for kidney transplant
recipients and reduce the impact of diseases unrelated to the
transplanted organ, such as CAP, it is imperative to develop
a clinical model that can effectively predict CAP. By actively
conducting research and collaborating with healthcare
experts, our ultimate goal is to establish a robust clinical
model that aids in forecasting CAP and effectively managing
this vulnerability in the kidney transplant population. However,
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only a few studies have previously assessed the influence of
preoperative clinical blood indexes of donors and recipients
on the risk of CAP after surgery. The present study aimed to
develop a nomogram that could effectively predict CAP based
on preoperative demographic and clinical data (including both
donors and recipients). Altogether, the findings of the study
would assist the clinicians in the assessment of CAP risk in
the recipients, and providing timely treatment.

Material and methods

Data collection and diagnostic criteria

The data on the recipients and their matched donors were
collected from the Urology Kidney Transplant Ward of the First
Affiliated Hospital of Anhui Medical University.. The recipient
request was the first kidney transplant for organ donation
after the death of a citizen. The operation time range is from
January 1, 2018 to May 31, 2023. The data was collected
through the inpatient system of the hospital and the Chinese
Scientific Registry of Kidney Transplantation (CSRKT). The
current study was approved by the Ethics Committee of the
First Affiliated Hospital of Anhui Medical University. The
database was divided into demographic data and clinical
indicators of donors and recipients. Among them, donor-
age (D-age), D-gender, D-BMI, recipient-age (R-age), R-gender,
and R-BMI were included for 6 demographic variables. On the
other hand, the clinical indicators included R-creatinine (R-Cr),
R-alanine transaminase (R-ALT), R-aspartate transaminase
(R-AST), R-recipient total bilirubin (R-TB), R-alkaline
phosphatase (R-ALP), R-total protein (R-TP), R-Kalium (R-
K"), R-Natrium (R-Na*), R-Chloride (R-CI), dialysis time (DT),
length of hospital stay (LHS), warm ischemia time (WIT), cold
ischemia time (CIT), D-Na*, D-K", D-TB, D-urea, and D-albumin
(D-ALB), totaling 18 clinical indicators.

CAP diagnostic criteria: We referred to the CAP diagnostic
criteria established by China's Infection Group, Respiratory
Diseases Branch of Chinese Medical Association, and The
2007 CAP Guidelines of the American Society of Infectious
Diseases/American Thoracic Society[9, 10]: 1 The clinical
symptoms included cough, sputum expectoration, and fever
(fever was generally persistent or intermittent low- or high-
fever and the renal function test was normal); clinical signs:
signs of pulmonary consolidation or (and) damp rales in the
lungs. 2 Blood monitoring: Neutrophils, C-reactive protein, and
pre-procalcitonin in the blood after transplantation served as
the sensitive indicators to distinguish between bacterial and
non-bacterial infections. 3 Imaging examination: Lung CT
was mainly performed in our department. CAP showed new
characteristic changes such as multifocal patchy infiltrating
shadow, consolidation shadow of leaf or segment, ground-
glass shadow, and irregular nodular shadow, with or without
pleural effusion[11]. Pathogen detection: Oral, throat, sputum,
and other sources specimens were regularly collected for
cultivation for differential diagnosis. Plain CT scans formed
the primary basis for the diagnosis of CAP. The appearance of
2 or 3 symptoms, together with the characteristic changes of 1
formed the basis for diagnosing CAP.

The follow-up endpoints were as follows: 1. The follow-up time
was until June 30, 2023; 2. During the follow-up period, the
endpoint of the observation was the loss of the graft or the
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death of the recipient.

Immunosuppressive regime

All patients received anti-thymocyte globulin as induction
therapy and standard maintenance therapy. The postoperative
immunosuppressive regimen involved prednisone acetate
+ mycophenolate mofetil (MMF) + tacrolimus. During KT
and on the first and second days of surgery, 500 mg of
methylprednisolone (BMI =50 kg) or 250 mg (BMI <50 kg)
was used for pulse therapy, and, on the 3rd to 5th day of
operation, 120, 80, and 40 mg were applied, respectively.
Moreover, on the 6th day, the patient was changed to oral
prednisone acetate (10 mg/day). Antithymocyte globulin (ATG)
or basiliximab was not routinely used for immune induction.
Oral MMF (1.0 g/day) was started on the first postoperative
day, and tacrolimus (0.1 mg/kg/d) was routinely used on the
second postoperative day. The usage was adjusted according
to the blood concentration of MMF and controlling the area
under the blood concentration-time curve of mycophenolic
acid to 30-60 mg/h/L. The dosage was adjusted according to
the trough value of the blood concentrations of tacrolimus;
after 1, 2-3, 4-6, and after 6 months, the trough values of blood
drug concentration were maintained at 10-15, 9-12, 7-10, and
4-8 ng/mL, respectively.

Statistical analyses

Statistical data analysis and visualization were performed
using the R software (Version 4.0.3; https://www.R-project.
org). The only exception was the Kaplan—Meier (K-M) curves
(for mapping the survival of recipients after KT), which were
created using the GraphPad Prism 8.0. In our analysis, the
tables were prepared with Microsoft® Word 2019.

First, all collected data were continuous variables. The four
variables donor age, BMI value, recipient age, and BMI value
in the demographics were screened out for predictors with P
< 0.05 through logistic regression analysis. Best-separation
and logistic regression helped screen 18 clinical data points
to determine the best cut-off value, P-value, odds ratio (OR),
and area under the curve (AUC) under the receiver operating
characteristic (ROC) curve; P < 0.05 were selected to convert
these predictors into binary variables. Then, the variables
selected from the clinical data were added to the least absolute
shrinkage and selection operator (LASSO) algorithm to select
the final predictor[12-14]. Then, the selected predictors in the
clinical data were combined into the RiskScore (RiskScore was
obtained by adding the coefficients of each predictor selected
by the LASSO algorithm). Finally, the RiskScore and the
selected demographic predictors were used to jointly construct
a nomogram for predicting CAP. In terms of model verification,
the AUC value under the ROC was used to verify the sensitivity
and specificity of the nomogram. Although the model wasn't
fully calibrated per the significance test, its clinical usefulness
was considered through decision curve analysis (DCA) [15,
16]. In addition, the CAP nomogram underwent bootstrapping
verification (1,000 bootstrap resampling) to calculate the
relative corrected AUC value. Each group was divided into
a training group and a verification group at the ratio of 5:5.
The 5:5 ratio for dividing the training and validation sets was
intentionally chosen to ensure an equal distribution of data for
both model development and evaluation. This approach allows
for a more balanced assessment of the model's performance,



particularly in smaller datasets, by providing sufficient data for
both training and validation phases. Each group provides the
AUC value, false-positive rate, and true positive rate, among
others. The entire workflow is illustrated in Figure 1.

Figure 1. Flow chart of the prediction model of community-acquired
pneumonia after KT from the deceased donors.
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|
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Results

The present study involved data collection from 238 recipients.
However, three patients were excluded from the study owing
to incomplete patient data and other reasons (e.g. loss to
follow-up). Finally, 235 recipients and 141 matching donors
were included in the study. Recipient male-to-female ratio was
165:70. Importantly, the average age of the recipients was
recorded to be 41.5 + 9.5 years. Among these, 88 patients
were aged > 50 years (~37.4%), and 20 patients were aged >
55 years (~8.5%). In comparison to this, the ratio of male to
female donors was 126:15, while the average age was 43.0
16.7 years. Among these, 80 donors were aged > 50 years (~
56.7%), and 23 donors were aged > 60 years (~ 16.3%). The
number of patients with postoperative CAP was recorded to be
55 (CAP incidence was recorded as the first occurrence only),
which accounted for ~23.4% of the total number of recipients.
The data collected for the community-acquired pneumonia
group and non-community-acquired pneumonia group is
shown in Table 1.

This database identified the best cut-off value for clinical

https://doi.org/10.71321/kbfm1398

indicators through best-separation and transformed it into a
dichotomous variable. For P < 0.05, the study included R-Cr,
R-TB, R-CI, DT, LHS, WIT, D-K*, D-urea, and R-Na" as variables.
The aforementioned variables were further obtained using
the LASSO algorithm. This included R-Cr, R-TB, R-CI", DT, LHS,
WIT, D-K*, and D-urea. A total of eight variables fulfilled the
conditions (excluding R-Na+) (Figure 3A and 3B), and the
nonzero coefficient, OR value, and 95% confidence interval
of the predictor were obtained. The values for the same are
shown in Table 2. These 8 predictor variables were further
combined into a RiskScore. Finally, to the RiskScore, we added
four demographic predictors (D-age, R-age, D-BMI, and R-BMI,
which exhibited P < 0.05 in the logistic regression) to form
a nomogram constructed to visually predict the CAP model
(Figure 3C). In terms of internal verification, the ROC curve
showed that the nomogram exhibited excellent predictive
ability for CAP.

As shown in Figure 3A, the AUC value under ROC was
0.779 and 95% Cl was 0.687-0.872. The calibration curve
verification model is shown in Figure 3B (P=0.12 indicates
good calibration). DCA showed that when the probability
for prediction of CAP was in the range of 0.13-0.61, Within
this range, the model yields a net benefit greater than both
full intervention and no intervention strategies, the clinical
intervention was recommended for the ESRD patients (Figure
3C). This further proved the excellent clinical effect of the
model. To evaluate the universality of model performance,
10-fold cross-validation was performed on the models in the
training queue, and good CAP prediction capabilities were
achieved (Table 3). For 235 recipients included in the study,
the average follow-up time was 35.0 = 14.0 months, wherein
recipient death or kidney transplant failure acted as a follow-
up endpoint. The maximum follow-up time was recorded to
be 53 months. During the follow-up period, 18 patients died,
of which 11 experienced CAP. According to the statistical
analysis, P-value was calculated to be <0.001. In addition to
this, 16 patients lost their transplanted kidneys, which included
10 patients from the CAP group (P = 0.0002). The risk of death
in the CAP group was HR=2.5, 95% CI: 1.8—-3.4. Overall, the life
span or transplant kidney function of the recipients belonging
to the CAP group was observed to be worse as compared to
the non-community-acquired pneumonia group. The Kaplan-—
Meier (K—M) curve for survival status and function of the
transplanted kidney after KT is shown in Figure 3A and 3B.

Discussion

Following the completion of KT in ESRD patients, the
clinicians primarily focus on the reduction of postoperative
complications and extension of life expectancy. In the case
of extremely limited kidney donor pools, it is important to
construct a model that could effectively predict postoperative
CAP.

KT is often the first choice of treatment for patients with
ESRD[17, 18]. With China's organ transplantation field
advancement and newer immunosuppressive drugs, KT
success rate and patient lifespan have improved significantly.
However, post-KT CAP presents a substantial challenge. This
study used deceased donor KT data to create a nomogram
predicting post-KT surgery CAP risk. The findings of the
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Table 1. Basic demographic characteristics and the clinical data characteristics

Characteristics  Non-CAP group (%) CAP group (%) Total P -value AUC
n=180 n=55 n=235

Clinical data of
recipient
R-Cr(umol/L) 0.004 0.640
>889.1 142(60.4) 34(14.5) 176(74.9)
<889.1 38(16.2) 21(8.9) 59(25.1)
R-ALT(U/L) 0.169 0.543
>28 59(25.1) 24(10.2) 83(35.3)
<28 121(51.5) 31(13.2) 152(64.7)
R-AST(U/L) 0.209 0.527
>17 92(39.1) 32(13.6) 124(52.8)
<17 88(37.4) 23(9.8) 111(47.2)
R-TB(umol/L) 0.004 0.609
>16.8 80(34.0) 11(4.7) 29(12.3)
<16.8 100(42.6) 44(18.7) 144(61.3)
R-TP(g/L) 0.100 0.546
>80.1 37(15.7) 12(5.1) 49(20.9)
<80.1 143(60.9) 43(18.3) 186(79.1)
R-K(mmol/L) 0.111 0.546
>4.86 85(36.2) 29(12.3) 63(26.8)
<4.86 95(40.4) 26(11.1) 78(33.2)
R-Na(mmol/L) 0.041 0.568
>141.9 60(25.5) 9(3.8) 69(29.4)
<141.9 120(51.1) 46(19.6) 166(70.6)
R-CI(mmol/L) 0.010 0.547
>95.2 165(70.2) 34(14.5) 199(84.7)
<95.2 15(6.4) 21(8.9) 36(15.3)
LHS (day) 0.005 0.670
>24 78(33.2) 36(15.3) 104(44.3)
<24 102(43.4) 19(8.1) 121(51.5)
DT (month) 0.019 0.605
>38 88(37.4) 33(14.0) 121(51.5)
<38 92(39.1) 22(9.4) 114(48.5)
R-ALP (umol/L) 0.142 0.540
>76 129(54.9) 32(13.6) 161(68.5)
<76 51(21.7) 23(9.8) 74(31.5)

Clinical data of
donor
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D-Na(mmol/L)
>145.1

<145.1
D-K(mmol/L)
>3.13

<3.13

D-TB (umol/L)
>0.9

<9.9

D-urea (umol/L)
>6.64

<6.64

D-ALB (umol/L)
>35.5

<35.5

WIT (min)

>19

<19

CIT(h)

>9

<9

demographic data
D-age(y)

>47

<47

D-BMI (kg/m2)
>17.9

<179

R-age(y)

>46

<46

R-BMI (kg/m2)
>22.1

<22.1

64(27.2)
116(49.4)

170(72.3)
10(4.3)

79(33.6)
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0.288

0.004

0.056

0.024

0.099

0.006

0.420

0.001

0.031

0.002

0.013

0.531

0.545

0.563

0.593

0.569

0.558

0.526

0.618

0.521

0.625

0.604

R-: recipient; D-: donor; Cr: creatinine; ALT: alanine aminotransferase; AST: aspartate transaminase; TB: total bilirubin; WIT: warm ischemia time;
CIT: cold ischemia time; TP: total protein; K+: Kalium; Na+: sodium; Cl-: chloridion; LHS: length of hospital stay; DT; dialysis time; ALP: alkaline

phosphatase; ALB: albumin.
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Figure 2. Feature selection of the clinical indicators using the LASSO binary regression model. (A) In the LASSO model, the best lambda
parameter was selected using 5-fold cross-validation and minimal criteria. The curve of the partial likelihood deviance (binomial deviance) was
plotted versus the logarithm of the lambda parameter. Dotted vertical lines were drawn at the optimal values using the minimum criteria and the
| SE of the minimum criteria (I-SE criteria). (B) For 8 characteristics, the LASSO coefficient profiles were created. Each coefficient profile was
displayed against the lambda parameter's logarithm. The vertical line was generated using 5-fold cross-validation at the selected value, where the
best lambda value was generated in 8 features with nonzero coefficients. Abbreviation: SE: Standard Error. (C) The nomogram for predicting the
occurrence of community-acquired pneumonia after KT from the deceased donors. The nomogram of community-acquired pneumonia after KT
developed by cohort included Riskcore, D-age, R-age, D-BMI, and R-BMI. The RiskScore includes 8 clinical predictors of R-Cr, R-TB, R-Cl-, DT, LHS,
WIT, D-K+, and D-urea.
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Figure 3. Effectiveness evaluation of the nomogram model. (A) The receiver operating characteristic (ROC) curve of the nomogram of the risk
prediction after transplantation. The X-axis and Y-axis reflect the false positive rate and true positive rate of post-transplant morbidity prediction.
The AUC value was 0.779. (B) The calibration curve of the CAP-risk prediction nomogram after transplantation. After transplantation, the CAP
prediction is represented on the X-axis, while the actual CAP is represented on the Y-axis. The perfect prediction result of the ideal model matches
the diagonal dashed line. The nomogram performance is represented by a solid line, and a match closer to the diagonal dashed line indicates a
better prediction. (C) For CAP after transplantation, decision curve analysis (DCA) was performed. The Y-axis represents the net income. The CAP
risk nomogram after transplantation is indicated by a red line. The thin solid line represents the hypothesis that all recipients could survive after
transplantation, while the thick solid line represents the hypothesis that all kidney recipients will suffer CAP after transplantation. The decision
curve indicates that the threshold probabilities for patients and doctors are >0.13 and <0.61, respectively. The current study results indicate that
the morbidity risk nomogram could be used for post-KT morbidity risk prediction as it is more helpful than intervention-for-all-recipients or no-
intervention schemes.
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Table 2. Morbidity of community-acquired pneumonia prediction factors after kidney transplantation from the deceased donors

Predictors B P-value OR (95%ClI)
Length of hospital stay 0.840012333 0.005 3.268 (1.437-7.432)
R-creatinine 0.681181964 0.004 0.294 (0.129-0.669)
R-TB -0.832945333 0.004 4.261 (1.588-11.435)
R-Cl- 0.66932031 0.01 0.298 (0.119-0.744)
WIT -0.898453394 0.006 7.778 (1.826-33.124)
D-K+ 1.171816463 0.004 0.184 (0.058-0.578)
D-urea -1.58720191 0.024 0.375 (0.160-0.881)
Dialysis-time -0.770738912 0.019 2.767 (1.178-6.500)

B, the regression coefficient; Cl, confidence interval

Table 3. Evaluation results of the model in 10 randomly selected independent subgroups

Training group Validation group

D Sl posli:t?\llierate posi.{ir:ee rate LT pos::t?\llzerate posi.':-ir\;Jee rate
1 0.820 0.554 1.000 0.765 0.846 0.706
2 0.881 0.877 0.867 0.784 0.549 0.944
3 0.797 0.800 0.765 0.796 0.755 0.750
4 0.799 0.852 0.667 0.777 0.852 0.667
5 0.783 0.765 0.714 0.766 0.877 0.583
6 0.922 0.831 0.923 0.690 0.531 0.850
7 0.821 0.714 0.812 0.769 0.692 0.824
8 0.723 0.620 0.818 0.920 0.724 1.000
9 0.744 0.741 0.714 0.815 0.840 0.684
10 0.762 0.755 0.737 0.884 0.655 1.000
AVG 0.805 0.751 0.802 0.797 0.732 0.801
(M +95%Cl) (0.744-0.881) (0.620-0.852) (0.714-0.923) (0.765-0.884) (0.549-0.852) (0.667-1.000)

A total of 235 patients were randomly assigned to the training group and the verification group at a ratio of 5:5.

Figure 4. (A) The K-M curve of recipient survival after kidney transplantation. (B) The K-M curve of transplanted kidney functions after kidney
transplantation. ***P < 0.001
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study would assist in the matching of donors' kidneys to ideal
recipients. Additionally, it would assist surgeons in making
clinical decisions. The study leveraged extensive clinical
and demographic data to characterize CAP, after KT, from
several different dimensions. Therefore, based on the logistics
regression model, the LASSO algorithm was introduced to
optimize the selection of features for the risk model, such
that relatively unimportant variable coefficients became zero
and were excluded from the model. This further ensured that
optimal variables screened out from logistics regression were
included in the nomogram.

The model used two aspects to construct model predictors. In
particular, demographic variables screened out four predictors
of D-age, R-age, D-BMI, and R-BMI. In comparison to this, eight
predictors were screened out of clinical indicators, namely R-
Cr, R-TB, R-CI, DT, LHS, WIT, D-K*, and D-urea, and these were
used to obtain RiskScore. Finally, the two types of predictors
were used to construct a nomogram, and the AUC value of
this model was recorded to be 0.779, which showed good
predictive ability. Importantly, as mentioned previously in the
introduction, demographic data has been widely utilized to
identify strong risk factors for the occurrence and development
of CAP. Therefore, demographic predictors with P < 0.05 were
listed independently in the nomogram, and there was no need
to enter the LASSO algorithm. In the past, very few studies
assessed the impact of clinical data on CAP, resulting in
absence of any consensus.

In this study, we included clinical data not previously proven
to strongly impact CAP development into a RiskScore using
logistic regression and the LASSO algorithm. In a previous
study, Mao et al.[19] combined five radioactive risk factors
into the 'Radiomics Signature'. It was then incorporated into a
nomogram along with other indicators to predict axillary lymph
node metastasis in breast cancer. The prediction model was
intuitive, concise, and accurate. In addition to this, the sex ratio
of donors was found to be extremely unbalanced in the original
database included in the present study. This was related to
the country's social ideology, family income, and insufficient
hospital publicity efforts. Consequently, this imbalance would
lead to bias errors in the model and affect the overall model
effect. Therefore, to increase the universality of the model,
the present study did not incorporate gender factors into the
model for consideration.

Our RiskScore contained six easily obtainable pre-surgery
blood indicators, including D-urea and R-Cr levels, reflecting the
donor's pre-death and recipient's pre-surgery renal function.
Additionally, R-CI” and D-K" levels were also included, which
reflected electrolyte balance in the donor and recipient body
environment. Therefore, blood indicators played an active role
in the assessment of CAP risk after surgery.

While the cold ischemia time (CIT) is often considered crucial
for kidney transplant surgery quality, it was excluded from our
model, which contradicts previous studies. This contradicted
previous reports[20, 21]. With advancements in the field of
KT and in-depth assessment of the mechanism of CIT, it has
been observed that the impact of CIT on the prognosis of KT
surgery has gradually weakened. In a previous study, Adani L
et al.[22] found that the use of low-temperature mechanical
perfusion technology and improvement in the technique used
for the preservation of kidney sources, during transportation,
significantly reduced the incidence of postoperative
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infections caused by CIT in DD. The analysis of large-scale
clinical data by Chapal et al.[23] revealed that the use of
immunosuppressive agents after KT could ignore the impact
of CIT on postoperative CAP, suggesting CIT's declining role in
predicting postoperative CAP.

Demographic factors greatly influence the nomogram model.
Figure 3 shows that donor and recipient age significantly
affect post-KT CAP risk, especially the donor age. Our study
had generally older donors and recipients, with ~56.7% donors
aged >50 years, whose average creatinine value was 120.9
+ 56.7 pmol/L. About 30.0% of donor deaths were due to
cerebrovascular accidents. These data suggest older donors
and recipients have increased CAP risk post-KT. Given the
aging global population, it's vital to adjust donor risk factor
evaluation, recipient complication strategies, and optimize
organ allocation and immunosuppression methods[24].
Obesity in ESRD patients has been seen as a relative
contraindication to kidney transplantation (KT) due to
increased risks of rejection, kidney loss, or death[25, 26].
Our data showed a higher recipient's BMI correlated with an
increased post-KT CAP risk.

From clinical statistics, it was observed that the human/
kidney survival rate in the CAP group was indeed lower than
the non-CAP group, which was similar to the results obtained
for transplantation statistics of other countries[27]. The
recent global spread of SARS-COV-2 increased the physical
and mental burden on KT patients, the "sensitive population".
Elias et al. reported that transplant patients suffering from
COVID-19 exhibited a higher risk of kidney transplant loss and
death as compared to the general population[28]. Given the
increased life expectancy of transplant patients, it's crucial to
focus on individualized treatment and CAP risk factors control,
thus reducing post-KT CAP risk. This was our motivation for
developing this clinical model.

In our previous research, we successfully explored a
predictive model for the occurrence of delayed graft function
(DGF) in kidney transplant recipients[29]. As another severe
complication following kidney transplantation, early diagnosis
and treatment of community-acquired pneumonia (CAP) are
also crucial. Therefore, the findings from our study on the
CAP predictive model can assist in predicting CAP and help
elucidate the unique susceptibility mechanisms associated
with it. Looking ahead, integrating microbiological studies to
examine the relationship between pulmonary microbiota and
infection risk could help explore strategies for reducing the
risk of CAP in kidney transplant patients, including those with
DGF.

This study has limitations. To improve the model's fit and
reduce error regression, more data samples are needed.
It's crucial to validate the model with multi-center data. Our
database was primarily provincial, so to enhance the model's
generalizability and practicality, verification in other provinces
or countries is required. Notably, our prediction model only
applies to first-time deceased donor kidney transplant
recipients.

Conclusions

In summary, the prediction model established using this
database integrated two aspects of donors and recipients,
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screened out 12 risk predictors including demographic and
clinical blood indicators, which could effectively predict CAP.
The findings of the study would further assist the clinicians in
timely diagnosis, and providing timely treatment.
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Abstract

Cerebrovascular diseases are a serious threat to human health, among which stroke is extremely harmful. In recent years, more and more
studies have shown that epigenetic regulation is crucial in the development of cerebrovascular diseases. In this review, we focus on the research
progress of epigenetic regulation in stroke treatment, detailing the regulatory mechanisms of DNA methylation, histone modification and non-
coding RNAs, and analyzing their roles in the pathophysiology of stroke. It was found that ischemic stroke causes dynamic changes in DNA
methylation, which affects gene expression and alters the process of injury and recovery; histone modification levels are also altered after stroke,
which affects chromatin status and gene transcription; and noncoding RNAs, such as miRNAs, siRNAs, piRNAs, and IncRNAs, which play a key
role in gene expression regulation, are associated with the risk of stroke, severity and symptom onset. In addition, therapeutic strategies targeting
epigenetic regulation are also discussed. Although facing challenges such as complex mechanisms, susceptibility to environmental influences,
and the early stage of drug development, epigenetic regulation is still very promising in the treatment of stroke, and it is expected to provide a

new theoretical basis and research direction for the prevention and treatment of stroke in the future.
Keywords: Epigenetic regulation; Stroke; DNA methylation; Histone modification; Non-coding RNA; Therapeutic targets

Introduction

In 2021, stroke maintained its status as the second most
prevalent cause of death globally, surpassed only by ischaemic
heart dise ase, and occupied the third spot in terms of
Disability-Adjusted Life Years lost due to noncommunicable
diseases , trailing behind ischaemic heart disease and
neonatal disorders[11].

Cerebrovascular diseases are lesions of blood vessels in the
brain, including cerebral infarction, cerebral hemorrhage, and
subarachnoid hemorrhage, which will lead to stroke[72]. In
recent years, epigenetic regulation has played an important
role in stroke pathogenesis and stroke repair as a higher-order
regulatory mechanism for tissue repair. Epigenetic regulation
refers to mechanisms that regulate gene expression through
non-DNA sequence changes (DNA methylation, histone
modifications, and non-coding RNAs)[44] .These changes can
affect multiple aspects of gene transcription, splicing, RNA
stability and translation without altering the DNA sequence[29].
Epigenetic regulation is a key post-transcriptional regulation
of gene expression and plays an important regulatory role in
organogenesis, homeostasis and pathology[67].
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In cerebrovascular diseases, alterations in epigenetic
regulation may lead to neuronal damage and abnormal
responses of vascular endothelial cells. Therefore,
investigating the role of epigenetic regulation in
cerebrovascular diseases can help us better understand the
pathogenesis of these diseases and find new therapeutic
strategies.

Epigenetic regulation

DNA methylation

DNA methylation is the process by which methyl groups are
added to the DNA molecule. This modification can occur at
different locations in the genome and plays an important
role in gene regulation. Several enzymes are involved in
DNA methylation, including DNA methyltransferases (dnmt)
such as Dnmt3a, Dnmt3b, and Dnmt1. DNMTs catalyze the
transfer of methyl groups from S-adenosylmethionine (SAM)
to cytosine residues in DNA to form 5-methylcytosine (5mC).
However, post-mitotic neurons in the mature mammalian brain
still express a large number of Dnmts, raising the possibility
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that Dnmts and DNA methylation may play new roles in the
brain[18, 24].

DNA methylation can influence the pathogenesis of stroke
by modulating genetic or environmental risk factors. DNA
methylation regulation is shaped by two opposing processes,
the addition and removal of the fifth methyl group of cytosine
in DNA[31, 33, 36, 37]. It causes transcriptional repression or
transcriptional upregulation by preventing RNA polymerase
from recognizing specific DNA regions or by eliminating
“DNA methylation breaks”, respectively. The effect of DNA
methylation on the expression of transcripts depends on their
location in the gene region (promoter and or gene body), and
transcriptional changes are usually dependent on methylation
at multiple locations in a given gene[36, 37].DNA methylation
can be a biomarker for stroke[40].

Zhan, L. et al. demonstrated that the Piwil2/piRNAs pathway
plays a role in the epigenetic regulation of CREB2 expression
and neuroprotection of tGCI by HPC in rats. Specifically, HPC-
induced downregulation of Piwil2 in rat CA1 inhibited CREB2
hypermethylation and promoted CREB2 transcription by
retraining DNMT3A to induce promoter site CpG methylation,
leading to an increase in CREB2 after tGCI[75].

Histone modifications

Histone modifications include several types, each with a
specific function. Histone methylation can occur on the Lys
and Arg residues of histones and has the effect of reducing the
positive charge carried by histones and directly or indirectly
affecting the transcriptional activity of genes. Histone
methylation is usually associated with gene activation or gene
silencing[5]. Histone acetylation occurs predominantly and
diversely on core histones. The degree of acetylation is higher
in the structural domains of DNA containing active genes.
Acetylation/deacetylation modifications can regulate the level
of gene transcription, participate in DNA repair, splicing and
replication, chromosome assembly, and cellular signaling[61].
Histone phosphorylation is involved in gene transcription, DNA
repair, apoptosis and chromosome condensation[27]. Histone
ubiquitination is involved in X chromosome inactivation and
affects histone methylation and gene transcription[70].
Histone acetyltransferases (HATs) acetylate lysine residues
in histone tails. This promotes DNA unfolding and chromatin
deconcentration, which facilitates transcription and protein
synthesis. Histone deacetylases remove acetyl groups from
histones. This leads to the formation of transcriptionally
inactive heterochromatin in which gene expression is blocked.
To maintain the transcriptionally active state of chromatin,
HATs and hdac need to work in concert[30, 58, 69].

H3K9 trimethylation is a specific methylation modification
of the 9th amino acid lysine of histone 3 that inhibits the
key transferrin receptor (Tfr1), which determines whether or
not a neuron will experience iron death. By decreasing H3K9
trimethylation protects neurons from iron death, whereas
increasing it leads to neuronal iron death[42].

non-coding RNA

Non-coding RNAs that are not translated into proteins can
be categorized into housekeeping non-coding RNAs and
regulatory non-coding RNAs. RNAs with regulatory roles are
divided into two main categories according to their size: short-
stranded non-coding RNAs (including siRNAs, miRNAs and
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piRNAs) and long-stranded non-coding RNAs (LncRNAs)[63,
74].In recent years, a large number of studies have shown
that non-coding RNAs play an important role in epigenetic
modifications, which can regulate expression at the gene level
and chromosome level and control cell differentiation[2, 12, 23,
73].

siRNA is derived from long double-stranded RNA molecules
(including RNA produced by viral replication, transposon
activity, or gene transcription) that can be cleaved by Dicer's
enzyme into 19-24 nt (nt: nucleotide) RNA fragments, which
are then loaded onto the Argonaute (AGO) protein to perform
their function[34, 52].

miRNAs are single-stranded RNAs of approximately 19-24 nt,
50% of which are located in chromosomal regions prone to
structural changes[57].Initially, it was thought that there were
two main differences between siRNAs and miRNAs as a class
of regulatory RNAs. One is that miRNAs are endogenous, being
the products of biological gene expression, whereas siRNAs
are exogenous, originating from viral infections, gene transfer
points, or gene targets. The other difference is that miRNAs
consist of incomplete hairpin-shaped double-stranded RNAs
processed by Drosha and Dicer, whereas siRNAs are products
of fully complementary long double-stranded RNAs processed
by Dicer[9].Despite these differences, it has been hypothesized
that miRNAs and siRNAs have similar mechanisms of action in
mediating transcriptional gene silencing because miRNAs and
siRNAs are closely related, e.g., the two fragments are similar
in size. Recently, nearly 1,800 putative miRNAs have been
identified in the human genome, and the number of miRNAs
continues to increase rapidly due to the development of high-
throughput sequencing technologies|[26, 41, 47].

piRNAs are a class of RNA molecules approximately 26-31
nt in length. Its name piRNA (Piwi-interacting RNA) reflects
the fact that piRNA binds to Piwi proteins under physiological
conditions.The role of Piwi proteins as epigenetic regulators is
reflected by their silencing of the homeobox gene by binding
to PcGs (polycistronic ribosomal histones) to genomic PcG
response elements. Thus, it has been hypothesized that
piRNAs associated with Piwi proteins should also play an
important role in epigenetic regulation[45].

LncRNAs are another class of non-coding regulatory RNAs.
IncRNAs are generally greater than 200 nt in length, are located
in the nucleus or cytoplasm, and rarely encode proteins.[8, 51].
LncRNAs are another class of non-coding regulatory RNAs.
IncRNAs are generally greater than 200 nt in length, are located
in the nucleus or cytoplasm, and rarely encode proteins[55].
However, these five major categories mainly involve only
four typical mechanisms by which IncRNAs regulate gene
expression: signaling, decoys, guides, and scaffolds[65].
Non-coding rna (ncRNAs) are key regulators of gene
expression, and the most studied ncRNAs are long-stranded
non-coding rna (IncRNAs), micro rna (miRNAs), and circular
rna (circRNAs)[66].For ischemic stroke, the search for
biomarkers is crucial for early diagnosis and guiding treatment.
Changes in ncRNA expression profiles during ischemic
stroke have gradually attracted attention[10, 22]. The relative
stability, specificity, and reproducibility of ncRNAs make them
promising biomarkers for early disease recognition[46].



Table 1. Comparison of Epigenetic Regulation Types and Mechanisms
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Regulation Type Specific Modification Mechanism Impact on Gene Expression
DNA Methylation Methyl group addition By DNMTs Promoter: g:ijeyr? \r/zpr)i;essses; Gene
Histone Modification Methylation Alters chromatin Activation or silencing
Acetylation HATs add, HDACs remove HATs promote, HDACs inhibit
Non - coding RNA siRNA With AGO, TGS Silences genes
miRNA Bind mRNA Negatively regulates
IncRNA 4 mechanisms Multi - level regulation

Epigenetic regulation and stroke

Association of Epigenetic Modulation with Stroke

Ischemic Stroke Leads to Dynamic Changes in DNA
Methylation and Regulates Widespread Differential Gene
Expression, Altering Injury and Recovery Processes|3, 13, 60].
Whole blood whole genome methylation levels were higher in
adults with ischemic smog disease than in healthy individuals.
A total of 759 methylation probes were significantly different
between cases and controls. The hypermethylated regions
were mainly concentrated in gene spacer regions. Among
the genes with the highest degree of differential expression,
KCNMAT and GALNT2 were upregulated and SOX6 and
RBM33 were downregulated[28].

Hypomethylation of TNF Receptor-Related Factor 3 (TRAF3),
Hypermethylation of thrombospondin-1 (THBS1), and
Increased DNMT3A Activity Also Predict Stroke Outcome
and the Extent of Ischemic Injury[13, 20].To date, it has been
reported that within the BBB, hypermethylation of the TIMP2
promoter or hypomethylation of the VCAM-1 promoter controls
BBB permeability and leukocyte recruitment[54, 60].

Ischemic stroke typically reduces overall gene expression
levels by inhibiting acetylation of histones H3 and H4[32, 43].
Ischemic stroke overall reduced histone acetylation levels
in the ischemic core, penumbral regions, and hemispheres
of the affected brain. Acetylation of histone H3 lysine 9
(H3K9Ac) in the ischemic penumbral region of rat cerebral
cortex decreased 2-fold at 1 hour and more than 4-fold at 4
and 24 hours after photothrombotic stroke[16]. In addition,
Demyanenko's study showed that acetylation levels of histone

Table 2. Epigenetic Changes Related to Stroke and Their Associations

H4 in the ipsilateral cortical penumbra were either increased
or unaffected 7 days after ischemic stroke. Interestingly, the
increased acetylation levels returned to control levels 14 days
after ischemic stroke[14, 15]. Histone H3 and H4 acetylation
levels were reduced in oligodendrocytes of cerebral white
matter 7 days after ischemic stroke. The acetylation level of
histone H4 in the ipsilateral cortex was not altered at 7 or 14
days after ischemic stroke[68].

It has been shown that ICH significantly reduced the
acetylation level of histone H4 in the ipsilateral cortex, and
that sodium butyrate (NaB), an HDAC inhibitor, increased the
acetylation level and eliminated the decrease in acetylation
level caused by ICH. In addition, HDAC inhibitors slightly
ameliorated dyskinesia after ICH, and exercise increased
the acetylation levels of histones (H3 and H4) in bilateral
cortex; interestingly, no synergistic effect of exercise and NaB
administration on histone acetylation was observed[48].

RNA modifications are an important part of epigenetic
modifications. Currently, more than 160 chemical
modifications have been identified in RNA, which are involved
in regulating the structural properties of RNA or altering the
affinity of mRNA for ribosomes[76].miRNAs can predict the
risk and severity of stroke and the onset of cerebral infarction
symptoms, and up- or down-regulation of multiple miRNAs,
rather than a single miRNA, occurs during stroke([1, 62].

Clinical studies and experimental results

Recent studies have shown that siRNAs can lead to cellular
transcriptional gene silencing (TGS) through DNA methylation
and histone modification[7, 39, 53]. Zhou et al. demonstrated

Stroke Type Epigenetic Changes

Key Genes/Molecules Main Impact

DNA meth. change;
histone acetylation | ;
ncRNA expression change

Ischemic Stroke

Histone H4 acetylation |

ICH A
in ipsilateral cortex

KCNMAT1, SOX6;
H3K9Ac; miRNAs

Affects gene expression,
recovery, BBB

Histone H4 Affects neuronal survival
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that siRNA silencing of EZH2 reversed cisplatin resistance in
human non-small cell lung cancer and gastric cancer cells[77].
EZH2 acts as a histone methyltransferase that causes
methylation of H3K27, which then serves as an anchor for
CpG methylation, leading to the formation of silent chromatin
and ultimately TGS[64].Chromatin immunoprecipitation
experiments showed that the binding of EZH2-inhibited
DNMTs to specific genes depends on the presence of EZH2.
Bisulfite sequencing results also demonstrated that EZH2
is required for methylation of target promoters repressed by
EZH2, suggesting that EZH2 is involved in DNA methylation by
recruiting DNA methyltransferases[71].

Dysregulation of histone methylation has been linked to a
variety of diseases, including cancer, neurodegenerative
diseases and genetic disorders. Histone methylation marks
are also thought to be inherited through mitosis and meiosis,
which provides a potential mechanism for transgenerational
transmission of epigenetic information[6].

Many histone methyltransferases and demethyltransferases
have been identified that catalyze the addition and removal
of methyl groups from histone tails. These enzymes are
key regulators of histone methylation dynamics, which in
turn control the transcription of specific genes and gene
networks[17].Histone methyltransferases commonly act
as oncogenes in cancer, promoting cell proliferation and
survival[50],and Histone Demethylases Are Associated with
Neurodegenerative Diseases and Age-Related Cognitive
Decline[49].

The exploration of epigenetic mechanisms in Parkinson's
disease (PD) has witnessed significant advancements, with
a particular focus on the role of DNA methylation in the
context of PD. A study on a Sudanese cohort has provided
valuable insights into this complex relationship.In this clinical
investigation, researchers gathered a cohort of 172 Sudanese
individuals, with 90 diagnosed with PD and 82 serving as
healthy controls. An interesting aspect was the relatively
young age of onset in the PD patients, averaging 40.6 + 22.4
years, and a notable 64 patients had a family history of the
disease.The study's findings regarding the methylation of the
SNCA gene were quite revealing. Among the analyzed CpG
sites, CpGs 16 - 23 exhibited significant hypomethylation in PD
patients when compared to the control group. The P - values,
ranging from 0.023 to 0.003, indicated a strong association.
When sporadic cases were excluded from the analysis, the
significance of these results was further enhanced. This
suggests that the hypomethylation of these specific CpG
sites might be a crucial epigenetic factor contributing to the
development of PD, especially in familial cases|[4].

Aberrant histone methylation has been reported in a variety
of cancers, with global loss and gain of specific histone
methylation marks observed. These changes are thought
to promote dysregulation of gene expression programs for
cancer development by driving cellular transformation and
metastasis. Histone methylation is also involved in DNA
repair, where histone H3K36 methylation is a key signal for
mismatch repair. Defects associated with histone methylation
and DNA repair have been linked to hereditary diseases such
as hereditary nonpolyposis colorectal cancer and xeroderma
pigmentosum|35, 56].

Epigenetic regulation as a therapeutic target

Histone methylation is a dynamic epigenetic mark in health,
disease, and heredity, and understanding its regulation and
function is critical to understanding normal biology and
disease etiology[25]. A number of small molecule inhibitors
of histone methyltransferases and demethyltransferases
have been developed, and these inhibitors are currently being
evaluated in preclinical trials for the treatment of cancer and
other diseases[50]. Histone acetylation is also a target for
epigenetic therapies, and drugs such as histone deacetylase
inhibitors show promise in the treatment of neurodegenerative
diseases and other disorders caused by aberrant histone
acetylation[21].

Fujii et al. showed that daily consumption of large amounts
of vegetables reduced ABCA1 gene methylation and lowered
cholesterol and atherosclerosis. But interestingly, only women
validated this study[19].

Exercise and HDAC inhibitors can alter epigenetic
modifications in the motor cortex. These changes include
increased DNA methylation, decreased histone deacetylase
activity, and increased histone acetylation levels. These
modifications can affect gene expression and promote
neuronal plasticity and anti-inflammatory responses|[48].It has
been shown that in an ischemic stroke model, administration
of a histone deacetylase inhibitor (HDACi) improves motor
and cognitive function after stroke, with concomitant
neuroplasticity, neurogenesis, and attenuated inflammation[32,
38, 60].

A researcher conducted a PPI network analysis of differential
miRNAs, differential genes, and differentially methylated sites,
and the results of the study showed that MRPS9, MRPL22,
MRPL32, and RPS15 were identified as potential diagnostic
and therapeutic targets for ischemic stroke progression. This
implies that these genes may be involved in the process of
ischemic stroke onset and progression, and therefore could be
potential therapeutic targets[78].

Table 3. Epigenetic Regulation as Therapeutic Targets for Stroke and Related Drug Development

Regulation Type Therapeutic Target

Interventions Research Stage

DNA Methylation Gene methylation sites

Methyl/demethyl - transferases;

Histone Modification HDACS

Differential miRNA/IncRNA

Non - coding RNA pathways

Diet - based Clinical obs.

Pre - clinical; some clinical
(HDACI)

Small - molecule inhibitors;
HDAC inhibitors

Antisense oligonucleotides,

L7 Pre - clinical
mimics
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Hypomethylation and altered expression of the miR-223
gene may lead to its inactivation or reduced degradation at
the post-transcriptional level, which increases its inhibitory
effect on target genes, and consequently contributes to the
development and progression of stroke risk factors such as
atherosclerosis[59].

Conclusions

Epigenetic modulation as a therapeutic strategy for stroke also
faces several challenges. First, epigenetic mechanisms are
complex and involve the interaction of multiple factors. This
makes therapeutic strategies targeting specific epigenetic
modifications difficult. Second, epigenetic modifications may
be influenced by a variety of factors such as environment
and lifestyle, which increases the difficulty of implementing
effective interventions in stroke patients. In addition, most
of the current epigenetic drugs are in their early stages and
require further research and clinical trials to validate their
safety and efficacy.

Despite the challenges, epigenetic modulation holds great
promise in stroke treatment. First, by studying epigenetic
mechanisms, we can gain a deeper understanding of stroke
onset and progression. This can help discover new therapeutic
targets and predictive biomarkers. Second, epigenetic drugs
have the potential to improve stroke symptoms and prognosis
by regulating specific gene expression. For example, neuronal
damage after stroke can be reduced by upregulating the
expression of genes with protective effects. Finally, epigenetic
therapies can target individual differences for precision
medicine and provide more personalized treatment plans for
stroke patients.
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Abstract

Background: Allostatic load, defined as the cumulative strain resulting from the chronic stress response, is associated with adverse health
outcomes. Heavy metals, prevalent in various environmental pollutants, exert cumulative effects on the human body through exposure via water
or food sources. However, the relationship between heavy metals and allostatic load remains poorly understood. The aim of this study is to
examine the association between urinary metal concentrations and allostatic load.

Methods: This study analyzed data from 4,231 adult participants in the National Health and Nutrition Examination Survey (NHANES) conducted
between 2005 and 2010. We employed linear regression analysis, Bayesian kernel machine regression (BKMR), weighted quantile sum (WQS),
and quantile g-computation (qgcomp) to investigate the associations between twelve urinary metals and allostatic load. Additionally, we
developed K-nearest neighbors (KNN), random forest (RF), and XGBoost models to predict allostatic load scores (ALS).

Results: Linear regression analysis indicated that the combined effects of the twelve urinary metals were negatively correlated with allostatic
load. WQS, qgcomp, and BKMR analyses identified cesium (Cs), molybdenum (Mo), lead (Pb), platinum (Pt), and cobalt (Co) as the primary
influencing factors (all p-values < 0.05). Furthermore, when predicting ALS based on heavy metal exposure, the random forest model
outperformed the other machine learning algorithms, with a root mean square error (RMSE) of 2.377428, compared to 2.501523 for KNN and
2.377733 for XGBoost.

Conclusion: Our findings indicate that urinary metal concentrations are negatively associated with allostatic load, with Cs, Mo, Pt, Pb, and
Co showing the most significant negative correlations. Further research is necessary to explore the causal relationships and underlying

mechanisms. Additionally, our analysis demonstrated that the random forest model was the most effective for ALS prediction.
Keywords: Urinary metals; Allostatic load score; National health and nutrition examination survey; Machine Learning.

Introduction

The concept of allostatic load which McEwen and Stellar[1]
proposed in an effort to elucidate the process in which various
body systems adapt and fluctuate to meet the demands of
stress reflects the biological burden of chronic exposure to
the downstream effects of various stress-response pathways
arising from repeated environmental and physiological
challenges|2]. Previous studies have shown that individuals
with high AL compared with those with low AL had an
increased mortality risk of 22% for all-cause and 31% for
CVD mortality[3]. Prior reports also suggested that increased
AL disrupt the nervous system and the stress response
axis resulting in the disturbance of immune, cardiovascular,
metabolic, and neuroendocrine systems, and further
increasing cancer risk [4] [2, 5],even death [6]. In addition to
some known potential risk factors such as health-damaging
behaviors, there may be some risk factors. Identifying potential
risk factors for allostatic load is important for understanding
how these factors are associated with physiology as well as
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health and aging outcomes. Allostatic load can be quantified
by the allostatic load score, an established measure of the
cardiovascular, metabolic, and immune ramifications of stress,
which was found to be a good predictor of mortality and
decline in physical functioning [7] [8] [9].

Heavy metals are commonly defined as metallic elements
with a density of = 5 g/cm?. Lead (Pb), cadmium (Cd),
mercury (Hg), selenium (Se), and manganese (Mn) are widely
distributed environmental pollutants. Humans are commonly
exposed to heavy metals through various sources such as air
pollution, domestic effluents, cosmetic products, and food
consumption[10]. Growing evidence indicates that heavy
metals exert toxicity to individuals by interfering with immune
homeostasis and promoting inflammation [4].We have known
that physical stressors such as traumatic, infectious, and
inflammatory exposures, as well as psychosocial stressors
may each lead to frequent activation of allostatic systems,
which may lead to high allostatic load [11].We surmise that
exposure to mixture of heavy metals can be associated to high
allostatic load.

Life Conflux, 2025; 1(2): 39-50.



The study of heavy metal exposure and allostatic load will
help us to think about the multilevel physiological regulation
and pathological response. At the level of antioxidant and
detoxification systems, heavy metals (such as Hg and Cd)
can alleviate oxidative damage by inducing the expression
of metallothionein, glutathione (GSH) and antioxidant
enzymes (catalase, superoxide dismutase) [12]. For example,
the lungs of rats exposed to mercury vapor locally adapt
by upregulating metallothionein and glutathione, while the
kidneys and brain are more vulnerable due to metabolic
differences[12]. Cadmium exposure alleviates kidney injury by
activating autophagy related genes (Beclin1, LC3), but inhibits
the expression of bone formation genes (Osterix, RUNX2),
which may lead to osteoporosis risk[13]. However, there are
significant differences in detoxification thresholds among
different organs, suggesting the need to establish organ-
specific exposure limits.

At the same time, long-term low-dose exposure can trigger
immune regulatory imbalance, which is manifested by the
activation of pro-inflammatory factors (TNF-q, IL-2) pathways
and the coexistence of immunosuppressive mechanisms, and
this dual effect may increase susceptibility to infection or the
risk of autoimmune diseases[13].

Meanwhile, the study of the relationship between heavy
metals and adaptive load has far-reaching significance for
the multidimensional strategy of public health intervention,
such as the establishment of a biomarker early warning
system integrating antioxidant indicators (catalase activity),
detoxifying proteins (metallothiosin) and genetic damage
markers, [12, 14] and further combining regional pollution
characteristics to develop differentiated management policies.
In this study, we employed data from the National Health
and Nutrition Health and Nutrition Examination Survey
(NHANES) in the United States to assess the relationship
between allostatic load and the levels of 12 metals—barium
(Ba), Beryllium(Be),cadmium (Cd), cobalt (Co), cesium
(Cs), molybdenum (Mo), lead (Pb), antimony (Sb), thallium
(TI),platinum(Pt), tungsten (W), and uranium (U)—and their
mixture in urine. We employed several statistical models,
including multiple logistic regression, weighted quantile sum
regression (WQS), Bayesian kernel machine regression (BKMR),
to conduct our evaluation. Our findings yield epidemiological
evidence for future research on the relationship between
combined heavy metals exposure and allostatic load. And we
found three ML models that could be used to identify ALS by
heavy metals' exposure and then compared the performance
characteristics of our models.

Methods

Study population

This cross-sectional study used data from 3 cycles in the
NHANES website (https://www.cdc.gov/nchs/nhanes/index.
htm), which was is a nationally representative study conducted
by the National Center of Health Statistics comprising
interviews as well as physical and medical examinations.
Participants of the NHANES during the 2005 to 2010 cycles
were included. Within these cycles, Measurement of urinary
metals levels and all serum measurements included within our
ALS calculations were completed. Measurements of C-reactive

https://doi.org/10.71321/3b9xjm29

protein levels were not available in NHANES cycles after 2010.
After excluding participants under 20 years old, with missing
measurements included within our ALS calculations, those
with missing urinary heavy metals level variables and those
with missing other covariates data, 4231 participants were
incorporated into the study, as illustrated in Figure 1.

Figure 1. Flow chart of the study population.

| Participants of NHANES(2005-2010) N=31034 I

V.

Participants aged <= 20 years N=17132 |

| Participants aged >=20 years N=13902 I

| Participants with miss data on urinary metals
N=8509

Participants with complete data on urinary metals|
N=5393

Participants with miss data on allostatic score
N=1159

‘ Participants with allostatic load score N=4234 |

>||Participants with miss data on covariates N=3

| Participants with complete covariates N=4231 |

Metal measurements

The NHANES cycles between 2005 and 2010 measured the
concentrations of 12 metals in urine, including Ba, Be, Cd,
Co, Cs, Pt, Mo, Pb, Sb, Tl, W, and U. Methods for determining
these metal concentrations are documented on the
NHANES laboratory methods webpage. Natural logarithm
(In) transformations were performed for 12 metal variables
to maintain a normal distribution for subsequent analyses.
Values below the limit of detection (LOD) are not discarded
in order to maintain data integrity.Meanwhile, to account
for urine dilution, all metal concentrations were adjusted for
creatinine concentration, with the corrected unit measured in
pg/g creatinine.

Allostatic Load Score

The biomarkers were the most commonly used in prior studies
evaluating ALS and represent certain functional organ systems
[7]. For the cardiovascular system, systolic and diastolic
blood pressure and total serum cholesterol and high-density
lipoprotein (HDL) cholesterol levels were included. For the
metabolic system, levels of glycohemoglobin (hemoglobin
A1c) and albumin and body mass index (calculated as
weight in kilograms divided by height in meters squared)
were included. Lastly, for the immune system, levels of
C-reactive protein were included. As a primary analysis, based
on guidance from Duong [7], ALS was calculated by turning
each biomarker into a dichotomous variable based on the
statistical distribution of the sample (quartiles). One point
was given if the biomarker was in the high-risk range (highest
quartile) and if not (lowest 3 quartiles) with the exception of
albumin and HDL cholesterol levels. For these 2 variables, a
lower score indicated higher risk; thus, 1 point was given for
being in the lowest quartile. In the sensitivity analysis, we also
categorized each biomarker based on clinical cut points, with
1 point given if the biomarker was in the high-risk range. [15]
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[16] [6] Individual biomarker thresholds for clinical cut point
ALS determination are listed in Table 1. Overall, possible ALS
ranged between 0 and 8, and the higher the ALS, the greater
the association of stress with physiologic dysregulation.

Covariates

From within the NHANES interview assessments, we included
several covariates, including age (continuous in years), sex
(male and female), race and ethnicity (non-Hispanic Black,
non-Hispanic White, other Hispanic, and other race [including
multiracial]), education (less than high school, high school
graduate or equivalent, some college education, or college
graduate and greater), marital status (married or living with
a partner or other, including widowed, divorced, separated, or
never married). Smoking status was defined based on 2 self-
reported questions: (1) “smoked at least 100 cigarettes in life”
and (2) “Do you now smoke cigarettes?” Participants were
categorized as non-smoker (answer of “no” to question 1),
former smoker (answer of “yes” to question 1 but “not at all” to
question 2), or current smoker (answer of “yes” to question 1
and “every day” or “some days” question 2).

Statistical analyses

The statistical software R (version 4.3.3) was utilized for
the aforementioned analysis, with all significance levels set
at P < 0.05 (two-tailed). Continuous or categorical variables
were presented as medians and standard deviation (SD), or
numerical and frequency distribution. Prior to any analysis,
a logarithmic transformation of metals content in urine was
performed.

We conducted weighted linear regression model to evaluate
the relationship between urinary metals and allostatic load
score. In this model, age, gender, education level, race, marital
status, and smoking was adjusted. The results of p values
were expressed.

Weighted quantile sum (WQS) and Quantile g-computation
(qgcomp)

To examine the combined impacts using parametric inference,
the gqgcomp and WQS approach can be employed. WQS is a
statistical technique used for analyzing high-dimensional data
sets through multiple regression. [17] we conducted WQS
analysis to assess the combined and individual impacts of
heavy metals mixtures on allostatic load score by calculating
a weighted linear index and assigning corresponding weights.
In this study, we used bootstrapping with 1,000 iterations
to construct WQS indexes in both positive and negative
directions. When the WQS index was significant, corresponding
weights were examined to identify the relative contribution
of each heavy metal within the index to the prevalence of
sarcopenia. The dataset was randomly divided, with 40% of
the data allocated to the training set and the remaining 60%
served as the validation set.

Qgcomp integrates the inferential framework of WQS
regression with the flexibility of g-computation, addressing
issues related to directional homogeneity and allowing for
nonlinearity and no additivity in BKMR, thereby yielding more
robust results [18]. In this study, we utilized the gqgcomp model
to evaluate the joint effect of exposure to a mixture of urinary
metals on ALS and present both positive and negative weights
for each metal in the urinary metals mixture.
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Bayesian kernel machine regression (BKMR)

BKMR possesses the capacity to assess the impact of a
combination of pollutants on health, as well as to estimate
total exposure, individual exposure effects, and chemical
interactions [19] [20]. In this study, we conducted a comparison
of metals levels in urine samples collected at various
percentiles and at the median in order to evaluate their overall
influence on Allostatic Load Score. Additionally, we examined
the specific effect of individual metals content in urine when
other metals content is held constant at different percentiles.
Furthermore, we explored the relationship between metals
exposure and Allostatic Load Score, including any nonlinear
associations. Lastly, Spearman correlation coefficients were
computed to assess correlations between metals.

Machine learning component and performance evaluation

we compared the eight different machine learning algorithms
including Extreme Gradient Boosting (XGBoost), Random
Forest (RF), and K-Nearest Neighbors (KNN). In the
comparison of the three algorithms, RF was the best choice.
RF which Breiman proposed [21] is one of the most widely
used machine learning techniques. The essence of the RF
algorithm is an improvement of the decision tree algorithm,
and it can handle a large number of input variables. It has
relatively high accuracy, robustness, and user-friendly nature.
Two simple approaches for selecting features include mean
decrease impurity and mean decrease accuracy [22] [23]. In
addition, RF can be used to predict continuous variables and
obtain predictions without obvious deviations. [24] [25]

With the test dataset, model performance was evaluated by
the root-mean-square error (RMSE) expressed as

1 n .
RMSE = 4 n Z(yi —9i)?
i=1

RMSE is the variance of the difference data to measure the
“average error.”

Result

Participant characteristics

A total of 4231 participants from the NHANES study
conducted between 2005 and 2010 were included. Medians
and interquartile ranges (IQR) were calculated for the level
of allostatic load score. Table 1 presents their baseline
characteristics. Significant differences(P<0.05) were
observed between the groups with different allostatic load
score in terms of age, gender, race/ethnicity, education level,
marital status, and smoking status. Furthermore, substantial
differences were found in the urinary concentrations (ug/g
creatinine) of heavy metals such as Be, Cd, Co, Cs, Mo, Pt, and
TI.

Heavy metals exposure and allostatic load score in the
multivariate linear regression

To assess the potential link between log10-transformed
heavy metals concentrations and the allostatic load score,
we employed multivariate linear regression model which was
showed in Table 2. It is worth noting that exp(Beta) means
when X goes up by 1, the expected value of Y changes by
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Table1. Baseline characteristics of participants

**ALSscorequartiles**

Overall, Qr1, Q2, Qs3, Q4,

Characteristic  \ _ 1731(100%) " N=1429(39%)" N=900(21%)" N=1404(30%)' N=498(9.5%)'  P-value’
Age 46.00+16.37  39.00¢1555  46.00¢16.03  51.00:16.08  53.00+14.09 <0.001
Gender 0.7
1 2,122(49%) 707(48%) 454(50%) 713(51%) 248(49%)
2 2,109(51%) 722(52%) 446(50%) 691(49%) 250(51%)
Race <0.001
1 794(8.6%) 262(8.2%) 177(9.1%) 260(8.6%) 95(9.3%)
2 381(4.5%) 124(4.1%) 85(5.4%) 118(3.9%) 54(6.1%)
3 2,113(72%) 787(75%) 434(70%) 690(72%) 202(64%)
4 774(10%) 184(6.9%) 162(9.9%) 292(12%) 136(18%)
5 169(5.0%) 72(6.2%) 42(5.5%) 44(3.8%) 11(3.3%)
Education level <0.001
1 542(6.8%) 127(4.6%) 125(7.5%) 203(8.0%) 87(11%)
2 709(13%) 209(11%) 144(13%) 244(13%) 112(19%)
3 979(24%) 320(22%) 210(24%) 342(27%) 107(23%)
4 1,175(30%) 392(29%) 245(29%) 398(32%) 140(33%)
5 826(26%) 381(34%) 176(27%) 217(20%) 52(14%)
DMDMARTL <0.001
1 2,302(58%) 753(54%) 498(60%) 799(62%) 252(56%)
2 345(5.5%) 54(2.8%) 81(5.7%) 148(7.9%) 62(8.7%)
3 425(10%) 132(9.6%) 71(8.7%) 153(11%) 69(15%)
4 147(2.5%) 47(2.7%) 35(2.9%) 47(2.1%) 18(1.8%)
5 656(16%) 305(21%) 125(13%) 167(11%) 59(13%)
6 356(8.7%) 138(10%) 90(10%) 90(6.6%) 38(6.0%)
Smoking status 0.014
1 922(23%) 348(25%) 186(23%) 257(18%) 131(27%)
2 1,102(26%) 322(23%) 229(26%) 417(30%) 134(28%)
3 2,207(51%) 759(52%) 485(52%) 730(52%) 233(45%)
Ba -1.8340.39 -1.8240.38 -1.83+0.37 -1.86+0.40 -1.8410.42 03
Be -3.32+0.33 -3.30+0.34 3.31¢0.34 3.35¢0.31 3.37+0.27 <0.001
cd 2.63+0.37 2.69+0.37 2.600.37 2.60+0.36 2.56+0.36 <0.001
Co -2.47+0.29 2.47+0.28 2.450.29 2.49+0.30 2.50+0.27 0.034
Cs 1.35:0.21 1.35:0.21 1.34+0.22 1.36+0.21 1.380.19 0.006
Mo -0.38+0.28 10.36+0.26 10.38+0.29 10.41£0.29 10.380.27 <0.001
Pb 2.28+0.29 2.310.28 2.26+0.31 2.27+0.30 2.27+0.28 0.10
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Pt -4.22+0.39 -4.19+0.39 -4.19+0.38 -4.25+0.40 -4.27+0.43 <0.001
Sb -3.24+0.29 -3.23+0.30 -3.23+0.30 -3.24+0.28 -3.24+0.29 0.4
Tl -2.83+0.22 -2.81+0.22 -2.82+0.23 -2.85+0.22 -2.88+0.19 <0.001
W -3.12+0.36 -3.11+0.36 -3.09+0.38 -3.13+0.35 -3.12+0.36 0.4
U -4.22+0.38 -4.23+0.38 -4.22+0.39 -4.23+0.39 -4.18+0.38 0.13

1 median (SD) for continuous; n(%) for categorical.

2 Wilcoxon rank-sum test for complex survey samples; chi-squared test with Rao & Scott's second-order correction

about e exp(Beta). From the positive and negative values of
exp(Beta) we can see the relationship between X and Y very
well. Comparing with model |, there was a higher correlation
between metals and allostatic load score after adjusting
other heavy metals. It indicates that there may be interaction
or a possible co-exposure pattern between mixed heavy
metals. Meanwhile, After controlling for all confounders, the
association between Be, Cd, Co, Cs, Mo, Pb, Pt, Sb and Tl and
allostatic load score showed significance in multivariate linear
regression(P<0.05), and were positively correlated with ALS.
In the adjusted model, the risk of high allostatic load score
decreased by 33.28% (exp (Beta): -1.1; 95% Cl: -1.4, -0.77) for
one-unit decrease in Cs concentration.

Heavy metals exposure and allostatic load score in WQS and
ggcomp model

Both the WQS and qgcomp models were employed to
estimate the weights of each metal in the mixture's overall
effect. The interpretation of the results of the WQS model

is based on the weighted quantile and (WQS) regression
coefficients, reflecting the overall effect of the mixed
exposure. The weights represent the relative contributions
of each component in the mixed exposure and are used to
identify the most important component in the mixed exposure
(through the weight magnitude).We applied the WQS model
to examine the association between the combined effects
of the twelve heavy metals and the allostatic load score. The
WQS index of the urinary metals was negatively associated
with ALS in total.(Estimate: -0.386; P< 0.001) Figure 2A and
Table 3 presented that Pb received the highest weight 0.181
for allostatic load score, followed by weight 0.177 for Cs,
weight 0.145 for Mo, weight 0.125 for Pt, weight 0.7180 for Co,
and in the negative direction after adjusting for all covariates.
The WQS regression in the positive direction did not show
any significant association of the heavy metals mixtures with
allostatic load score. It is important to note that the WQS
model cannot account for the effect of the direction of action
of each component in the mixed exposure on the population.

Table 2. Multivariate linear regression analysis of Log10-transformed heavy metals for allostatic load score.The crude model did not adjust for
any covariates. Adjusted model | was adjusted for all covariates. Adjusted model Il was adjusted for all covariates and other heavy metals.

Crude model Adjusted model | Adjusted model Il

exp(Beta) 95%Cl p-value  exp(Beta) 95%ClI p-value exp(Beta) 95%Cl p-value
Ba 1.07 0.88,1.29 0.478 1.22 1.02,1.46 0.026 -0.11 -0.27,0.04 0.148
Be 0.76 0.58,0.99 0.038 0.77 0.59,1.02 0.058 -0.66 -0.83,-0.49 <0.001
Cd 1.92 1.50,2.46 <0.001 0.92 0.72,1.18 0.498 -0.31 -0.57,-0.06 0.013
Co 0.84 0.66,1.06 0.127 0.8 0.62,1.04 0.082 -0.51 -0.71,-0.31  <0.001
Cs 0.8 0.53,1.22 0.292 0.58 0.39,0.86 0.005 -1.1 -1.4,-0.77 <0.001
Mo 0.78 0.62,1.00 0.041 0.69 0.55,0.88 0.002 -0.56 -0.76,-0.35  <0.001
Pb 1.23 0.98,1.53 0.059 0.71 0.57,0.88 0.001 -0.63 -0.85,-0.42  <0.001
Pt 0.93 0.70,1.24 0.607 0.85 0.64,1.14 0.264 -0.51 -0.71,-0.31 <0.001
Sb 0.89 0.71,1.13 0.326 1 0.78,1.27 0.964 -0.31 -0.53,-0.09  0.005
T 0.54 0.37,0.79 <0.001 0.87 0.61,1.23 0.408 -0.84 -1.1,-0.56 <0.001
W 0.97 0.77,1.21 0.761 1.04 0.86,1.26 0.678 -0.16 -0.33,0.02 0.065
U 1.02 0.85,1.22 0.833 1.01 0.86,1.18 0.886 -0.12 -0.28,0.03 0.11

44



So we then use the qgomp model, whose results are
interpreted based on the overall effect of the mixed exposure,
allowing different components to have different effects in
different directions, and can be used to assess the net effect
of the mixed exposure (taking into account both positive

https://doi.org/10.71321/3b9xjm29

and negative effects). The qgcomp model results further
substantiated this finding, determining that the influence of
these four heavy metals on the overall effect was negative.
(Figure 2B)

Figure 2. WQS and gqgcomp models. (A)WQS weights in the WQS regression model between ALS and WQS index of heavy metal mixtures. (B)
Qgcomp model regression index weights for urinary heavy metals and ALS. The model adjusted for all covariates. Ba, Barium; Be, Beryllium; Cd,
Cadmium; Co, Cobalt; Cs, Cesium; Mo, Molybdenum; Pb, lead; Pt, Platinum; Sb, Antimony; Tl, Thallium; W, Tungsten; U, Uranium.
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Table. 3. WQS weights in the WQS regression model between ALS
and WQS index of heavy metal mixtures. The model adjusted for all
covariates. Ba, Barium; Be, Beryllium; Cd, Cadmium; Co, Cobalt; Cs,
Cesium; Mo, Molybdenum; Pb, lead; Pt, Platinum; Sb, Antimony; TI,
Thallium; Tu, Tungsten; Ur, Uranium.

Mix name mean weight
Pb 0.18100
Cs 0.17700
Mo 0.14500
Pt 0.12500
Be 0.07990
Co 0.07180
T 0.05760
Sb 0.05690
Cd 0.05520
w 0.03460
U 0.00922
Ba 0.00703

Heavy Metal Correlations in the Spearman correlation matrix

Figure 3 is a heatmap showing the correlations among the 12
heavy metals using a Spearman correlation matrix. A complex
exposure profile was observed among metal concentrations,
with pairwise Spearman correlations ranging from slightly
positive (P= 0.02) to strong positive correlations (P = 0.92). Of

B

Ba

Be

=2 T 0
o o W 2

Variable

(=

Co

Cd

Tl

Sb

0.75 0.50 0.25 0.25 0.50 0.75
Negative weights Positive weights

the all unique pairwise correlations, the strongest correlation
is between urinary platinum and beryllium (P = 0.92), which
presents high relation. Besides, urinary cesium and thallium
present significantly (P = 0.57).

Heavy metals exposure and allostatic load score in BKMR
model

In the BKMR model, allostatic load score was decreased
for co-exposure to heavy metals mixtures above the 50th
percentile compared to the medians. Figure 4A shows the
overall exposure-response function trend of 12 heavy metals.
When the other 11 metals were fixed at the median level, the
univariate exposure-response relationship showed Cs, Pt, Pb,
Co and Mo have a downward trend with ALS, with non-linear
relationship. Notably, the univariate exposure—response curve
for Cs and Pt is steeper than that for other three metals. The
other seven metals do not show obvious ALS relationship.
(Figure.4B).

Table 4 shows higher estimated PIPs for Cs (PIP = 1.0000),
Pt (PIP =1.0000), Mo (PIP = 0.9384), Co (PIP =0.9272) Pb
(PIP=0.9088), consistent with the previous two models. We
further explored heavy metal interactions (Figure 4C). We fixed
the other heavy metals at the median level and determined
the exposure-response function of one heavy metal to a
second heavy metal at its 10th, 50th, and 90th percentiles,
respectively. No evidence of chemical interaction was found
among each two of these heavy metals.
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Figure 3. Spearman correlations among the mixed exposure of twelve metals in the participants.

Ba

e

e

0.8
Be

Cd 08
Co _ L 04
: I
| i | | 102
Mo
Pb

0.92 ( Pt

Sb |- B

0.57 Tl

-

Figure 4. BKMR model. (A) Overall effect of metals in urine and ALS based on BKMR. (B)Univariate exposure—response function between each
heavy metals and ALS when the other heavy metals were fixed at 50th percentiles. (C) Bivariate exposure-response relationship between twelve
urinary heavy metals and ALS (a visualization for evaluating interactions).The model adjusted for all covariates. Ba, Barium; Be, Beryllium; Cd,
Cadmium; Co, Cobalt; Cs, Cesium; Mo, Molybdenum; Pb, lead; Pt, Platinum; Sb, Antimony; Tl, Thallium; W, Tungsten; U, Uranium.
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Table 4. The posteriori inclusion probability of single urinary metals

Heavy metals PIP value
Ba 0.7372
Be 0.8704
Cd 0.8924
Co 0.9272
Cs 1.0000
Mo 0.9384
Pb 0.9088
Pt 1.0000
Sb 0.8736
Tl 0.8780

0.8708
u 0.7960

Evaluation and comparison of the ML model

Figure. 5 depicts three ML models. The study used 10-fold
cross-validation to divide the entire sample into 10 equally
sized subsamples. Among the 10 subsamples, one was
retained as the verification data set of the test model, and the
remaining nine were used as the training data set. After the
cross-validation process was repeated 10 times, 10 results
were generated, and the average value was taken as the
performance metric. In this paper, the Root Mean Absolute
Error (RMAE) was selected as the evaluation index.
Comparing the prediction performance of the RF, KNN and
XGBoost prediction model, in terms of the Root Mean Absolute
Error (RMAE), the RMAE of the RF prediction model was
2.377428, the RMAE of the KNN model was 2.501523 and the
RMAE of the XGBoost model was 2.377733. Respectively. The
prediction accuracy of the RF prediction model was best in
three model (Table 1). The results were also shown in Figure 5.

Figure 5. Three ML model benchmark test results.

data

regr.mse
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Discussion

Allostatic load which indicates the cumulative strain
associated with the chronic stress response due to repeated
environmental challenges is quantified by the allostatic
load score, an established measure of the cardiovascular,
metabolic, and immune ramifications of stress. [7] [8]Some
studies was observed that heavy metals had significant and
positively associations with CVD. [26] [27] [28]And long-term
exposure to heavy metals (either low-dose or high-dose)
uniformly causes immunosuppression and directly interferes
with the sensitization of the immune system to antigens [29].
However, A study based on the data of NHANES from 2005 to
2018, through WQS and BKMR models, found that the mixed
metals content in urine was negatively correlated with Mets.
And in the study of single metal, the contents of Cs and Pb in
urine are verified to be negatively correlated with Mets through
logistic regression and the BKMR model [20].

Based on the data of NHANES from 2005 to 2010, this study
analyzed twelve kinds of metals in urine and found that the
mixed metals content in urine was negatively correlated with
ALS through WQS and BKMR models. In the study of single
metal, linear regression and the BKMR model verify that the
contents of Cs, Pb, Mo and Pt in urine are negatively correlated
with ALS. With the increase in metals content, allostatic
load is monotonically decreasing. The result is contrary to
our previous speculation. We surmise that there may be one
reasons that the effect on metabolism may be the main factor
between twelve urinary heavy metals and allostatic load.
According to previous research, Cs is closely related to the
diagnostic factors of ALS. A study suggests that Cs are
significantly related to HDL by studying chronic exposure
of adult, postnatal and in utero rat models to low-dose 137
Cesium [30]. A repeated-measures study of older adults in
Beijing showed that Cs were positively correlated with HDL [31],
consistent with previous research results [32]. In addition, it
is found that Cs have no significant relationship with SBP but
have a negative correlation with DBP [31]. A study has found
a significant negative correlation between Cs and BMI by
utilizing the NHANES 99-02 data [33].

As for the mechanism behind the conclusion that the
combined effect of 12 urinary metals is negatively correlated
with allostatic load, we speculated that it may be related to the
disruption of cell homeostasis by heavy metals such as lead,
which can replace bivalent cations such as calcium and zinc,
but also activate the Keap1-Nrf2 pathway. After Nrf2 enters
the nucleus, it initiates the expression of genes regulated by
antioxidant reaction elements (ARE), promotes the production
of antioxidant enzymes such as glutathione synthetase and
superoxide dismutase (SOD), and enhances the resistance
of cells to oxidative stress, thus reducing the contribution of
oxidative damage to adaptive load. At the same time, lead
exposure induces the upregulation of endoplasmic reticulum
(ER) stress proteins, such as glucose-regulating protein
GRP78, and activates the unfolded protein response (UPR).
Moderate UPR can repair cell function by enhancing protein
folding capacity and clearing misfolded proteins, which may
relieve stress load in the short term [34].

Regarding the correlation between beryllium and platinum,
it has been shown that beryllium (BeSO,) and the platinum
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compound (PT-5-sulfomercaptoquinoline salt) both inhibit CA-
ATPase activity in the sarcoplasmic reticulum (SR), but their
inhibition is weaker than that of other compounds such as
aminophenthiazine. This suggests that the two may indirectly
affect each other's metabolic or excretory pathways by
interfering with the activity of membrane-binding enzymes,
such as those associated with calcium ion transport, which
may be the reason for the correlation of composition in the
urine of the two [35].

Since machine learning algorithms were widely used in
diagnosing and prediction, we tried to make a prediction
of ALS. We used a machine learning algorithm suitable for
large-scale data, including 4231 samples. The RF model with
RMSE was 2.377428. The model could be used to predict ALS
for individuals, and provided a theoretical basis for further
allostatic load targeted interventions.

This study still has some limitations. First, NHANES adopts a
cross-sectional design, so it cannot further judge the causal
relationship between metals content in urine and ALS. Second,
the participants in this study are all Americans, and the results
obtained may not apply to other people. Third, NHANES uses
random urine samples to detect the metal concentrations in
urine, and there may be some deviations in the metals content
in urine. Because ALS is a continuous variable, we just use
three ML models to predict ALS and the evaluation index of
the ML model is single, lacking credibility.

Conclusion

The analysis of NHANES data showed that the mixed effect of
twelve metals in urine is negatively correlated with ALS among
American adults. The contents of cesium (Cs), Molybdenum
(Mo), lead (Pb), Platinum (Pt) in urine were most negatively
correlated with ALS. It is hoped that there will be a cohort
study in the future to expose the influence of metals on ALS,
which can provide higher-level evidence. In addition, it is hoped
that relevant basic research can reveal the mechanism of the
occurrence and development of metals and allostatic load.
Finally, we employed three ML models to establish a predictive
model for ALS utilizing heavy metals exposure data from the
NHANES. Among these models, the RF approach exhibited
superior performance.
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Abstract

Objective: To compare the characteristics of spontaneous nystagmus (SN) in patients with vestibular neuritis (VN) at different disease stages
and to investigate its correlation with semicircular canal dysfunction.

Methods: A total of 115 VN patients were enrolled, who were divided into acute phase (1 — 7 days), subacute phase (8 — 30 days) and chronic
phase (>30 days) according to the course of disease. Quantitative assessment of SN was performed using electronystagmography (ENG), with
particular focus on the slow phase velocity (SPV) in the horizontal plane. Simultaneously, vestibular-ocular reflex function was systematically
evaluated through video head impulse test (VHIT), with quantitative measurements of angular vestibulo-ocular reflex (aVOR) gain and asymmetry
of the affected semicircular canals.

Results: Among 115 patients, 67 (58.3%) were in acute phase, 29 (25.2%) in subacute phase and 19 (16.5%) in chronic phase. The mean age of
patients in the acute phase was significantly lower than that in the chronic phase (p = 0.028), while there was no significant difference between
the subacute phase and the other two groups. 98 patients (85.2%) had SN, 62 patients (92.5%) in acute phase, 26 patients (89.7%) in subacute
phase and 10 patients (52.6%) in chronic phase. SPV in acute phase was significantly higher than that in subacute phase (p = 0.003) and chronic
phase (p < 0.001), but there was no significant difference between chronic phase and subacute phase. In 112 patients with VN, the horizontal
semicircular canals were affected, and the mean aVOR gain and asymmetry of the damaged side were 0.47 + 0.14 and 0.35 + 0.14, respectively.
The aVOR gain of injured side in chronic phase was significantly higher than that in acute phase (p < 0.001) and subacute phase (p = 0.007), but
there was no significant difference between acute phase and subacute phase (p = 0.950). The asymmetry in chronic phase was significantly
lower than that in acute phase (p = 0.001) and subacute phase (p = 0.018), and there was no significant difference between acute phase and
subacute phase (p = 0.312). SPV in horizontal component was negatively correlated with the aVOR gain of damaged horizontal semicircular
canals (r =-0.273, p = 0.007), and positively correlated with aVOR asymmetry (r = 0.291, p = 0.004).

Conclusion: The existence of SN is helpful for diagnosis of VN, and its intensity can reflect the degree of vestibular impairment.

Key words: vestibular neuritis; spontaneous nystagmus; video head impulse test

Introduction

Vestibular neuritis (VN) is an acute peripheral vestibular
syndrome and the third most common cause of peripheral
vestibular disorders. It is characterized by acute or, less
frequently, subacute onset of rotational or non-rotational
vertigo, accompanied by imbalance, nausea/vomiting, and/or
oscillopsia [1]. The video head impulse test (VHIT) is a widely
used tool for assessing semicircular canal function, capable
of accurately localizing the affected canal and measuring
the angular vestibulo-ocular reflex (aVOR) gain of all six
semicircular canals [2]. In this study, we compared the extent
of vestibular dysfunction and the slow phase velocity (SPV) in
VN patients across different disease stages (acute, subacute,
and chronic).

Methods

This is a single-center, retrospective study involving patients
diagnosed with vestibular neuritis at the Headache and Vertigo
Clinic of the Department of Neurology, The First Affiliated
Hospital of Anhui Medical University, from June 2022 to May
2024.

Inclusion and Exclusion Criteria

Inclusion Criteria: All patients underwent comprehensive
neurological and otological examinations, as well as video
infrared goggles testing. All patients also underwent both
VHIT and electronystagmography (ENG). Patients with focal
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neurological signs underwent brain MRI. Patients with acute
vestibular syndrome during vertigo attacks and vHIT results
showing unilateral gain <0.7 were included in the subsequent
analyses.

Exclusion Criteria: 1) Patients with central nervous system
lesions confirmed by MRI. 2) Patients who had taken any
vestibular suppressants within 48 hours before vestibular
testing. 3) Patients who had undergone vestibular
rehabilitation before ENG testing.

Study design

The vHIT device was used to examine the patients. Patients
were seated with their heads flexed forward by 30° to align
the horizontal semicircular canals parallel to the horizontal
plane. They were instructed to fixate on a stationary target 1 m
ahead. The examiner then abruptly and randomly rotated the
patient's head to the left and right (head rotation angle of 20°
- 30°, lasting 150 — 200 ms, with a peak head velocity >150°/s).
Subsequently, the patient's head was turned 45° to the left and
right, and the examiner performed abrupt, small-amplitude,
random up-and-down head rotations in the sagittal plane.
Each direction was tested with 20 effective head impulses.
The goggles recorded the eye and head movement trajectories
and saccades during head rotation. The aVOR gain for each
head impulse was calculated as the ratio of peak eye velocity
to peak head velocity, and the average value was taken as the
gain for each semicircular canal.

During the ENG examination, the presence of SN in the neutral
head position and while looking straight ahead was assessed.
Instruct the patient to sit upright, wear the goggles, eliminate
visual fixation, and record nystagmus for at least 30 seconds.
For patients with SN, the horizontal component of the SPV was
recorded. Patients were categorized into three groups based
on the time interval from symptom onset to examination: acute
phase (1 — 7 days), subacute phase (8 — 30 days), and chronic
phase (>30 days). We compared the differences in age, gender,
aVOR gain and asymmetry among the three groups. The avVOR
asymmetry was calculated using the relative asymmetry
formula: (higher mean high-speed aVOR gain - lower mean
high-speed aVOR gain)/ (higher mean high-speed aVOR gain +
lower mean high-speed aVOR gain).

Statistic Analysis

Data were analyzed using SPSS version 26, and figures
were created using GraphPad Prism version 9.5. Normally
distributed data are presented as mean * standard deviation,
while non-normally distributed data are presented as median
and interquartile range. For comparisons of continuous
variables between groups, normally distributed data were
analyzed using independent samples t-tests, while non-
normally distributed data were analyzed using the Mann-
Whitney U test (a type of rank-sum test). Categorical data were
analyzed using Pearson's chi-square test or Fisher's exact
test, as appropriate. All results were considered statistically
significant with a two-sided p-value < 0.05.

Result

A total of 115 patients were included in this study, of whom

https://doi.org/10.71321/ceerva81

74 were male (64.3%), with a mean age of 50.2 + 14.4 years.
Vestibular dysfunction was observed on the left side in 75
patients (65.2%) and on the right side in 40 patients (34.8%).
The superior vestibular nerve was affected in 108 cases
(93.9%), the inferior vestibular nerve in 2 cases (1.7%), and
both nerves in 5 cases (4.3%). The horizontal semicircular
canal was affected in 112 patients (97.4%), the anterior
semicircular canal in 17 patients (14.8%), and the posterior
semicircular canal in 7 patients (6.1%). The acute phase was
observed in 67 patients (58.3%), the subacute phase in 29
patients (25.2%), and the chronic phase in 19 patients (16.5%).
The mean age of patients in the acute phase was 48.3 + 15.2
years, which was significantly lower than that of the chronic
phase (56.6 + 13.3 years, p = 0.028), while the subacute phase
(50.3 + 12.5 years) showed no significant difference compared
with the other two groups. There was no significant difference
in the male-to-female ratio among the three groups (p = 0.112).

Spontaneous nystagmus

SN was observed in 98 patients (85.2%). Among them, 62
patients (92.5%) were in the acute phase, 26 (89.7%) in the
subacute phase, and 10 (52.6%) in the chronic phase. Of
these patients with SN, 95 (96.9%) exhibited a fast phase
directed toward the healthy side, while 3 (3.1%) had a fast
phase directed toward the affected side. The mean SPV of
horizontal nystagmus was 8.7 = 3.8°/s. The SPV in the acute
phase (9.8 + 3.5°/s) was significantly higher than that in the
subacute phase (7.3 + 3.7°/s, p = 0.003) and the chronic phase
(5.5 £ 2.2°/s, p < 0.001), while no significant difference was
observed between the subacute and chronic phases (p = 0.173)
(Figure.1).

Figure. 1 Comparison of SN and lateral semicircular canal aVOR gain
in VN patients with different disease courses (acute, subacute and
chronic), **p < 0.01, **p < 0.001. .
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VHIT Results

Among the 112 patients with VN involving the horizontal
semicircular canal, the mean gain value of the affected side
was 0.47 + 0.14, and the mean asymmetry ratio was 0.35 *
0.14. These patients were distributed across three phases:
acute phase (67 cases), subacute phase (28 cases), and
chronic phase (17 cases). The aVOR gain of the affected side
in the chronic phase (0.57 + 0.09) was significantly higher than
that in the acute phase (0.45 + 0.14, p < 0.001) and subacute
phase (0.46 + 0.14, p = 0.007), while no significant difference
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was observed between the acute and subacute phases (p =
0.950). The aVOR asymmetry in the chronic phase (0.25 * 0.09)
was significantly lower than that in the acute phase (0.38 *
0.14, p = 0.001) and subacute phase (0.35 + 0.14, p = 0.018),
with no significant difference between the acute and subacute
phases (p = 0.312) (Figure. 1). In the study, 17 patients had
involvement of the anterior semicircular canal, with 10 cases
in the acute phase, 5 in the subacute phase, and 2 in the
chronic phase. The mean aVOR gain of the affected side
was 0.55 £ 0.09, and the mean aVOR asymmetry was 0.25 +
0.11. Additionally, 7 patients had involvement of the posterior

semicircular canal, with 2 cases in the acute phase, 3 in the
subacute phase, and 2 in the chronic phase. The mean aVOR
gain of the affected side was 0.57 + 0.10, and the mean aVOR
asymmetry was 0.24 + 0.09.

Among the 98 patients with SN, all exhibited involvement of
the horizontal semicircular canal. The SPV of the horizontal
component of nystagmus was significantly negatively
correlated with the aVOR gain of the affected horizontal
semicircular canal (r = -0.273, p = 0.007) and significantly
positively correlated with the aVOR asymmetry (r = 0.291, p =
0.004) (Figure. 2).

Figure. 2 Correlation analysis of SN on horizontal component with gain value and asymmetry ratio of damaged side in VN patients.
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Discussion

The results of this study indicate that involvement of the
superior vestibular nerve is the most common (93.9%)
among patients with VN, followed by involvement of both the
superior and inferior vestibular nerves (4.3%), while isolated
involvement of the inferior vestibular nerve is the rarest (1.7%).
These findings are consistent with those reported in previous
literature [1]. These findings are related to the anatomical
characteristics of the vestibular system. First, the osseous
canal through which the superior vestibular nerve travels
is relatively long and narrow, making it more susceptible to
compression when the nerve becomes swollen. Second,
latent infections of herpes simplex virus type 1 (HSV-1) in the
vestibular ganglion are predominantly located in the superior
vestibular ganglion, rendering the superior vestibular nerve
more vulnerable to HSV-1 infection [3].

In this study, we found that patients with chronic VN had
significantly higher ages compared to the other two groups,
suggesting that older patients are more likely to experience
chronicity of symptoms. Previous studies have reported
that in the follow-up of VN patients, the degree of symptom
improvement in the elderly group was significantly lower
than that in the younger group [4, 5]. This phenomenon may
be attributed to the multisystem degeneration in elderly
patients, including the degeneration of the vestibular and
visual systems. Therefore, for elderly patients, it is particularly
important to develop an early and tailored vestibular
rehabilitation therapy (VRT) plan. In addition to vestibular
exercises, vision plays a crucial role in compensating for
vestibular deficits in older adults. For elderly patients with
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blurred vision, such as those with cataracts, vision correction
should be implemented to prevent imbalance and falls.

After vestibular dysfunction, clinical symptoms can be
categorized into static symptoms, which occur in a resting
state, and dynamic symptoms, which emerge during body
movement. Static symptoms include SN, contrapositional
deviation, ocular torsion, head and body tilt, vertigo, and
autonomic nervous system responses such as nausea and
vomiting. Dynamic symptoms involve changes in aVOR
gain, among others. Following vestibular dysfunction, the
body gradually alleviates symptoms through vestibular
compensation, which is divided into static and dynamic
compensation. Static compensation is a transient,
spontaneous, neurophysiological change based on the
vestibular nuclear complex, while dynamic compensation
is a long-term, learned process that involves multiple
central nervous system mechanisms. It has been reported
in the literature that rodents can complete static vestibular
compensation within one week [6]. It has been reported in
the literature that rodents can complete static vestibular
compensation within one week [7], while cats can complete
this process within six weeks [8, 9]. Early studies by Matsuzaki
et al. have shown that SN typically disappears completely
within 1 month after the onset of vestibular neuritis [10]. In
this study, we found that after removing fixation suppression
in the dark condition, more than 50% of patients with chronic
vestibular neuritis still exhibited SN, which can serve as an
important clinical indicator for the diagnosis of the chronic
phase of vestibular neuritis. In our study, the SPV in the acute
phase was significantly higher than that in the subacute and
chronic phases, with no significant difference between the



subacute and chronic phases. Additionally, the aVOR gain on
the affected side in the chronic phase was significantly higher
than that in the acute and subacute phases, while the aVOR
asymmetry was significantly lower than that in the acute
and subacute phases; there were no significant differences
between the acute and subacute phases. These results
suggest that static compensation occurs early in the disease
course, while dynamic compensation requires a longer period
of time.

After vestibular nerve damage, the generation of SN is due to
the reduced resting activity on the affected side, resulting in a
neurophysiological imbalance between the bilateral vestibular
nuclei [11]. Studies have shown that in the early stages of the
disease, the slow phase of SN is directed toward the affected
side. As vestibular function recovers on the affected side and
static compensation occurs, the SPV gradually diminishes
and eventually disappears. In long-term follow-up studies of
patients with unilateral vestibular dysfunction, the duration of
SN shows significant individual variability, ranging from several
days to months or even years. This variability is primarily
determined by the rate of vestibular compensation and
differences in individual recovery capabilities [12, 13]. In the
patients included in this study, vestibular function remained
impaired, with over 50% of patients in the chronic phase still
exhibiting SN. This suggests that static compensation in these
patients is insufficient to overcome the imbalance between the
bilateral vestibular systems. Our study found that the SPV is
negatively correlated with the aVOR gain on the affected side
and positively correlated with the aVOR asymmetry of bilateral
gain values. These findings are consistent with previous
studies [14]. These findings indicate that the presence of SN
not only suggests an imbalance in bilateral vestibular function
but also reflects the degree of vestibular dysfunction based on
its intensity.

Conclusion

In summary, among patients with VN, older patients tend to
experience longer-lasting symptoms and would benefit from
early implementation of tailored rehabilitation programs. The
persistence of SN in the chronic phase serves as an important
diagnostic indicator and reflects the severity of vestibular
dysfunction based on its intensity. As a cross-sectional study,
our research has the following limitations: First, the study
design does not allow for the assessment of the dynamic
evolution of vestibular dysfunction over time. Future research
should involve longitudinal cohort studies with long-term
follow-up of at least 6—12 months to elucidate the temporal
characteristics of vestibular compensation. Second, the
current evaluation primarily relies on objective measures of
vestibular function. We recommend incorporating subjective
assessment tools, such as the Vestibular Symptom Scale and
the Dizziness Handicap Inventory, to comprehensively evaluate
the extent of vestibular dysfunction and its impact on quality
of life.
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Abstract: Ferroptosis is a new type of regulated cell death produced by iron-dependent accumulation of reactive oxygen species in lipids, which
is different from apoptosis, pyroptosis and autophagy, and plays the role of a "double-edged sword" in tumor therapy. Ferroptosis-related INcRNA
are involved in tumor cell death by regulating lipid metabolism and ferroptosis-associated genes, thus becoming one of the hotspots in the field
of tumor-targeted therapy. In this paper, we review the role of ferroptosis and its related IncRNA in inhibiting the development of tumor cells and
improving the therapeutic effect of drugs, which is expected to provide a new strategy for the treatment of tumors.
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Introduction

The concept of "ferroptosis” was first introduced by Dixon
et al. in 2012[1]. It represents a novel form of regulated cell
death (RCD) that differs from apoptosis[2] and pyroptosis[3].
Ferroptosis is an iron-dependent mode of cell death
characterized by the accumulation of reactive oxygen species
(ROS) leading to lipid peroxidation (LPO)[4-6]. Consequently,
similar to other forms of programmed cell death, ferroptosis is
gradually emerging as a new therapeutic strategy in oncology.
The application of ferroptosis in conjunction with small
molecule drug therapies is expected to significantly improve
cancer treatment methods.

Long non-coding RNAs (IncRNAs) are a class of RNA
molecules longer than 200 nucleotides that do not encode
proteins[7, 8]. LncRNAs play crucial regulatory roles in various
biological processes, influencing tumor cell proliferation,
differentiation, metastasis, and apoptosis at multiple
levels[9, 10]. In tumor diagnosis and treatment, IncRNAs also
represent promising biomarkers or therapeutic targets.[11,
12]. Recent studies have confirmed that IncRNAs can regulate
the occurrence of ferroptosis in tumor cells by mediating
lipid metabolism and the expression of ferroptosis-related
genes[13]. Thus, IncRNAs constitute an important area of
research with broad application prospects, making them
potential therapeutic agents for various tumors.

Current therapeutic options remain inadequate, with cancer
mortality rates are rising each year. For instance, targeted drug
therapy often leads to the development of drug resistance in

tumor cells, significantly diminishing treatment efficacy and
ultimately threatening patient safety[14]. Therefore, there is a
pressing need to develop more effective targeted treatment
strategies. Given the importance of IncRNAs and ferroptosis in
cancer therapy, this paper reviews the molecular mechanisms
of IncRNA-mediated ferroptosis in common clinical tumors
and explores the therapeutic potential of ferroptosis-related
IncRNAs, aiming to identify novel cancer treatment strategies.

The Main Mechanisms of IncRNA-mediated
Ferroptosis in Cancer Cells

Iron metabolism pathway mediating ferroptosis

The molecular mechanisms underlying ferroptosis-induced
tumor cell death are complex, involving multiple steps, genes,
and proteins[15]. Iron ions participate in the execution of
cellular ferroptosis through complex mechanisms|[16].
Extracellular trivalent iron ions (Fe*") bind to transferrin and
are subsequently internalized into the cell through transferrin
receptor1(TFR1). Subsequently, metalloreductase STEAP3
reduces Fe*to Fe *, which is released into the cytoplasmic
labile iron pool (LIP) via divalent metal-ion transporter 1
(DMT1)[6],[17]. The hydroxyl and lipid radicals in the iron pool
can be catalyzed by iron ions, leading to the synthesis of
polyunsaturated fatty acids (PUFAs) through the Fenton
reaction[18, 19]. When intracellular iron ions increase suddenly,
Fenton reactions are likely to be significantly intensified,
leading to excessive accumulation of lipid peroxides and
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resulting in cellular ferroptosis. Recent studies highlight the
critical role of post-transcriptional regulation in iron
metabolism for ferroptosis sensitivity. For example, hepcidin
promotes intracellular Fe** accumulation by degrading FPN1,
thereby enhancing lipid peroxidation[20].

However, the homeostasis of the iron pool is also tightly
regulated by iron export proteins ferroportin(FPN1) and iron
regulatory proteins (IRPs), thereby controlling intracellular free
iron levels[21, 22]. These findings underscore that iron ions act
not merely as executors of ferroptosis but also as dynamically
balanced elements through multi-layered protein networks that
precisely determine cellular fate.

Lipid peroxidation pathway mediating ferroptosis

Lipid peroxidation is one of the most crucial causes of
ferroptosis. The occurrence of lipid peroxidation in cells can
lead to the destruction of the lipid bilayer and damage to
organelles, ultimately resulting in cell rupture and death[23,
24]. Abnormal lipid metabolism can provide the necessary
material and energy for rapidly proliferating tumor cells, thus
exacerbating their condition[9]. Studies have shown that
metabolic stress can promote the binding of PUFAs to
membrane phospholipids, making tumor cells more sensitive
to ferroptosis[25]. PUFAs are typically enriched in cell
membranes and organelle membranes and are prone to react
with RO generated by Fe*and Fe *-dependent enzymes,
leading to ferroptosis[19, 26]. The reaction between iron ions
and lipid peroxidation can induce ferroptosis through the
generation of ROS. On one hand, ROS can accumulate
extensively through the Fenton reaction and inactivation of
glutathione peroxidase 4 (GPX4). on the other hand, the
continuously accumulating ROS can react with PUFAs,
inducing the formation of LPO. Stockwell's research has found
that iron chelators can inhibit the transfer of electrons from
iron ions to oxygen, thereby reducing the production of ROS in
tumor cells, further elucidating the relationship between iron
ions and ferroptosis[27].

The system Xc - -GSH-GPX4 pathway mediating ferroptosis
The cystine-glutamate antiporter system (system Xc') is a
critical hub in regulating ferroptosis and serves as a key factor
for cellular antioxidant defense[28, 29] In the process of
regulating ferroptosis, system Xc' can export intracellular
glutamate to the extracellular environment in a 1:1 ratio while
simultaneously importing extracellular cystine into the cell[30].
SLC7A11 is a multi-channel transmembrane protein that plays
an essential role in the dimerization of system Xc', mediating
the reverse transport of cystine and glutamate[31]. This allows
extracellular cystine to enter the membrane via the SLC7A11
protein, where it is oxidized to cysteine and subsequently
catalyzed to produce glutathione (GSH), which participates in
inhibiting tumor ferroptosis and the antioxidant process[32].
GSH is crucial for cellular antioxidant defense, and its
depletion can lead to an accumulation of lipid ROS and
damage to the cell membrane. Long-term deficiency of GSH
may result in ferroptosis of the cell[33].

GPX4 is an antioxidant enzyme that relies on glutathione as
a co-reductant, catalyzing the conversion of harmful lipid
peroxides into relatively harmless water or alcohol, thus
promoting the stability of the cell membrane[34, 35]. When
GPX4 activity is impaired, its detoxifying effect on lipid
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peroxides is significantly reduced, leading to the occurrence
of ferroptosis[36]. Saturated membrane lipids are insensitive
to oxidative stress, while highly saturated membrane lipids
help tumor cells avoid damage from ROS. When tumor cells
express high levels of GPX4, they can reduce ROS production
and maintain redox homeostasis, enabling them to escape
ferroptosis.

Overall, the system Xc -GSH-GPX4 pathway plays a vital role
in regulating ferroptosis in tumor cells. By increasing the
activity of system Xc and the synthesis of GSH, cells can
enhance their antioxidant capacity and protect themselves
from the harms of lipid peroxidation and ferroptosis. However,
when the functions of system Xc” or GPX4 are compromised,
cells become unable to effectively counter lipid peroxidation
and ferroptosis, ultimately leading to cell death.

Other pathways mediating ferroptosis

Exosomes are vesicular substances secreted by various cells,
ranging from approximately 40 to 100 nm in size[37]. They can
transfer a variety of bioactive molecules, including proteins,
mRNA, and IncRNA, making them a novel communicator in cell
signaling. Studies have shown that IncRNA within exosomes
can regulate the transport and storage of iron ions by
interacting with ferritin. Ferritin is a protein capable of binding
and stabilizing iron ions, allowing it to transport excess iron
ions extracellularly, thereby reducing the accumulation of free
iron within cells and preventing iron-induced oxidative stress
and ferroptosis[38]. In addition, exosomes can influence the
occurrence of ferroptosis by regulating the accumulation
of ROS in cells. Exosomes secreted by tumor-associated
fibroblasts have been found to inhibit ferroptosis in gastric
cancer cells, one mechanism being the reduction of ROS
accumulation, which protects cells from lipid peroxidation
and other forms of damage. Consequently, IncRNA derived
from exosomes presents a potential therapeutic strategy
to modulate iron metabolism and counteract ferroptosis,
thereby influencing disease progression. Further research
into the mechanisms by which exosome-derived IncRNA
regulate ferroptosis will contribute to the development of
new treatment strategies and offer fresh perspectives for the
therapy of related diseases.

In summary, ferroptosis-related IncRNA mediates the
occurrence of ferroptosis in tumor cells through multiple
pathways, including iron ion pathways, lipid peroxidation
pathways, and the system Xc -GSH-GPX4 pathway. These
pathways interact to coordinate the cellular responses to
oxidative stress and lipid peroxidation, ultimately affecting the
induction of ferroptosis.

The Role of Ferroptosis and related IncRNAs
in tumor progress

Hepatocellular carcinoma

Hepatocellular carcinoma (HCC) is the sixth most common
cancer globally and the third leading cause of cancer-related
deaths[39]. However, only a small number of HCC patients are
diagnosed at an early stage, thus missing the optimal timing
for surgical intervention[40]. Research has demonstrated that
ferroptosis induction as a promising strategy, where multiple
IncRNAs exhibit differential regulatory mechanisms through
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Table.1 The role of ferroptosis and related IncRNAs in tumor

Associated Drugs/Small
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Figure.1 The main mechanisms involved in ferroptosis-related IncRNAs
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distinct molecular pathways[21],[41]. The current research
reveals three predominant levels by which IncRNAs modulate
ferroptosis in HCC:

Antioxidant Pathway Regulation

LncRNA and miRNA can regulate the occurrence of ferroptosis
in HCC through the competing endogenous RNA (ceRNA)
mechanism[42, 43]. For instance, the IncRNA KRAL enhances
the expression of Keap1 when bound to miR-141, leading to
the inactivation of the Nrf2-dependent antioxidant pathway[44].
Nrf2 is an important antioxidant factor during oxidative stress
responses and is regulated by Keap1 (Kelch ECH associating
protein 1)[45]. Sun et al. found that knocking out Nrf2-related
genes induces ferroptosis in cells, inhibiting the proliferation of
HCC cells[46]. In the cytoplasm, Nrf2 regulates the expression
and generation of intracellular antioxidant proteins[47]and
ROS[48] by binding to antioxidant response elements (ARE).

Lipid bilayer

Additionally, ferroptosis-related IncRNA can directly regulate
the expression of ROS in tumor cells, thereby mediating lipid
peroxidation. For example, IncRNA GABPB1-AS1 directly
downregulates PRDX5 to induce ROS accumulation, bypassing
miRNA-mediated regulation. This mechanism delivers rapid
oxidative damage but lacks tissue specificity, risking systemic
oxidative stress[49].

System Xc - -GPX4 Regulation

For instance, when IncRNA PVT1 specifically binds to miR-214-
3p, it reduces miR-214-3p inhibitory effect on GPX4, leading to
an increase in GPX4 expression and promoting ferroptosis in
liver cancer cells. Conversely, inhibiting miR-214-3p expression
or overexpressing GPX4 can reverse ferroptosis[50]. Moreover,
Kang et al. [51] found that IncRNA LINC0O1134 can promote
ferroptosis by affecting GPX4 expression . The nuclear-
enriched abundant transcript 1 (NEAT1) interacts with miR-
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362-3P through the ceRNA mechanism. promoting the
expression of MIOX. Then, MIOX increases the production of
NADPH and GSH. accelerating the occurrence of ferroptosis in
HCC[52].

Reprogramming of Drug Sensitivity

These ferroptosis-related IncRNAs may interact with
chemotherapeutic agents or ferroptosis inducers, offering
novel strategies to overcome treatment resistance in HCC.
KRAL synergizes with 5-fluorouracil (5-FU) by activating the
Nrf2-mediated antioxidant pathway. PVT1 can suppress
the induction of ferroptosis in HCC by ketamine, resulting
in drug resistance. LINC01134 specifically enhancing the
sensitivity of liver cancer patients to oxaliplatin treatment.
NEAT1 significantly increasing the efficacy of small-molecule
drugs like Erastin and RSL3 in inducing ferroptosis. Cross-talk
between IncRNAs (e.g., NEAT1 and LINC01134 co-targeting
GPX4) may produce synergistic or antagonistic effects,
necessitating systems biology approaches to construct
regulatory network models.

These studies indicate that IncRNA holds great promise as a
target for inducing ferroptosis in the therapeutic treatment of
HCC. Collectively, ferroptosis-related IncRNAs redefine HCC
treatment paradigms by targeting redox homeostasis and drug-
response pathways, offering novel strategies to counteract
therapeutic resistance.The current research is mainly based
on in vitro cell models and in vivo animal models, which may
not fully reflect the complex tumor microenvironment and
heterogeneity in human patients. Future research should focus
on validating the findings in larger clinical cohorts to better
understand the translational potential of ferroptosis-related
IncRNAs in HCC.

Lung cancer

Lung cancer is the second most common cancer worldwide
and is also one of the leading causes of cancer-related
deaths[39]. Current treatment options for Non-small cell
lung cancer (NSCLC) include chemotherapy, radiotherapy,
surgical treatment, and biological therapy[53]. Over the
past two decades, most patients with advanced NSCLC
develop resistance to treatment, leading to further disease
progression[54]. Therefore, there is an urgent need to study
personalized treatment regimens for lung cancer, particularly
for NSCLC, and to develop rational and effective combination
therapies[43, 55]. Crucially, IncRNAs are emerging as
key regulators of ferroptosis in NSCLC, primarily through
their interaction with the p53 pathway and downstream
metabolic networks. Below, we synthesize current findings
by categorizing ferroptosis-related IncRNAs based on their
functional mechanisms and clinical implications.

p53-Dependent Regulatory Axis

P53 gene, known as the "guardian of the genome", regulates
cell survival and division under various stress conditions.
Furthermore, p53 can induce ferroptosis in lung cancer by
inhibiting SLC7A11[56]. Studies have found that IncRNA
P53RRA promotes ferroptosis in lung cancer by binding to
G3BP1 and enhancing p53 nuclear retention[57]. Additionally,
the related genes were act in a negative regulatory manner
with respect to p53[58]. For example, MEG3 can promote the
expression of p53, thereby inhibiting NSCLC proliferation[59].
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The combined use of IncRNA MEG3 and paclitaxel (PTX)
significantly enhances the ability of PTX to kill tumor cells[60].
Additionnally, p53 may enhance the expression of lymphoid-
specific helicase (LSH), which promotes ELAV-like RNA binding
protein 1 (ELAVL1) expression and facilitates the interaction
between LINC00336 and miR6852, ultimately activating
cystathionine B-synthase (CBS), a marker of downstream
ferroptosis-related pathways[61].

p53-Independent Pathways

Certain IncRNAs bypass p53 to directly regulate ferroptosis
effectors. Recently, Wu[62]conducted a more in-depth study
on the mechanisms of ferroptosis-related IncRNA in NSCLC.
They discovered that silencing IncRNA NEATT1, in conjunction
with Erastin treatment, significantly reduced the expression
of acyl-CoA synthetase long chain family member 4 (ACSL4),
SLC7A11, and GPX4, thereby increasing tumor cell sensitivity
to ferroptosis.

In summary, research on ferroptosis-related IncRNAs reveals
that the p53 gene participates in regulating ferroptosis in lung
cancer cells through multiple pathways. p53 mediates the
occurrence of ferroptosis through the system Xc -GSH-GPX4
pathway, inhibiting the transcription of the SLC7A11 gene in
the nucleus to reduce cystine uptake and thereby limiting
intracellular glutathione production, ultimately leading to
ferroptosis in NSCLC. However, the clinical sample sizes in
these studies are often small, which restricts the statistical
power and the ability to draw definitive conclusions. Larger,
well-powered clinical trials are needed to validate these
findings and to better understand the clinical relevance of
IncRNA-mediated ferroptosis in NSCLC.

Gastric and Esophageal Cancers

Gastric cancer (GC) and esophageal cancer (EC) are major
contributors to digestive system malignancies, characterized
by high heterogeneity and limited therapeutic options[39].
Recent studies increasingly indicate that ferroptosis and
IncRNAs play crucial roles in the regulation of gastric and
esophageal cancers. Thus, it is essential to develop new
therapeutic strategies based on ferroptosis-related IncRNAs
for these malignancies.

Lipid Metabolism Regulation

Exosomes are pivotal in the initiation and progression of
gastric cancer[63]. Zhang et al. [64]discovered that the
chemotherapy-induced ferroptosis-related exosomal IncRNA
FERO regulates ferroptosis in gastric cancer stem cells.
Chemotherapy (cisplatin/paclitaxel) upregulates FERO via
USP7, which recruits hnRNPA1 to stabilize SCDT mRNA. SCD1
catalyzes MUFA synthesis, reducing lipid peroxidation and
suppressing ferroptosis in GC stem cells[65]. In esophageal
cancer research, Ren et al.[66] developed a system using
ferroptosis and iron metabolism-related IncRNAs to predict
survival in esophageal squamous cell carcinoma, emphasizing
their relationship with the tumor development. In addition,
InNcRNA ARHGEF26-AS1 has been found to activate the
expression of receptor ADAM23 by adsorbing miR-372-
3p[67]. When both IncRNA ARHGEF26-AS1 and ADAM23 are
underexpressed, the prognosis for esophageal cancer patients
is generally poor. ADAM23 inhibits the protein levels of GPX4,
SLC3A2, and SLC7A11, thereby promoting ferroptosis in



esophageal cancer cells. Both in vivo and in vitro experiments
demonstrate that overexpression of IncRNA ARHGEF26-AS1
and ADAM23 significantly suppresses tumor cell growth and
metastasis.

Ubiquitination Regulation

Ubiquitination is involved in the regulation of ferroptosis in
gastric cancer cells through epigenetic mechanisms[28].
Hypoxia-induced IncRNA CBSLR recruits YTHDF2 to the m6A-
modified coding sequence of CBS mRNA, thereby inhibiting
the transcription of CBS mRNA. The reduced expression level
of CBS leads to a decrease in ACSL4 protein methylation,
which in turn induces polyubiquitination and degradation of
the corresponding protein, thus triggering ferroptosis GC[68,
69]. Moreover, IncRNA BDNF-AS activates the ubiquitination
of downstream VDAC3 via the BDNF-AS/WDR5/FBXW?7 axis,
influencing ferroptosis in GC[70]. VDAC3, a key gene for ion
transport across mitochondria, is typically overexpressed in
malignant tumors and serves as a target site for Erastin[71].
Clinically, enhancing the efficacy of anticancer drugs while
promoting cellular ferroptosis may be achieved by upregulating
VDACS3 expression through the BDNF-AS axis.

Research on ferroptosis-related IncRNAs provides insights
into the mechanisms mediating ferroptosis from multiple
perspectives, including exosomesand ubiquitination. This
addresses the current limitations in ferroptosis treatment
carriers[72]. Tumor-derived ferroptosis exosomal IncRNAs
can communicate signals related to drug resistance and
angiogenesis to neighboring cells, thereby promoting the
proliferation of gastric cancer cells. Therefore, targeted therapy
against IncRNA FERO in gastric cancer exosomes presents a
promising exosome-based treatment strategy. Such studies
hold promise for advancing clinical diagnosis and prognosis in
digestive system tumors, potentially leading to more effective
targeted therapies for these cancers.

Prostate and Bladder Cancers

Prostate cancer (PCa) and bladder cancer (BCa), the most
prevalent malignancies in the urinary system, collectively
account for significant global cancer burden[73]. Both
cancers share critical clinical challenges including insufficient
diagnostic biomarkers and therapeutic targets, highlighting
the importance of investigating ferroptosis-related IncRNAs
as potential therapeutic avenues[74-76]. This section
integrates the roles played by IncRNA within the following two
frameworks, emphasizing their clinical significance.

System Xc - -GPX4 Regulation

Emerging evidence reveals INncRNAs modulate System
Xc -GPX4 pathway through distinct mechanisms in urinary
cancers. For instant, IncRNA OIP5-AS1 exhibits dual regulatory
roles. First, OIP5-AS1 acts as a ceRNA by sequestering miR-
128-3p, thereby upregulating SLC7A11 expression and
suppressing ferroptosis. On the contrary, it can directly binds
cadmium to downregulate SLC7A11, promoting cadmium-
induced ferroptosis[77]. In addition, IncRNA UCA1 upregulates
mitochondrial glutaminase 2 (GLS2) by sponging miR-16,
driving glutamine metabolic reprogramming[78]. GLS2-
mediated glutamine-to-glutamate conversion fuels system xc-
dependent cystine uptake and GSH synthesis, thereby
suppressing lipid ROS toxicity[79]. Enhanced GSH sustains
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GPX4 activity to antagonize ferroptosis, while concurrently
mitigating oxidative damage to promote bladder cancer
survival[80].

Iron Metabolism Regulation

LncRNA RP11-89 orchestrates ferroptosis resistance by
rewiring iron homeostasis through exosome-mediated iron
effluxin in bladder cancer[81]. RP11-89 functions as a ceRNA
to sequester miR-129-5p, derepressing PROM2 expression.
PROMZ2 encodes prominin2, a key driver of multivesicular body
(MVB) biogenesis. Prominin2 facilitates the packaging of
ferritin-bound iron into MVBs, which are subsequently secreted
as exosomes, effectively depleting intracellular LIP and
suppressing Fenton reaction-driven lipid peroxidation[82].

In conclusion, it is evident that IncRNAs primarily modulate
System Xc -GPX4 and iron metabolism within the urinary
system, thereby mediating the onset of ferroptosis. Future
targeted use of MVB and other novel carriers has the potential
to considerably enhance the delivery of drugs or IncRNAs to
target cells, thereby improving therapeutic outcomes. These
carriers can surmount limitations associated with conventional
drug delivery methods, such as poor drug solubility and
stability. Targeting these pathways more specifically could
augment the efficiency of ferroptosis in clinical applications.

Conclusion and Future Perspectives

Ferroptosis is a novel form of regulated cell death that is
distinct from other forms such as autophagy and pyroptosis.
Ferroptosis not only contributes to tumor cell death but is also
linked to aging[83, 84] and immunity[85, 86], providing new
ideas and strategies for cancer immunotherapy and treatment.
The relationship between ferroptosis and cancer therapy has a
double-edged sword effect; however, our understanding of the
relationship between IncRNA and ferroptosis remains limited.
At present, the development of more precise animal models,
such as patient-derived xenografts (PDX), will provide a better
platform for studying ferroptosis and IncRNA responsiveness.
Furthermore, integrating omics-based profiling, liquid biopsies,
and machine learning models will be essential for overcoming
challenges in ferroptosis research. Additionally, when
combined with appropriate clinical chemotherapy agents,
ferroptosis-related IncRNA can have a greater impact on
cancer therapy, but the mechanisms involved and their clinical
safety require further investigation.

Currently, some targeted drugs for caner, such as sorafenib,
are widely used in the treatment of advanced HCC patients[87].
However, their effectiveness remains limited, while they can
extend the overall survival of patients to some degree, many
HCC patients have shown poor responses to sorafenib
treatment and are prone to developing drug resistance[88, 89].
On one hand, the use of sorafenib can result in significant side
effects, burdening patients. On the other hand, its targeting
mechanism for HCC is relatively singular, primarily functioning
through the inhibition of tumor angiogenesis and targeting the
Raf/MEK/ERK pathway, leading to limitations in targeted
therapy. The related ferroptosis IncRNAs mainly induces
ferroptosis in HCC by regulating GPX4, increasing lipid
peroxidation and influencing the expression of other
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downstream ferroptosis-related iron metabolism genes.
Moreover, they can significantly enhance tumor cells sensitivity
to related small molecules, such as Erastin and commonly
used clinical liver cancer drugs like sorafenib. Erastin
specifically induces ferroptosis by inhibiting the system Xc
-GSH-GPX4 pathway, increasing the feasibility of tumor-
targeted therapies through combination with anticancer drugs.
Although IncRNAs show promise in inducing ferroptosis, their
clinical use has limitations: Firstly, the instability of IncRNAs
can lead to low delivery efficiency, which is a major obstacle to
their clinical use. Developing effective delivery systems (such
as nanoparticles or inclusion bodies) is crucial for enhancing
the stability and bioavailability of IncRNAs. Secondly,
determining the optimal doses of IncRNA - based therapies
and ferroptosis inducers is essential for maximizing
therapeutic effects while minimizing side effects. This requires
careful preclinical and clinical studies to establish dose -
response relationships and identify the most effective
combinations. Lastly, patients with different types of tumors
may exhibit significant individual differences in their responses
to combination therapies. Factors such as genetic background,
tumor microenvironment, and previous treatment history may
affect the effectiveness of different IncRNAs in mediating
ferroptosis in different tumors. In conclusion, although the
combination of IncRNA - mediated ferroptosis induction and
traditional cancer therapies shows great potential, further
research and development are needed to address clinical
challenges and optimize treatment strategies. Future research
should focus on improving the stability and delivery efficiency
of IncRNAs, determining the optimal drug doses,
understanding individual differences in treatment responses,
and developing effective strategies to deal with potential
adverse reactions.

Current research on IncRNAs mediating tumor ferroptosis
remains limited, with their functional roles and mechanistic
underpinnings incompletely characterized. In this review, we
systematically analyze ferroptosis-associated INcRNAs across
six malignancies spanning four biological systems, including
hepatocellular carcinoma in the digestive system, and
prostate/bladder cancers in the genitourinary system. We
found that the mechanisms involved in ferroptosis vary across
different tumors, but the core pathways are consistently
centered around iron metabolism, lipid peroxidation, and the
system Xc™ - GPX4 pathway. Research on IncRNA - mediated
ferroptosis in other types of tumors is also on the rise. In the
future, the relationship between the two will be further
supplemented, providing more help for clinical cancer
treatment.
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Abstract

The advancement of technology has heightened concerns regarding the potential health effects of electromagnetic radiation (EMR) exposure on
future generations. This review aims to synthesize current research on the health impacts of parental EMR exposure on offspring, focusing on
underlying biological mechanisms and providing scientific evidence to support preventive health recommendations. Studies suggest parental
EMR exposure may detrimentally impact offspring's neurological and reproductive systems. Numerous animal experiments and epidemiological
studies indicate associations between EMR exposure and adverse outcomes, such as fetal dysplasia, cognitive impairment, and reproductive
damage. This review further examines possible mechanisms, such as oxidative stress, apoptosis, and DNA damage. Investigating the health
effects of EMR on offspring is crucial for developing preventive measures and intervention strategies to reduce congenital disabilities and
enhance reproductive health. Given the methodological inconsistencies and variable results in existing studies, future research should focus on
refining experimental designs to assess the long-term impacts of different EMR frequencies and intensities on developing individuals, thereby
clarifying their public health implications. This review seeks to consolidate findings on the effects of parental EMR exposure on offspring health,
elucidate underlying mechanisms, and provide evidence-based recommendations to support public health interventions for future generations.

Keywords: Electromagnetic radiation; Offspring; Nerve; Reproductive system

Introduction

With technological advancements, the application of
electromagnetic radiation in high-tech fields such as 5G
networks and satellite communication is continuously
expanding. This phenomenon has raised concerns about EMF
(Electromagnetic Fields) exposure among the public.

Electromagnetic radiation is produced by the interaction of
varying electric and magnetic fields, transmitting energy
through space in waveform. Common examples include radio
waves and microwaves, both of which are integral to daily life
and technological applications. Electromagnetic radiation is
broadly classified into radio frequency (RF) radiation (3 MHz
to 300 GHz) and extremely low frequency (ELF) radiation (3
to 300 Hz), based on the frequency of the waves. The power
density of electromagnetic radiation represents the amount
of energy at a specific location, typically measured as power
per unit area. This metric[1], expressed in watts per square
meter (W/m?), is used to quantify the strength or intensity of
electromagnetic radiation. The unit of Specific Absorption
Rate (SAR)[2] is watts per kilogram (W/kg), representing the
electromagnetic radiation power absorbed by biological tissue

per unit mass. SAR is commonly used to assess whether
devices comply with international safety standards, with an
average limit of 2.0 W/kg.

To assess the potential health impacts of long-term exposure
to electromagnetic radiation in various populations, the World
Health Organization (WHO) convened 300 experts[3], who
identified six priority areas of concern: cancer, heat-related
effects, adverse reproductive outcomes, electromagnetic
hypersensitivity, cognitive impairment, and oxidative stress.
Adverse reproductive outcomes are considered one of the
most critical factors influencing human development. During
the embryonic development phase, embryos are highly
susceptible to environmental influences. Electromagnetic
waves can affect the developing embryo, potentially impacting
fetal health. Studies have shown[4] that parental environmental
exposure is one of the primary factors leading to congenital
diseases in children. This review focuses on the health impacts
of maternal and paternal electromagnetic radiation (EMR)
exposure on offspring, with particular emphasis on underlying
biological mechanisms and intergenerational effects. While
maternal EMR exposure has been extensively investigated
in fetal development research, paternal exposure remains
significantly understudied. This asymmetry in scientific
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attention underscores a critical research gap: the lack of
systematic comparisons between maternal and paternal EMR
exposure in terms of biological mechanisms, critical sensitive
windows, and long-term health outcomes. The present review
aims to synthesize findings from epidemiological studies and
animal experiments to compare the similarities and differences
between maternal and paternal EMR exposure in mechanisms
of action, critical exposure windows, and health consequences.
Through systematic synthesis and comprehensive analysis,
this study seeks to provide a scientific foundation for a holistic
understanding of the potential risks posed by parental EMR
exposure to offspring health, while offering insights to guide
future research directions and inform public health intervention
strategies.

Methods

Search strategy

We developed this systematic review according to the
Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) recommendations. The search was
performed using three different databases: PubMed, Google
Scholar and Web of Science. To identify the publications
eligible for inclusion we used the keywords “Electromagnetic
radiation”; “Offspring”; “Nerve”; “Reproductive system” in the
following search query: ((“electromagnetic radiation” AND
“offspring” AND “parents”) AND “health”).Moreover, to limit
the results, we applied the following research filters: articles
published from 1 January 1990 to 1 August 2024, exclusion of
animal studies and inclusion of publications in English only. As
shown in Figure 1, an initial screening identified 70 candidate
articles. After eliminating duplications, the initial screening of
the studies was performed using information available in both
the titles and the abstracts and 63 potentially relevant articles
were retrieved in full text and assessed for eligibility according
to the following inclusion criteria:

—Inclusion of both human and anima as study subject, with
inclusion of offspring;

—Assessment of EMF exposure in parents;

—Inclusion of offspring health risks(For example, reproductive
system damage, neurological damage, etc.)

The publications were included in the analysis only if they
met all the eligibility criteria. Through the reading of the
references of the included studies, after a full assessment of
the potentially relevant studies, 45 articles met the eligibility
criteria and were

included in the systematic review.

Data extraction

During the analysis of the methodology and the results
from the different studies, the authors noticed how these
had been expressed either in a non-homogeneous or in a
non-standardized manner. Therefore, the 45 articles in this
systematic review were: 10 epidemiological studies, 35 animal
experimentation. Relevant data were extracted, including
exposure time, source of exposure, frequency,average
power density, SAR, intergenerationally inherited phenotype
,mechanism.

70

Figure 1. PRISMA flow diagram.
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Methodological limitations

Given the substantial heterogeneity in animal study designs
(e.g., species, exposure models, frequencies, and endpoints),
we did not apply a single standardized risk of bias tool
across all included studies. Instead, we evaluated study
quality narratively, emphasizing reproducibility, exposure
characterization, and biological plausibility of outcomes.
Studies lacking basic methodological information (e.g.,
exposure parameters or offspring outcome data) were
excluded to maintain baseline quality control.

Results and Discussion

Neurobehavioral development in offspring

Parental prenatal exposure to environmental EMF influences
early embryonic neurological development, resulting in
potential adverse effects on fetal growth and maturation. The
brain, being one of the most sensitive organs to EMF exposure,
may experience various types of neurological damage [5],
including neurological lesions, brain tumor formation, and
cognitive and mood abnormalities. These adverse effects of
electromagnetic radiation on the embryonic nervous system
may potentially persist into postnatal life and adulthood. Some
of these changes and the regulatory mechanisms involved are
summarized in Table 1.

1) Abnormalities in nervous system development

Abnormal neurological development refers to deviations in
the structural and functional formation of brain tissue during
the embryonic stage. The development of the nervous system
is a complex and highly coordinated process. Considering
this complexity, numerous studies have focused on the



potential effects of electromagnetic radiation exposure during
critical developmental windows. Studies have investigated
the effects of different durations of exposure to 900 MHz
radiofrequency radiation during gestation, ranging from one
hour to six hours per day. Ayse Ikinci Keles et al. [6, 7] found
that exposure for one hour per day adversely impacted the
morphological integrity of the spine and vertebrae in the
offspring. Ersan Odaci et al.[8] found that the development
of granule cells within the dentate gyrus of the hippocampus
in rats was significantly affected by 900 MHz exposure. Aysu
Kilic et al. [9] found that exposing both male and female rats
to 900 MHz throughout the entire gestation period activated
the brain renin-angiotensin system in the offspring, potentially
leading to neuroinflammation and increased oxidative stress.
Additionally, Haghani et al. [10] exposed pregnant rats to
900 MHz electromagnetic radiation for 6 hours per day,
resulting in significant alterations in the electrophysiological
properties of Purkinje neurons in the offspring. Several studies
have explored the potential link between electromagnetic
field (EMF) exposure and neurological disorders. The mixed
results from these studies highlight the complexity of the
relationship between EMF exposure and nervous system
development. While some studies indicate a potential risk,
such as the association with meningiomas and central
nervous system disorders, other studies fail to find significant
evidence, suggesting that further research with more refined
methodologies is needed to clarify these findings.

2) Neurological lesions

Electromagnetic fields (EMFs) can cause neurodegenerative
syndromes and, in severe cases, may lead to diseases such
as Parkinson's disease and Alzheimer's disease [11]. An
epidemiological study conducted in Norway used data from
1967 to 1995. The study investigated the exposure of parents
of 1.2 million newborns to electromagnetic fields. It found
an association between potential central nervous system
disorders and parental exposure to a 50 Hz magnetic field.
[12]. A case-control study conducted in southwest France
between May 1999 and April 2001 found that occupational or
residential exposure to extremely low-frequency (ELF) EMFs
may be associated with an increased risk of meningiomas[13].
However, a study by A.J. De Roos et al. [14] found no
statistically significant association between the incidence
of neuroblastoma in 538 children diagnosed in the USA or
Canada between 1992 and 1994 and parental exposure to very
low-frequency EMFs. A potential reason for these differing
results could be the varying timing of exposure during critical
periods of neurodevelopment. For example, prenatal exposure
to electromagnetic fields may have a greater impact on fetal
brain development, potentially leading to meningiomas or
central nervous system disorders. In contrast, the relationship
between electromagnetic fields and childhood neuroblastoma
appears less clear, suggesting that certain types of EMF
exposure may have a more limited effect on the development
of specific childhood cancers.

3) Neurocognitive disorder

Cognitive impairment refers to a pathological condition
characterized by abnormalities in the higher cognitive
functions of the brain, such as learning, memory, thinking, and
judgment, ultimately leading to cognitive decline. Indicators

https://doi.org/10.71321/24d64c27

of cognitive impairment include reduced learning ability,
diminished spatial memory, and inattention. For instance, a
study by Moazamehosadat et al. [15] found that daily exposure
of pregnant rats to 900 MHz radiofrequency radiation from
mobile phones impaired cognitive performance in their female
offspring. Yanchun Zhang et al. [16] exposed rats to high-
frequency microwaves at 9.417 GHz, which are commonly
used in certain industrial and communication devices,
throughout gestation, resulting in gender-dependent learning
and memory deficits, with males exhibiting more pronounced
impairments compared to females.

An epidemiological study [17] utilizing data from 83,884
mother-child pairs across five countries provided a large-
scale assessment of the potential effects of maternal mobile
phone use during pregnancy, suggesting an association
with an increased risk of behavioral problems in offspring,
particularly hyperactivity/inattention problems. However,
another experiment [18]exposed pregnant rats to 7.5 KHz
electromagnetic radiation and did not observe significant
impairments in cognitive function in the offspring. These
discrepancies in findings may be attributed to differences in
exposure parameters (e.g., frequency, power density), exposure
duration, and species-specific responses, highlighting the
complexity of assessing the effects of electromagnetic fields
on neurodevelopment.

One possible explanation for the varying results could be
differences in exposure parameters, such as frequency, power
density, and duration, which may significantly influence the
extent and nature of cognitive impairment. For example, high-
frequency EMF exposure (e.g., 9.417 GHz) may have a more
pronounced effect on brain development than low-frequency
exposure (7.5 kHz), as higher frequencies penetrate tissues
more effectively and may induce stronger biological effects.
Furthermore, species-specific responses could contribute
to some of the discrepancies observed, as different animal
models may exhibit varying reactions to EMF exposure due
to inherent differences in brain structure and metabolism.
Gender differences in susceptibility might also be a factor;
as demonstrated by Zhang et al. [16], males exhibited more
severe cognitive deficits than females, suggesting that
hormonal or developmental differences could influence the
response to EMFs.

4) Emotional disturbance

Regarding emotional disturbances, Burcu Acikgoz et al. [19]
found that exposing pregnant rats to EMF was associated
with increased anxiety-like behaviors in the offspring. Similarly,
Yanchun Zhang et al. [16] demonstrated that exposure to
9.417 GHz during pregnancy was associated with heightened
anxiety and reduced depressive-like behaviors in the offspring.
Although these findings indicate possible links between
EMF exposure and mood disturbances, relatively few studies
have comprehensively explored mood disorders in offspring.
Exposure to electromagnetic fields during pregnancy may
interfere with maternal and fetal hormonal regulation,
particularly hormones such as cortisol, oxytocin, and
estrogen, which are involved in stress response and emotional
processing. This disruption could contribute to emotional and
behavioral problems in the offspring.
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Table 1. The impact of parental electromagnetic radiation exposure on neurobehavioral development in offspring

Exposed Exposure Time/source of Average Power Intergenerationally Main
Object exposure ey Density Al Inherited Phenotype Mechanism R
Exposure period: GD13.5- Patholodical chandes
pregnant rat delivery Duration of 900MHz / / ! gic: g epigenetic  [6]
. in the spinal cord
exposure: Th/day
Exposure period: GD23-PND activation of the brain .
regnant rat 40 900MHz / / renin-angiotensin oxidative [9]
preg Duration of exposure: Th/ g stress
day system
Exposure period: 13 to
21 days before delivery Pathologic changes
pregnant rat Duration of exposure: 1h/ 900MHz / / in the vertebrae / [7]
day
Exposure period: the entire dev?etl)gorrnrr;ilt of Impaired
pregnant rat pregnancy Duration of 900MHz 1£0.4W/cm2 2W/kg . P pal [8]
. hippocampal dentate  cytokines
exposure: Th/day
gyrus granule cells
Exposure period: the entire 0.5-0.9 W/ electro rtwhgiolo ical
pregnantrat  pregnancy Duration of 900MHz / B Phy gica / [10]
: kg properties of Purkinje
exposure: 6h/day
neurons are altered
pregnant rat Exposure period: the entire 900MHz / 0.3-0.9 W/ declinein qogmtlve / [15]
pregnancy kg function
there are sex
Exposure period: GD3.5- differences in
pregnant rat GD18 Duration of exposure:  9.417GHz 1.93W/cm2 2W/kg emotional disorders / [16]
12h/day and cognitive
function
Exposure period: the entire
pregnant rat pregnancy Duration of 7-5 kkz MF / / no effect / [18]
. (12 0r 120 pT)
exposure: 24h/day
human Exposure period: cause central
) : 50 Hz / / nervous system / [12]
parents occupational exposure . ; .
diseases in offspring
human Exposure period: cause meningioma
occupational exposure & ELF / / ) '9 / [13]
parents - . in offspring
residential exposure
pregnant Exposure period: the entire radiofrequency may cause behavioral
human P rz nanc radiation from / / disorders, particularly / [17]
mother preg y mobile phones ADHD/inattention
There is no evidence
that parental
extremely low- .
. electromagnetic
human Exposure period: frequency
; L / / spectrum / [14]
parents occupational exposure  magnetic fields
exposure causes
(>0.4 uT)

neuroblastoma in
offspring
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Reproductive system damage in offspring.

Due to the unique structure and function of the reproductive
system, it is particularly vulnerable to environmental factors,
including electromagnetic fields (EMF); therefore, parental
exposure to EMF may negatively impact reproductive health
and fertility by interfering with hormonal balance and gamete
production [20]. Moreover, EMF exposure may affect not only
the reproductive health of individuals but also the health of
their offspring through genetic and epigenetic alterations.
Table 2 summarizes some of these changes and the possible
regulatory mechanisms involved.

1) Male reproductive system damage

Nevin Ersoy et al. [21] found that prenatal and postnatal
exposure to 50-Hz, 3-mT EMF resulted in increased apoptosis
and structural alterations in the testes of the offspring.
Similarly, Alper Ozorak et al. [22] exposed 32 pregnant mice
to three frequencies—2.45 GHz, 900 MHz, and 1,800 MHz—
and found that their offspring showed increased oxidative
stress in testicular tissue and exhibited signs of precocious
puberty, as indicated by accelerated sexual maturation.
In contrast, Song Yan et al. [23] exposed male mice to 2.0
GHz RF EMR and did not observe any significant damage to
the testicular structure or changes in sperm quality in the
offspring. However, exposure of pregnant rats to 2.45 GHz
RF EMR was reported [24] to have deleterious effects on
postnatal testicular development, including impaired germ
cell differentiation and disrupted spermatogenic process,
which in turn impaired the spermatogenic cycle and male
reproductive function. The studies reviewed demonstrate a
range of effects of electromagnetic field (EMF) exposure on
male reproductive health, particularly with respect to testicular
function and spermatogenesis in offspring. While some
studies report significant damage, others find no observable
harm, suggesting that the outcomes may be influenced by
several factors, including variations in experimental design,
species-specific responses, and differences in the timing and
duration of exposure.

2) Female Reproductive System Injury

B. M. Ryan et al.[25] exposed FO generation rats to
electromagnetic fields (EMF) at 60 Hz for 17 weeks and
found that parameters related to fertility, including litter size,
gestational latency, and sex ratio, were not impaired in the FO,
F1, and F2 generations. Acikgoz Burcu et al. [26] exposed rats
to 50 Hz, 3 mT EMF both prenatally and postnatally, which
was associated with impaired ovarian structure and function
in female offspring, potentially through increased iNOS levels.
According to report[27], simultaneous whole-body exposure of
pregnant rats to eight different communication signal EMFs,
with frequencies ranging from 800 MHz to 5.2 GHz, did not
result in any adverse effects on pregnancy or developmental
outcomes in the F1 and F2 generations. Satoru Takahashi
et al. [28] found that whole-body exposure to 2.14 GHz RF-
EMR for 20 hours per day during gestation and lactation did
not result in adverse effects on fertility, embryotoxicity, or
teratogenicity in the F1 and F2 generations.A critical factor
influencing the observed variability in outcomes is the timing
of exposure. Studies that exposed rats to EMFs during specific
developmental windows, such as gestation and early postnatal
stages, may have led to more pronounced effects, particularly
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on the female reproductive system, as evidenced by Acikgoz
Burcu et al. [26]. During these sensitive periods, hormonal and
cellular processes essential for organ development, including
those of the ovaries, may be more susceptible to disruption,
which could explain the ovarian dysfunction observed in
female offspring.

3) Damage to the human reproductive system

In recent years, environmental factors are increasingly
recognized as having a significant detrimental impact on the
reproductive health of human offspring. It has been reported
[29] that occupational exposure to electromagnetic fields
(EMFs) from sources such as high-frequency antennas,
communication equipment, substations, and radiolocation
stations can alter the sex ratio of offspring, characterized
by a decreased proportion of male infants and an increased
proportion of female infants. N. Mageroy et al. [30] analyzed
data from a cross-sectional study of 2,265 current employees
of the Norwegian Navy. They found an increased risk of
congenital anomalies and stillbirths among crew members
serving on the KNM Kvikk following the installation of a 750
W high-frequency transmitter. Valborg Baste and colleagues
conducted a cohort study [31] using data from the Norwegian
Medical Birth Registry (singleton births, n = 37,920). The
study found that acute paternal exposure to electromagnetic
radiation was associated with an increased risk of perinatal
death and pregnancies complicated by preeclampsia. Similarly,
Valborg Baste [32] found that paternal exposure to mobile
phone radiation during the six months prior to conception
was associated with an increased risk of perinatal mortality,
potentially due to alterations in sperm DNA integrity. A study
[33] examined 53 workers who were occupationally exposed to
electrical fields at a 400 kV substation for more than five years.
The findings indicated that the workers had a relatively lower
number of offspring compared to general population data,
with a decreased proportion of male offspring. The evidence
suggests that electromagnetic field (EMF) exposure may have
significant implications for reproductive health, particularly
concerning male fertility and paternal effects on pregnancy
outcomes. Notably, alterations in sex ratios and an increased
incidence of perinatal complications associated with paternal
EMF exposure raise concerns about the broader environmental
impact on human reproduction. Given the growing prevalence
of EMF exposure in contemporary society, it is imperative to
investigate the underlying mechanisms that mediate these
associations and to develop preventive strategies aimed at
mitigating potential risks to future generations.

Damage to other system functions in offspring

The effects of electromagnetic fields (EMFs) on human health
are not limited to the reproductive and nervous systems but
may also extend to other vital organs, including the liver, heart,
and kidneys (Table 3). For example, exposing pregnant rats to
900 MHz EMF for one hour per day resulted in oxidative stress
and histopathological alterations in the liver of the offspring
postnatally [34]. In addition to its effects on the liver, prolonged
prenatal exposure of rats to high-frequency EMFs (900, 1800,
and 2100 MHz) was associated with significant alterations
in myocardial tissue structure and function [35]. A study [36]
also investigated the effects of mobile phone (900-1800 MHz)
induced electromagnetic radiation on the redox state of the
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Table 2. The impact of parental electromagnetic radiation exposure on the reproductive system of offspring

. Intergenerationally
Expgsed SIS MRS Frequency AR Eower SAR Inherited Mechanism  Ref
Object of exposure Density
Phenotype
Exposure period:
the entire E)regnancy Testicular
. 50 Hz structural changes . .
pregnant rat PND 24/48 Durgtlon of (3-mT) / / and germ cell epigenetic  [21]
exposure: apoptosis
4h/day P :
5day/week
Female rat:
Exposure period: 0.066-0.093
pregnant rat GD7-postpartum Wrkg
&offspring Duration of exposure: 2.14GHz / offspring: No effect / [28]
20h/day 0.068-0.146
W/kg
Exposure period: 2.45 GHz,
the entire pregnancy 900 MHz, Precocious
pregnant rat & - 1800 MHz 2 0.18+0.07 puberty and
offspring PND 42 Duration of (single 0.12 W/m W/kg testicular oxidative / [22]
exposure: Th/day radiation damage
5day/week exposure)
Body weight
Exposure period: trajectory
male mice T4week Duratl'on of 2.0 GHz 2 5W/m2 0.125-0.5 and glgcose / [23]
exposure: Wrkg metabolism are
3h/day altered in F1 male
mice
Exposure period:
the entire pregnancy .
pregnant rat & - 50 Hz / / 2\:%”%?]::{;?;? iNOS is [26]
offspring PND 63 Duration of (3mT) . . activated
. impaired
exposure:
4h/day
. 800MHz
Exposure period:
2GHz
DG7
2.4GHz Pregnancy and
pregnant rat & - 2.5GHz / 0.08-0.4W/kg fertility are not / [27]
offspring PND 42 Duration of ’ ’ ’ g ity @
. 5.2GHz impaired
exposure: (mixed
20h/day radiation)
Exposure period: | .
the entire pregnancy Male reproductive
pregnant rat Durati . 2.45GHz / 1.73 W/kg system / [24]
uration of exposure: is impaired
2h/day
high-
- frequency Congenital birth
e ol et e /o e o
P P P magnetic stillbirth
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. devices,
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more than three
months before
pregnancy
radio-
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pregnancy from mobile
phones
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The proportion of

/ male offspring is / [29]
reduced
Increased perinatal
/ mortality rate / [31]
/ Increased perinatal / 32]

mortality rate

heart, liver, kidney, cerebellum, and hippocampus in rats and
their offspring, and they found that exposure to mobile phones
during pregnancy induced oxidative stress in various tissues
of the offspring, including the liver, kidneys, and heart.

Zozan Guleken et al. [37] investigated the long-term effects
of extremely low-frequency magnetic fields (ELF-MF, 50 Hz),
further highlighting the broad impacts of EMF exposure on
biological systems. They showed that long-term EMF exposure
is an environmental factor affecting serum parameters and
may impair the oxidative-antioxidant balance of the organism.
Short-term exposure to Wi-Fi-induced EMR before and after
birth in rats may lead to an imbalance in tooth elemental
composition, specifically affecting calcium and phosphorus
levels, due to oxidative stress [38]. Alper Ozorak et al. [39]
exposed pregnant rats to three different frequencies (2.45
GHz, 900 MHz, and 1,800 MHz) and found that EMR led to
nephrogenic oxidation in the growing offspring. Similarly,
Joseph M. Lary et al. [40] reported that exposure of
pregnant rats to a 27.12-MHz radiofrequency field caused
fetal malformations, such as microphthalmia and brain
enlargement, due to a radiation-induced increase in rectal
temperature of 5°C, which may have contributed to these
malformations.

Laboratories [46] have also used rabbits as research subjects,
briefly exposing them to 1800 MHz radiation without finding
significant pathological changes in the tissues and organs of
the offspring. Furthermore, Mark S. Pearce et al. [41] analyzed
data from the Northern Regional Registry of Malignant
Diseases in the Young (NRYPMDR), comprising 4,723 cases,
and found that occupational exposure to EMFs significantly
increased the risk of developing leukemia, particularly acute
lymphoblastic leukemia (ALL), in the male offspring. Similarly,
Reid [42] found a moderate increase in the risk of acute
lymphoblastic leukemia (ALL) in children whose mothers were
occupationally exposed to extremely low-frequency (ELF)
electromagnetic fields. These findings highlight the wide-
ranging potential health risks associated with electromagnetic
field (EMF) exposure, including organ damage, developmental
malformations, and an elevated risk of cancer. However, the
variability in results across different studies necessitates
further investigation to elucidate the underlying mechanisms,
identify factors that influence susceptibility. A more
comprehensive understanding of these issues is essential for
accurately assessing the public health implications of EMFs in
our increasingly interconnected and technology-driven society.
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Table 3: The impact of parental electromagnetic radiation exposure on other tissues and organs in offspring

Average Intergene-
Expgsed Exposure Time/source of Frequency Power SAR ratlonally Mechanism  Ref
Object exposure - Inherited
Density
Phenotype
Exposure period: Oxidative
IFZ))G13—D%21 ‘ stress and
Pregnant rat . . 900MHz 0.54 W/m2 0.027 W/kg  pathological / [34]
Duration of exposure:
Th/day changes occur
in the liver
Exposure period: 1800,2100,
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Pregnant rat Duration of exposure: (single / 0.12 W/kg, tissue is / [35]
6h/day, 12h/day, radiation 0.17 W/kg damaged
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Pregnant mice  20day Durationof g4 40001, / / stress in / [36]
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(From pregnancy to increases lipid
pregnant rat lactation) 50 Hz (500pT) / / peroxidation / [37]
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Duration of exposure: 9 the teeth
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5day/week exposure) g y
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DG9 10.8 Offspring
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/ No effect / (46]

Increased risk
of leukemia in / [41]
male offspring

Increased
risk of acute
lymphoblastic /
leukemia in
offspring

(42]

Conclusion

In summary, most recent animal studies and clinical evidence
indicate that parental exposure to electromagnetic radiation,
even at low doses, can adversely affect offspring health,
impacting various organs and tissues, including the liver, brain,
and reproductive system. Furthermore, long-term exposure to
high-frequency radiation poses a greater hazard to offspring
due to prenatal exposure compared to short-term exposure.
However, a limited number of studies provide conflicting
evidence, suggesting that under certain conditions, EMR
exposure may not always lead to adverse health outcomes.
These conflicting findings underscore the need for further
well-controlled studies to clarify the conditions under which
electromagnetic radiation might be harmful or benign to
offspring health.

Existing studies on the health impacts of parental exposure
to electromagnetic radiation (EMR) on offspring exhibit
significant discrepancies, with contradictory findings
attributable to the complex interplay of multidimensional
factors. Firstly, inconsistencies in experimental design
parameters represent a core cause. Variations in the selection
of EMR frequency (e.g., 900 MHz vs. 7.5 kHz), intensity
(differences in specific absorption rate (SAR) ranges), and
exposure duration (1 to 24 hours/day) across studies could
result in an undefined threshold for biological effects. High-
frequency radiation, due to its stronger penetration ability, is
more likely to induce oxidative stress or epigenetic alterations,
whereas low-frequency or short-term exposure may obscure
effects through biological adaptive mechanisms. Secondly,
heterogeneity in study subjects and experimental models
limits the comparability of outcomes. Physiological response
differences between rodents and humans, strain-specific
sensitivities in experimental animals (e.g., heightened
hippocampal neuron vulnerability in rats compared to rabbits),
and sex-specific responses (e.g., males being more prone to
cognitive deficits) may all contribute to divergent conclusions.
Thirdly, methodological limitations exacerbate uncertainty
in results. Epidemiological studies relying on retrospective

exposure assessments are prone to recall bias and susceptible
to confounding factors (e.g., occupational chemical exposure),
whereas animal experiments, despite controlled variables, fail
to accurately replicate real-world multifrequency composite
exposures and are limited by low statistical power in small-
sample studies. Furthermore, diversity in biological endpoints
and detection techniques (e.g., selection of oxidative stress
markers, depth of epigenetic analyses) further complicates
data interpretation.

The health effects of parental radiation exposure on offspring
are complex, and only a small portion of the literature has
explored the mechanisms of intergenerational inheritance,
such as oxidative stress, iNOS activation, and epigenetic
changes. However, these studies have primarily explored
superficial mechanisms through animal experiments.
Epigenetics, by contrast, provides a promising avenue for
investigating deeper underlying mechanisms. Epigenetics is
considered a form of non-genetic mechanism that regulates
gene expression without altering the DNA sequence. A
review [43] highlighted that environmental factors can induce
behavioral changes in mammals, and these behavioral
changes may be inherited by the next generation, thereby
influencing the behavior of multiple generations. The external
environment influences key carriers of epigenetic information,
such as DNA methylation, histone modifications, and non-
coding RNAs, which alters gene expression patterns and thus
affects an individual's health [44]. These trait changes can not
only persist throughout an individual's life but can sometimes
be inherited across generations. With advancements in
technology, the emergence of new techniques has provided
powerful tools for studying the complex mechanisms of
epigenetics, such as high-throughput sequencing technologies
(e.g., Whole-Genome Bisulfite Sequencing and ChlIP-seq),
single-cell epigenetic technologies (e.g., scRNA-seq), and
single-cell Hi-C technology [45]. These technologies help
reveal how genes are regulated in different environments,
developmental stages, and disease states

The current research literature on the effects of parental
exposure to electromagnetic radiation (EMR) on offspring
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health is limited and faces several significant challenges.
Firstly, the potential effects of EMR on offspring health may
take years or even decades to manifest, making it difficult
to conduct intergenerational genetic delayed-effect studies.
Many contemporary studies do not include sufficiently long
observation periods. Secondly, there is no consensus among
researchers regarding standardized exposure conditions and
outcome assessment methods, leading to inconsistencies in
study conclusions. Additionally, more accurate simulations
of exposure timing are needed in existing experiments.
The health effects of EMR exposure on offspring may vary
significantly depending on the timing, and real-life parental
exposure often involves extended periods, including
simultaneous postnatal exposure for both the offspring and
the mother. This complexity makes accurate assessment and
simulation of exposure conditions challenging. Moreover,
species differences between humans and animal models, such
as rats and rabbits, necessitate caution when extrapolating
findings from animal experiments to clinical settings. Finally,
mechanistic studies on intergenerational inheritance remain
relatively unexplored, highlighting the need for further research
using more sophisticated scientific methods to elucidate
these mechanisms.

While existing research predominantly focuses on the
direct impacts of maternal EMR exposure on embryonic
development, paternal exposure has garnered increasing
attention in recent years. This review reveals significant
differences between maternal and paternal EMR exposure
in mechanisms, sensitive windows, and health outcomes, as
outlined below:

Divergent Mechanisms of Action

Maternal EMR exposure during pregnancy directly affects
embryos through placental transmission, inducing oxidative
stress, DNA damage, and epigenetic alterations [6,9,21,26].
For instance, gestational exposure of rats to 900 MHz EMR
activates the renin-angiotensin system in offspring brains,
leading to neuroinflammation [9]. In contrast, paternal EMR
exposure primarily exerts its effects through compromised
sperm DNA integrity or epigenetic modifications. Occupational
paternal exposure to high-frequency EMR (e.g., 2.1-4 MHz)
correlates with elevated perinatal mortality in offspring, likely
mediated by sperm DNA fragmentation or mitochondrial
dysfunction [31-32].

Sensitivity of Exposure Windows

The embryonic period—particularly organogenesis—represents
the critical window for maternal exposure. Studies indicate
that maternal exposure to 9.417 GHz microwaves during
early gestation (GD3.5-GD18) induces sex-dependent
cognitive dysfunction in offspring [16], whereas late-gestation
exposure may provoke emotional disturbances [19]. Paternal
sensitivity is concentrated during male gametogenesis
(spermatogenesis). For example, frequent paternal mobile
phone use within six months pre-conception is associated
with increased perinatal mortality [32], suggesting cumulative
genetic damage during spermatogenesis.

Heterogeneity in Health Outcomes

Maternal EMR exposure is predominantly linked to offspring
neurological abnormalities (e.g., cognitive deficits, anxiety-
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like behaviors) and structural malformations (e.g., spinal
dysplasia) [6,16]. Epidemiological studies also suggest
maternal mobile phone use during pregnancy may elevate
offspring hyperactivity risk [17]. Paternal exposure, however,
more profoundly impacts reproductive health and sex ratios.
Occupational paternal exposure to high-frequency EMR (e.g.,
radar stations, communication devices) significantly reduces
male offspring proportions [29]. Additionally, paternal exposure
is associated with elevated leukemia risk in offspring [41-42],
potentially via germline mutations.

Systematic comparisons of paternal and maternal EMR
exposure mechanisms and health effects are imperative to
delineate pathway- and window-specific hazards, thereby
informing targeted public health interventions.

Although existing evidence remains inconclusive, it suggests
that adopting precautionary measures could mitigate potential
risks. During critical windows of reproductive development
(e.g., preconception, pregnancy, and early postnatal stages),
exposure to high-frequency electromagnetic radiation (EMR)
sources, such as 5G and mobile communication devices,
should be minimized due to its established association
with oxidative stress and epigenetic dysregulation in
offspring. Occupational groups with high EMR exposure (e.g.,
telecommunications and healthcare workers) should prioritize
protective strategies, including maintaining a safe distance
from radiation sources and utilizing protective equipment.
Regulatory frameworks should mandate standardized
EMR dosimetry labeling on consumer electronic devices
and adjust specific absorption rate (SAR) limits based on
developmental stage sensitivity. Furthermore, public health
communications should provide evidence-based guidance
while avoiding the exaggeration of potential risks. However,
these recommendations remain provisional—longitudinal
studies investigating intergenerational epigenetic mechanisms
are urgently required to address persistent uncertainties.
Overall, the evidence on the effects of EMR exposure on
the health of offspring is still limited, and the underlying
mechanisms remain poorly understood. As digital healthcare
systems advance, it will become easier to conduct large-scale,
longitudinal tracking of individual radiation exposure in the
population, thereby enabling more precise investigations into
the delayed effects of intergenerational inheritance. In addition,
recent technological advancements enable the detection and
quantification of DNA methylation, histone modifications,
and RNA expression. These new approaches can also help
uncover mechanisms of intergenerational inheritance from an
epigenetic perspective or other relevant angles, and further
identify reliable biomarkers of EMR exposure for future clinical
diagnostics and treatments. This facilitates early intervention
to prevent genetic diseases and birth defects, ultimately
promoting healthy reproduction and childbearing.
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Abstract

Background: Non-alcoholic fatty liver disease (NAFLD) is a prevalent chronic liver disease with complex molecular mechanisms. Anoikis, a
distinct form of programmed cell death, has been implicated in disease progression, but its specific role in NAFLD remains unclear. This study
aims to identify anoikis-related molecular clusters, explore their immune characteristics, and construct a predictive model for NAFLD prognosis.
Methods: Gene expression profiles of NAFLD samples were obtained from the Gene Expression Omnibus (GEO) database. Weighted gene co-
expression network analysis (WGCNA) was applied to identify cluster-specific differentially expressed genes. Immune infiltration analysis was
conducted to evaluate the association between anoikis-related clusters and immune cell composition. Machine learning was used to screen
feature genes, and a predictive model was developed. The model’s performance was assessed using nomograms, calibration curves, and
decision curve analysis (DCA).

Results: Two distinct anoikis-related molecular clusters were identified, each exhibiting unique immune microenvironment characteristics.
Cluster 1 showed higher levels of CD8 T cells, y-delta T cells, and macrophages (M1 and M2), while Cluster 2 had increased monocytes, activated
dendritic cells, and neutrophils, reflecting inflammatory heterogeneity. Four key genes (TMEM169, THBS1, ASIP, and BRCA1) were identified
through machine learning and incorporated into a predictive model. The model’'s accuracy in predicting NAFLD prognosis was confirmed through
nomograms, calibration curves, and DCA.

Conclusion: This study established an anoikis-related prognostic model for NAFLD and identified key genes involved in disease progression. The
findings provide novel insights into the interplay between anoikis, immune responses, and NAFLD, offering potential biomarkers and therapeutic

targets for personalized treatment.
Keywords: NAFLD, Anoikis, Apoptosis, Machine learning

Introduction

Non-alcoholic fatty liver disease (NAFLD), characterized by
inflammation, has rapidly emerged as the leading cause
of chronic liver disease globally[1]. Because of the rising
incidence of metabolic syndrome, obesity, and diabetes
worldwide, NAFLD now affected approximately one-quarter
of the global population[2]. Regional variations exist, with the
highest prevalence observed in the Middle East (32%) and
South America (30%), followed by North America and Europe
(24%), Asia (27%), and the lowest in Africa (13%) [3]. NAFLD
is defined as a spectrum of diseases where more than 5% of
hepatocytes exhibit steatosis alongside metabolic risk factors,
notably obesity. NAFLD represents the hepatic manifestation
of metabolic syndrome and is classified histologically
into nonalcoholic fatty liver (NAFL) and nonalcoholic
steatohepatitis (NASH)[4]. Despite extensive research,
the pathogenesis of NAFLD remains poorly understood,
underscoring the urgent need for reliable biomarkers for its
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diagnosis.

Apoptosis, a fundamental organismal defense mechanism,
curtails abnormal cell proliferation by preventing the
reattachment of detached cells[5]. Emerging studies
highlighted the significant role of apoptosis in NAFLD
[6-8]. Anoikis, a specific form of apoptosis triggered by cell
detachment from the extracellular matrix (ECM), is critical for
tissue homeostasis and development, originally identified in
endothelial and epithelial cells.

The regulatory mechanisms underlying anoikis in NAFLD
remain elusive, warranting further investigation. In this
context, we conducted a comprehensive analysis utilizing
publicly available databases and bioinformatics tools to
identify anoikis-related genes (ARGs) implicated in NAFLD
onset and progression. Subsequent analyses focused on the
regulatory networks of ARGs and their associations with the
immune microenvironment. This research aims to elucidate
the function of ARGs in NAFLD and identify novel therapeutic
targets.

2Institute of Organ Donation and Transplantation, Medical College of Qingdao University, Qingdao, China

3Department of Hepatic Surgery, Fudan University Shanghai Cancer Center, Shanghai Medical College, Fudan University, Shanghai, 200032, People's Republic of China.

* Corresponding Author.

LIFE CONFL

Life Conflux, 2025; 1(2): 82-92.



Life Conflux

Methods and Materials

Data collection and processing

The datasets GSE66766, GSE89632, and GSE126848 were
obtained from the Gene Expression Omnibus (GEO) database
(http://www.ncbi.nlm.nih.gov/geo/). GSE66676 was generated
using the GPL66244 platform and comprised 67 samples,
including 34 normal liver tissue controls and 33 NAFLD tissue
samples. The GSE89632 dataset, based on the GPL14951
platform, contained 63 samples, of which 24 were normal
liver controls and 39 were NAFLD tissue samples. All samples
were included in the current analysis, with quality control
ensuring the removal of samples with >10% missing values
or low-quality metrics, such as inadequate signal intensity or
inconsistent replicates. Additionally, GSE126848, utilizing the
GPL14877 platform, included 57 samples, consisting of 26
normal liver controls and 31 NAFLD tissue samples, and was
employed as the validation set in this study. Batch effects
in the integrated datasets (GSE66676 and GSE89632) were
adjusted using the "SVA" package, employing parameters that
accounted for known covariates, such as platform differences.
Missing values in the datasets were imputed using k-nearest
neighbor (KNN) imputation. A power analysis was performed
to confirm the adequacy of sample sizes, ensuring statistical
reliability for downstream analyses.

Evaluating the immune cell infiltration

CIBERSORT was employed using the LM22 signature matrix
to estimate the immune cell subtype composition for each
sample based on gene expression profiles. The p-value for
each sample was calculated using Monte Carlo sampling to
assess the statistical significance of the deconvolution results.
Differences in immune cell abundance between groups were
evaluated using the Wilcoxon rank-sum test. In this study, a
p-value < 0.05 was considered statistically significant.

Correlation analysis of ARGs and immune cell infiltration

To further validate the association between ARG expression
and immune cell characteristics related to NAFLD, the
correlation between ARG expression levels and the relative
proportions of immune cells was analyzed. Spearman’s
correlation coefficient and the corresponding p-value were
calculated to assess the strength and significance of the
associations, with a p-value < 0.05 considered statistically
significant. The results were visualized using the ‘corrplot' R
package (version 0.92).

Unsupervised clustering of NAFLD patients

Anoikis-related genes (ARGs) were retrieved from the
GeneCard database (https://www.genecards.org/),
resulting in a consistent set of 422 genes across all cohorts
(Supplementary Table 1). To investigate the molecular
heterogeneity of non-alcoholic fatty liver disease (NAFLD), an
unsupervised clustering analysis was performed based on the
expression profiles of seven cuproptosis-associated genes
with significantly altered expression. This analysis, conducted
using the k-means algorithm across 1000 iterations, classified
50 NAFLD samples into distinct clusters. The maximum
number of subtypes was set at k = 9, and the optimal number
of subtypes was determined using a combination of the
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cumulative distribution function (CDF) curve, consensus matrix,
and consensus cluster score (>0.9). Principal Component
Analysis (PCA) further demonstrated distinct anoikis-related
patterns across the subtypes, with the results visualized using
the ‘ggplot2’ package.

Gene set variation analysis (GSVA) analysis

The enrichment analysis of different ARG clusters was
conducted using the GSVA R package (version 2.11). For
further GSVA analysis, the ‘c2.cp.kegg. v7.4.symbols’ and ‘c5.
go.bp.v7.5.1.symbols’ files were obtained from the MSigDB
database. Differentially enriched pathways and biological
functions between ARG clusters were identified by comparing
GSVA scores, using the ‘LIMMA’ R package (version 3.52.1) to
assess statistical significance.

Weighted gene co-expression network analysis (WGCNA)
Based on gene clustering, weighted gene co-expression
network analysis (WGCNA) was applied to identify highly
correlated gene modules in NAFLD samples across gene
subgroups [9]. Concurrently, WGCNA was performed on the
combined dataset of normal and NAFLD samples to identify
shared gene modules. By intersecting the results from
disease-specific WGCNA and anoikis-related gene WGCNA, we
identified NAFLD gene modules significantly associated with
anoikis. The "good Samples Genes" function was employed
to filter out low-quality genes and samples. An appropriate
soft-thresholding power (B) was selected to compute the
adjacency matrix, ensuring scale-free topology. Co-expression
modules were then identified through hierarchical clustering
and the dynamic tree cut algorithm, with a minimum module
size set at 100 genes. Module eigengenes were subsequently
calculated to represent the expression profiles of each module,
and the eigengene network was visualized to illustrate the
relationships between modules.

Construction of multiple machine learning prediction models
Using two distinct ARG clusters, machine learning models
were constructed with the ‘caret’ R package (version 6.0.91),
including the random forest (RF), support vector machine
(SVM), and generalized linear model (GLM). RF leverages
multiple independent decision trees for classification or
regression tasks [10], while SVM creates a hyperplane
with maximum margin to separate positive from negative
instances in the feature space [11]. The GLM, an extension of
linear regression, estimates relationships between normally
distributed correlated features and categorical or continuous
independent variables [12]. Feature selection was performed
using recursive feature elimination (RFE) with 10-fold cross-
validation to identify the most informative features, minimizing
overfitting. Cross-validation was implemented using stratified
5-fold validation to ensure balanced representation of clusters
across splits. Model parameter optimization was conducted
using a grid search approach combined with cross-validation
to select the best hyperparameters. Model comparison was
based on performance metrics, including accuracy, precision,
recall, F1-score, and area under the receiver operating
characteristic (AUC-ROC) curve, providing a comprehensive
evaluation.

The 50 NAFLD samples were randomly split into a training
set (70%, n = 35) and a validation set (30%, n = 15). Model



parameters were automatically optimized, and all models were
evaluated through 5-fold cross-validation. The ‘Dalex’ package
(version 2.4.0) was employed to interpret the models, providing
insights into residual distribution and feature importance. The
area under the receiver operating characteristic (ROC) curve
was visualized using the ‘proc’ R package(version1.18.0). The
optimal model was selected based on performance metrics,
and the top five predictive genes associated with NAFLD were
identified as key variables.

Analysis of the diagnostic value of biomarkers

The receiver operating characteristic (ROC) curve was
generated using the ‘pROC’ R package, and the area under
the ROC curve (AUC) was calculated to assess model
performance. The discriminatory ability of the key predictor
genes in distinguishing NAFLD from non-NAFLD was externally
validated using the GSE126848 dataset.

Construction and validation of nomogram models
Eigengenes were combined to construct nomograms using
the ‘rms’ R package. The accuracy of the nomogram was
then evaluated through a calibration curve, comparing
predicted versus observed outcomes. Additionally, decision
curve analysis was performed to assess the clinical utility of
the nomogram, determining its net benefit across different
threshold probabilities.

Cell culture

AML12 cells were maintained in a 5% CO2 incubator at 37°C,
supplemented with 10% fetal bovine serum (FBS, Gibco, USA)
and 1% penicillin-streptomycin (Gibco). To model non-alcoholic
fatty liver disease (NAFLD) in vitro, hepatocytes were exposed
to a medium containing 0.25 mM palmitic acid (PA, Sigma-
Aldrich) and 0.5 mM oleic acid (OA, MedChemExpress) for the
indicated durations. A fatty acid-free bovine serum albumin
control was used to assess baseline conditions.

Oil red O staining

Oil Red O staining was performed to evaluate lipid droplet
formation in AML12 cells, following a previously established
protocol [13]. In brief, cells were washed twice with PBS, fixed
in 4% paraformaldehyde for 30 minutes, and then stained with
a 0.5% Oil Red O solution prepared in 60% isopropanol for
30 minutes. After staining, cells were rinsed with PBS before
imaging. Lipid droplets were visualized and images were
captured using an inverted microscope (ZEISS Corporation) at
100x magnification.

Statistical analysis

All data are expressed as the mean + standard deviation (SD).
Statistical comparisons between groups were conducted
using an unpaired two-tailed Student's t-test. A p-value of
less than 0.05 was considered statistically significant. All
statistical analyses were performed using GraphPad Prism 8
(GraphPad Software, San Diego, USA) and R software (version
4.2.2; https://www.r-project.org/).
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Results

Identifying AR-DEGs in Patients with NAFLD

The microarray datasets GSE63067 and GSE89632 were
obtained from the Gene Expression Omnibus (GEO) database
to elucidate the biological functions of anoikis regulators in
the development and progression of non-alcoholic fatty liver
disease (NAFLD). We assessed the expression profiles of 422
anoikis-associated genes between NAFLD and non-NAFLD
controls using a merged dataset that was successfully cleared
of batch effects(S-FigureTA-D). This dataset included 50
NAFLD tissues and 31 normal liver tissues. Seven significant
differential expression genes were identified as key anoikis
regulators: SIK1, PTGS2, MYC, THBST, IL6, EPHA2, and
TNFRSF12A (Figure TA-B). Notably, these genes exhibited
elevated expression in NAFLD patients compared to non-
NAFLD controls. Correlation analysis of the differentially
expressed anoikis genes revealed a strong synergistic
interaction between THBS1 and TNFRSF12A (Figure 1C-D).
Further investigation into these correlations highlighted the
complex interplay among these genes. Immune infiltration
analysis, utilizing the CiberSort algorithm, visualized
differences in the proportions of 22 infiltrating immune cell
types between NAFLD and non-NAFLD subjects (Figure 1E).
The results indicated higher levels of M1 macrophages,
M2 macrophages, and resting mast cells in NAFLD tissues,
suggesting that immune system alterations are implicated
in NAFLD pathogenesis. Additionally, correlation analysis
revealed associations between anoikis-related genes and
various immune cell types, including resting dendritic cells,
activated dendritic cells, resting mast cells, activated mast
cells, and y-delta T cells (Figure 1F). These findings underscore
the significant role of anoikis-related genes in modulating
immune infiltration and highlight their potential impact on the
development and progression of NAFLD.

Identification of anoikis clusters in NAFLD

Additionally, 50 NAFLD samples were categorized based
on the expression profiles of seven differentially expressed
anoikis-related genes (ARGs) using a consensus clustering
algorithm. This analysis aimed to identify the expression
patterns of genes associated with anoikis in NAFLD. The
optimal number of clusters was determined to be two (k=2),
where the clustering was most stable (Figure 2A), and the
cumulative distribution function (CDF) curve displayed minimal
fluctuation within the consensus index range of 0.3 to 0.4
(Figure 2B). When k ranged from 2 to 9, the difference between
the areas under the CDF curves (for k and k-1) indicated
the optimal clustering at k = 2 (Figure 2C). Furthermore, the
concordance scores for each subtype were greater than 0.9
when k=2 (Figure 2D).

Consequently, the 50 NAFLD patients were divided into
two distinct groups: Group 1 (n = 38) and Group 2 (n = 12).
Principal Component Analysis (PCA) further corroborated
the significant differences between the two clusters (Figure
2E). These findings highlight distinct expression patterns of
anoikis-related genes in NAFLD, suggesting varied underlying
mechanisms and potential therapeutic targets within these
patient subgroups.
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Figure 1. Expression of ARGs in NAFLD. (A) Boxplots illustrating the differential expression of seven ARGs between NAFLD patients and non-
NAFLD controls, with significance levels denoted as p < 0.05, *p < 0.01, **p < 0.001, and ns indicating no significance. (B) Heatmap showing the
expression patterns of the seven ARGs (C) Correlation analysis of nine differentially expressed CRGs. (D) Gene interaction network of the seven
differentially expressed ARGs. (E) Comparative analysis of the relative abundance of 22 infiltrating immune cell types between NAFLD and non-
NAFLD controls. (F) Boxplots representing differences in immune cell infiltration between NAFLD and non-NAFLD cohorts, with significance
levels as p < 0.05, *p < 0.01, **p < 0.001, and ns indicating no significance. (G) Correlation analysis between the expression of seven differentially
expressed ARGs and infiltrating immune cells.

A Type E& Control E&1 Treat

i

N
N
.

Gene expression
o
m *
oo
e o
L] L] e
00 oom L]
..E—O—.'..‘
1

W)
PTGS2

: B
ER -
Ve Ya
PTGS2 ( ( (
AN
=
IL6 (
g )

SIK1
THBS1 “

TNFRSF12A

MYC

100%;
= B cells naive Type B Control B Treat
= B cells memory

= Plasma cells

= Tcells CD8

= T cells CD4 naive

= T cells CD4 memory resting

= T cells CD4 memory activated 03
= T cells follcular helper

= T cells regulatory (Tregs)

= T cells gamma defta c
= NK cells resting g
* NK cells activated [
= Monocytes [
= Macrophages MO

= Macrophages M1 01
= Macrophages M2 .
= Dendritic cells resting
-

80

R

60%

40%|

Relative Percent

= Dendritic cells activated

= Mast calls resting

= Mast calls activated 00

= Eosinophis @
i S

= Neutrophils &

20¢

R

TNFRSF12A

THBS1

“** p<0.001
“ p<0.01

I * p<0.05
I Correlation

SIK1

05

00

--05

86



Differential expression of genes regulated by anoikis
and immune infiltration signatures of associated anoikis
clusters

To further elucidate the molecular characteristics of the
identified subgroups, we comprehensively assessed the
expression differences of seven critical anoikis-related genes
(ARGs) between Cluster 1 and Cluster 2. Notably, Cluster
2 exhibited significantly higher expression levels of these
seven CRGs (Figure 3A, B). To provide a detailed immune
infiltration analysis, we utilized the CIBERSORT algorithm
with LM22 signatures to quantify 22 immune cell types from
bulk RNA-seq data. The analysis revealed distinct immune
microenvironment profiles between the clusters (Figure 3C, D).
Cluster 1 displayed significantly higher proportions of CD8 T
cells (p = 0.003), y-delta T cells (p = 0.002), M1 macrophages
(p = 0.005), M2 macrophages (p = 0.004), resting dendritic
cells (p = 0.01), and resting mast cells (p = 0.008). In contrast,
Cluster 2 was characterized by elevated proportions of
monocytes (p = 0.002), activated dendritic cells (p = 0.001),
activated mast cells (p = 0.007), and neutrophils (p = 0.003).
Furthermore, the immune cell ratio between pro-inflammatory
(e.g., M1 macrophages) and anti-inflammatory (e.g., M2
macrophages) populations was higher in Cluster 1, suggesting
a more inflammatory phenotype. These findings underscore
the divergent immune landscapes between the anoikis-related
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clusters. Differential immune cell infiltration, particularly the
balance between pro- and anti-inflammatory populations, may
play a pivotal role in the pathogenesis and progression of
NAFLD across these subgroups.

Construction of gene weighted co-expression module and
gene screening

The Weighted Gene Co-Expression Network Analysis (WGCNA)
algorithm was employed to construct co-expression networks
and modules in normal controls and individuals with NAFLD,
aiming to identify key gene modules associated with NAFLD.
Co-expressed gene modules were identified with the soft
power value set to 9 and the scale-free R2 set to 0.9 (Figure
4A). The dynamic tree cut algorithm yielded four distinct
co-expressed gene modules, each represented by different
colors, and a topological overlap matrix (TOM) heat map
was generated (Figure 4B—E). Subsequent analysis of the
module-clinical signature co-expression, correlating control
and NAFLD groups, revealed that the blue module was most
closely associated with NAFLD, comprising 566 genes (Figure
4F). This module demonstrated a strong positive correlation
with module-associated genes. Further, the WGCNA algorithm
was used to analyze key gene modules closely related to
anoikis genes. Soft threshold parameters B = 9 and R2 = 0.9
were selected as the most suitable for constructing scale-

Figure 2. Identification of anoikis-related molecular patterns in NAFLD. (A) Consensus clustering matrix for k = 2, displaying the sample
groupings. (B—E) Representative cumulative distribution function (CDF) curves for k values ranging from 2 to 9. (C) Relative changes in CDF
delta area curves at different k values. (D) Consensus scores for each subtype across the range of k values (k = 2 to 9). (E) Principal component
analysis (PCA) plot revealing the classification of NAFLD patients into two distinct molecular subtypes.
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free networks (S-Figure 3A). Six significant modules were
identified, and heatmaps depicting the TOMs of all module-
associated genes were generated (S-Figure 3B-E). Analysis
of the module-clinical feature relationships between Cluster
1 and Cluster 2 revealed a high correlation between the
yellow module (221 genes) and NAFLD clusters (S-Figure 3F).
Additionally, correlation analysis indicated that the brown
module genes were significantly associated with selected
modules

These findings highlight the importance of the blue and yellow
modules in NAFLD and their potential involvement in the
disease's molecular mechanisms, providing valuable insights
for future research into NAFLD pathogenesis and therapeutic
targets.

Identification of cluster-specific DEGs and functional
annotation

A total of 161 cluster-specific differentially expressed genes
(DEGs) were identified by intersecting module-associated
genes of anoikis with those from NAFLD and non-NAFLD
individuals (S-Figure 4A). To elucidate the functional
differences between the clusters, Gene Set Variation Analysis
(GSVA) was performed on these cluster-specific DEGs. GSVA

scores were calculated using a Kolmogorov-Smirnov-like
rank-based method to determine pathway enrichment levels
across clusters. The analysis revealed that Cluster 2 exhibited
upregulation in pathways related to sulfur metabolism, steroid
hormone biosynthesis, and bile acid biosynthesis, while
Cluster 1 showed increased expression in glycosaminoglycan
biosynthesis, chondroitin sulfate metabolism, ECM-receptor
interactions, and the ERBB signaling pathway (S-Figure 4C).
Furthermore, Biological Process analysis was performed using
the over-representation analysis (ORA) method, applying a
hypergeometric test with a significance threshold of adjusted
p-value < 0.05 (S-Figure 4B). These findings underscore
distinct functional pathways associated with each cluster,
providing insights into the molecular mechanisms underlying
NAFLD and its potential therapeutic targets.

Machine learning model construction and evaluation

A total of 161 module-related genes, intersected from
individuals with and without NAFLD based on anoikis-
associated gene subsets, were analyzed to identify cluster-
specific genes with high diagnostic potential. Three
established machine learning models—Random Forest (RF),
Support Vector Machine (SVM), and Generalized Linear Model

Figure 3. Differential analysis of feature gene expression and immune characteristics between anoikis clusters. (A) Boxplots displaying
the expression levels of nine feature genes across the two anoikis subtypes, with significance levels indicated (p < 0.05, **p < 0.001, ns,
not significant). (B) Heatmap illustrating the differential expression of these nine feature genes between the anoikis subtypes. (C) Relative
abundances of 22 infiltrating immune cell types across the two anoikis clusters. (D) Boxplots showing the differences in immune cell infiltration

between the anoikis subtypes (p < 0.05, ns, not significant).
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(GLM)—were developed to evaluate these genes. Model
performance was interpreted using the R package ‘Dalex,
and residual distributions for each model in the test set were
plotted. The GLM and RF models exhibited relatively low
residuals (Figure 5A-B). The top 10 significant feature variables
for each model were ranked based on root mean square error
(RMSE) (Figure 5D).

The discriminative performance of the models was assessed
through receiver operating characteristic (ROC) curve analysis
with fivefold cross-validation. The SVM model demonstrated
the highest area under the ROC curve (AUC=0.97, Figure 5C),
indicating superior performance in distinguishing between
clusters. Consequently, the four most significant variables
(TMEM169, THBS1, ASIP, BRCA1) from the SVM model were
selected for further analysis.

Validation in dataset GSE126848, which includes 31 NAFLD
patients and 26 normal controls, confirmed the expression
differences of these signature genes. Specifically, THBS1 and
ASIP were downregulated in NAFLD, while TMEM169 and
BRCA1 were upregulated (S-Figure 5A, B). ROC analysis in this
validation set demonstrated effective diagnostic performance
for NAFLD (AUC = 0.778, S-Figure 5C). A nomogram was
constructed to predict NAFLD progression, incorporating
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point values for each characteristic variable. The nomogram'’s
standard curve validated its capacity to accurately assess
NAFLD progression (S-Figure 2A, B). Decision curve analysis
further indicated that the nomogram offers clinical benefit
for NAFLD patients. Collectively, these findings suggest
that this subset of anoikis-associated genes can effectively
differentiate NAFLD from non-NAFLD cases.

In vitro experiments further verified the results

In vitro studies were conducted using AML12 cells. AML12
cells were treated with oleate (OA) and palmitate (PA) to
induce fat accumulation, mimicking hepatic steatosis.
Following free fatty acid (FFA) induction, cells exhibited
increased fat accumulation (Figure 6A-B). Expression of
TMEM169 and BRCA1 was elevated, while ASIP and THBS1
expression decreased (Figure 6C).

Discussion

NAFLD is the most prevalent chronic liver disease, with its
incidence steadily increasing over the past two decades due to
lifestyle and dietary changes. While apoptosis and pyroptosis

Figure 4. Co-expression network of differentially expressed genes in NAFLD. (A) Determination of the optimal soft-thresholding power for network
construction. (B) Dendrogram of clustered genes, with distinct co-expression modules represented by different colors. (C) Clustering of module
eigengenes. (D) Heatmap showing the correlations among the five identified modules. (E) Correlation analysis between module eigengenes and
clinical status, with rows indicating modules and columns representing clinical traits. (F) Scatter plot depicting the relationship between module

membership in the blue module and gene significance for NAFLD.
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Figure 5. Construction and evaluation of RF, SVM, and GLM machine learning models. (A) Boxplots displaying the residuals for each machine
learning model, with the red dot indicating the root mean square error (RMSE). (B) Cumulative residual distribution across the models. (C) ROC
analysis of the three machine learning models, assessed via 5-fold cross-validation in the testing cohort. (D) Key features identified in the RF,
SVM, and GLM models.
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have been studied extensively, the role of anoikis in NAFLD
remains unclear. Our findings highlight seven anoikis-related
genes (SIK1, MYC, IL6, TNFRSF12A, PTGS2, THBS1, EPHA2)
as critical regulators of NAFLD pathogenesis. These genes
were significantly upregulated in NAFLD patients compared
to healthy controls, with THBS1 and TNFRSF12A showing a
strong synergistic correlation. This aligns with prior research
emphasizing the pivotal roles of macrophages in NAFLD
progression [15,16]. The polarization of macrophages into pro-
inflammatory (M1) and anti-inflammatory (M2) phenotypes
plays a dual role in promoting inflammation and facilitating
tissue repair, respectively. Additionally, our study demonstrated
that Cluster 2, characterized by high expression of ARGs,
exhibited enhanced immune activation, as evidenced by
elevated monocyte and neutrophil levels. Pathway enrichment
revealed that Cluster 2 was predominantly associated with
sulfur metabolism, steroid hormone biosynthesis, and bile acid
biosynthesis, consistent with previous studies linking these
pathways to immune activation and inflammation in NAFLD
[19,20]. By integrating immune infiltration data with ARG
expression, we provide a comprehensive understanding of
how anoikis impacts NAFLD progression.

The machine learning-based SVM model achieved the highest
predictive accuracy (AUC = 0.970), identifying TMEM169,
THBST1, ASIP, and BRCA1 as key diagnostic markers. This
model was validated using external datasets, ensuring its
generalizability. THBST, a critical mediator of hepatocyte
homeostasis, and BRCA1, associated with multiple
cancer types including hepatocellular carcinoma, were
notably overexpressed in HCC, corroborating our findings.
However, the practical implementation of this model poses
challenges, including the need for large-scale validation in
diverse populations and integration with clinical workflows.
Additionally, population heterogeneity, such as ethnic and
regional differences in NAFLD prevalence, may influence the
generalizability of our findings. The inclusion of a nomogram
further enhances clinical applicability, offering a user-friendly
tool for NAFLD risk assessment. Despite these advancements,
limitations such as a relatively small sample size and the
lack of longitudinal clinical data warrant further investigation.
Future studies should explore the dynamic interplay between
ARGs and the immune microenvironment in larger cohorts.

Conclusion

This study establishes the critical role of anoikis in the
progression and immune cell infiltration of non-alcoholic
fatty liver disease (NAFLD). By identifying and validating two
distinct anoikis-related molecular clusters and four key genes
(TMEM169, THBS1, ASIP, and BRCA1), the research supports a
predictive model with high accuracy.
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