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Abstract
Alzheimer’s disease (AD) and nonalcoholic fatty liver disease (NAFLD) are both prominent 
public health concerns owing to their increasing prevalence and burden on healthcare sys-
tems. The interconnected genetic and immunological mechanisms that may cause both of 
these diseases are poorly understood. This study used broad gene expression datasets to 
identify similar molecular markers and immunological profiles in AD and NAFLD and evaluate 
their potential. Using the Gene Expression Omnibus (GEO) database, mRNA expression profiles 
from patients with AD and NAFLD were analyzed alongside control samples to identify dif-
ferentially expressed genes (DEGs). Systems biology approaches, including LASSO regression 
and multivariate logistic regression models, were used to further refine the significance of 
DEGs. The diagnostic potential of the key genes was evaluated using receiver operating char-
acteristic (ROC) curves, and the immune cell environment was quantified using the Immune 
Cell Abundance Identifier (ImmuCellAI). We identified 11,278 DEGs, with 3551 upregulated 
and 7857 downregulated genes. S100A8, CXCL9, and ST8SIA3 have emerged as significant bio-
markers of both AD and NAFLD. ROC analysis substantiated the diagnostic value of these 
markers. Additionally, distinct patterns of immune cell populations have been observed in AD 

KEYWORDS
Alzheimer’s Disease;
NAFLD;
immune Cells;
bioinformatics 
analysis;
potential biomarkers

www.all-imm.com�
https://doi.org/10.15586/aei.v53i6.1475
http://creativecommons.org/
mailto:naveed.quaidian@gmail.com


Identification of the common pathogenesis of Alzheimer’s and nonalcoholic fatty liver disease� 21

and NAFLD, highlighting potential targets for immunomodulatory therapy. This study eluci-
dates shared molecular and immune mechanisms in AD and NAFLD, offering insights into the 
pathophysiological underpinnings that could inform the development of novel diagnostic and 
therapeutic strategies. S100A8, CXCL9, and ST8SIA3 are potential candidates for future clini-
cal application. Further investigation into these genetic discoveries and their immune system 
effects may lead to a unified strategy for treating these complicated disorders.
© 2025 Codon Publications. Published by Codon Publications.

The prevalence and severity of NAFLD in children, partic-
ularly those with mental health disorders receiving psychi-
atric medication, underscores the significant correlation 
between metabolic and mental well-being.9 

NAFLD, a syndrome characterized by metabolic and 
neurological issues, is increasingly being recognized as 
a contributing factor in the onset of AD. The presence of 
shared genetic and pathophysiological mechanisms indi-
cates a common origin for the disease between the two 
disorders.10 The intricate relationship between the patho-
physiology of AD, disrupted cholesterol metabolism, and 
signaling pathways involving oxysterols may be linked to 
changes in blood vessels, disturbances in cerebral blood 
flow, and impaired waste removal.11 The impact of the 
microbiome on the development of AD is growing, offering 
fresh prospects for understanding the diseases that have 
traditionally been examined from a limited perspective.12,13 
This study sought to improve our understanding by com-
prehensively examining gene expression patterns to elu-
cidate the complex molecular relationships between AD 
and NAFLD. By leveraging the vast repository of expres-
sion data in the GEO database, we identified pivotal genes 
that exhibited differential expression between individu-
als afflicted with diseases and those in good health. This 
enabled us to understand the shared biological pathways 
responsible for various illnesses. We employed systems 
biology methodologies, including LASSO regression and 
multivariate logistic regression models, to ascertain genes 
of utmost significance. We assessed the diagnostic poten-
tial of these genes using receiver operating characteristic 
(ROC) curves. Our research also explored the immunolog-
ical milieu by examining the correlation between shared 
genes implicated in AD and NAFLD, along with the attri-
butes of immune cells. This approach not only offers an 
understanding of the potential shared genetic framework 
but also proposes immune-modulating strategies that could 
serve as novel therapeutic alternatives for controlling AD. 
The results of this study have the capacity to improve the 
understanding of AD and NAFLD and encourage a multi-
disciplinary approach that could revolutionize treatment 
strategies for both prevalent diseases.

Materials and Methods

Data retrieval and processing

From the Gene Expression Omnibus (GEO) database 
(https://www.ncbi.nlm.nih.gov/geo) on September 6, 2023, 
we retrieved transcriptome profiles, including clinical 

Introduction

Alzheimer’s disease (AD) is a gradually progressing neuro-
logical disorder that causes degeneration of brain cells. It is 
a pressing public health issue owing to its increasing preva-
lence and demands urgent attention. AD, the predominant 
form of dementia, affects approximately 24 million people 
worldwide.1,2 Coexistence with other illnesses, such as epi-
leptic seizures, exacerbates the progression of the disease 
and amplifies the cognitive repercussions it imposes on 
individuals.3,4 Owing to the rising average age of the global 
population, AD is not only a healthcare issue but also a pri-
mary subject of scientific investigation focused on compre-
hending the complex mechanisms underlying its pathology. 
Approximately 25–30% of the adult population worldwide 
suffers from nonalcoholic fatty liver disease (NAFLD), a 
common metabolic disease that occurs concurrently with 
AD. NAFLD, which refers to the accumulation of fat in liver 
cells without excessive alcohol use, is strongly linked to 
metabolic abnormalities, such as insulin resistance, type 2 
diabetes (T2D), and obesity. This association also extends 
to children, with a prevalence rate of approximately 7.4%, 
suggesting that it affects many generations.5,6 As our 
understanding of NAFLD increases, it becomes evident that 
the illness may hasten neurodegeneration by inducing ele-
vated levels of insulin resistance, systemic inflammation, 
and liver failure. This undermines the prevailing belief that 
neurodegenerative and metabolic disorders are inherently 
different and independent of one another.7 

Recent research suggests that NAFLD affects neural 
systems, which can result in reduced brain connections, 
emotional reactions, and visual information processing. 
The implications of these findings are significant for the 
diagnosis and treatment of brain disorders resulting from 
NAFLD. Additionally, they enhance our understanding 
of the mental dimensions of the condition, as they are 
linked to schizophrenia, bipolar disorder, and depression. 
Interrelationships are affected by several genetic, meta-
bolic, inflammatory, and environmental factors, including 
smoking and psychiatric medications.8,9 Moreover, recent 
progress in manipulating ceramide metabolism for the 
management of NAFLD underscores the possibility of utiliz-
ing pharmaceuticals to interfere with metabolic pathways 
linked to the disease.8 Insulin resistance, genetic predispo-
sition, epigenetic changes, malfunctioning mitochondria, 
adipokines, the connection between the gut and liver, and 
the effect of nutrition are all crucial factors that contrib-
ute to the development and progression of NAFLD. The 
presence of these traits in individuals with T2D suggests 
a higher probability of accelerated disease progression. 

https://www.ncbi.nlm.nih.gov/geo
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and visualizing protein networks. We employed this resource 
to perform protein–protein interaction (PPI) studies. To 
improve our understanding of these networks, we utilized 
the Cytoscape plugin called “Cytohubba” to visually repre-
sent the nodes in network.17 This was achieved by assigning 
distinct colors to the nodes based on their degrees.

Analysis of immune infiltration

The Immune Cell Abundance Identifier (ImmuCellAI) is a 
well-established database commonly used to assess the pres-
ence of immune cells in the microenvironment.18 ImmuCellAI 
can predict the quantity of 24 distinct immune cell types 
in samples. The immune cell infiltration in various groups 
will be assessed using ImmuCellAI in the group under exam-
ination. This study employed the ImmuCellA algorithm to 
examine patients with AD or NAFLD, and precisely measured 
the relative abundance of 24 infiltrating immune cells.

Key differentially expressed genes and immune 
cell correlation analysis

The “gstatsplot (v0.9.3)” package in R was used to per-
form Spearman correlation analysis between key diagnostic 
biomarkers and immune cell subsets in AD and NAFLD, to 
assess their relationship.19 The findings of the correlational 
study were shown using the “tidyverse (v1.3.2),” “ggsci 
(v2.9),” and “ggplot2 (v3.3.6)” packages in R.

Statistical evaluation

Statistical analysis and data visualization were performed 
using R software (version 4.2.0). Receiver operating char-
acteristic (ROC) analysis was performed using the “Proc” 
package (v1.18.0) in R. The mean ± SD was used to represent 
continuous variables. Student’s t-test and the Mann–Whitney 
U test were used for variables with normal and abnormal dis-
tribution, respectively.20 The cutoff criteria for the differen-
tial expression analysis were set at an adjusted P < 0.05, and 
|log2FC|≥ 0.5. Among all studies, we considered a significance 
level of P < 0.05, which indicated a substantial difference.

Results

Identification of differentially expressed genes 

An outline of this investigation is provided. Figure 1 provides 
an outline of the investigation. Three GEO datasets were 

information and messenger RNA (mRNA) expression profiles 
of patients with AD and NAFLD.14 This study incorporated 
the gene expression patterns obtained from the entire 
blood or peripheral blood of patients with AD and control 
samples. In this study, we utilized the R programming lan-
guage to download AD-related mRNA expression profile 
data and clinical data from the GEO database. 

The GSE84422 dataset (GPL96, Affymetrix Human 
Genome U133A Array, Homo sapiens) comprises data from 
217 healthy individuals and 734 individuals diagnosed with 
AD, who served as the training set. The GSE48350 dataset 
comprises 173 control samples and 80 samples from indi-
viduals with AD. These samples were collected from blood 
samples at various periods throughout disease progression. 
The dataset was generated using the GPL570 platform, 
specifically the Affymetrix Human Genome U133 Plus 2.0, 
and focused on Homo sapiens. The GSE193066 dataset 
(GPL18573, Illumina NovaSeq 500, Homo sapiens) com-
prised 58 control samples and 106 NAFLD samples, offer-
ing additional knowledge on AD. More details regarding the 
three datasets are presented in Table 1.

Differential expression genes analysis

The Limma tool in the R language was used to identify 
differentially expressed genes (DEGs) in AD and NAFLD 
patients and control samples in all three datasets. DEGs 
were determined based on adjusted P-values less than 0.05 
and an absolute log2 fold change greater than or equal to 
0.5. The volcanic map was visualized using the R packages 
“ggplot2 (v3.3.6)” to depict variations.15 

Functional enrichment analysis

The selected genes were subjected to in-depth analysis 
of their related biological functions using clusterProfiler 
(v4.4.4) R program. This investigation encompassed the 
examination of molecular function (MF), biological process 
(BP), cellular component (CC), and Kyoto Encyclopedia of 
Genes and Genomics (KEGG) pathways (v97.0).16 To iden-
tify statistically significant outcomes, we employed the 
False Discovery Rate (FDR) correction, using a significance 
threshold of P < 0.05 for screening.

Construction of protein–protein interaction network

We utilized the STRING database (v11.5) (https://string-db.
org/) as a valuable resource for identifying interacting genes 

Table 1  Detailed information on the studied gene expression profiles.

ID Disease name Platform Control Disease

GSE84422 Alzheimer’s disease GPL96, Affymetrix Human Genome U133A Array, Homo sapiens 217 734
GSE48350 Alzheimer’s disease GPL570, Affymetrix Human Genome U133 Plus 2.0 Array, 

Homo sapiens
173 80

GSE193066 Nonalcoholic fatty 
liver disease

GPL18573, Illumina NovaSeq 500, Homo sapiens 58 106

https://string-db.org/
https://string-db.org/
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Figure 1  Framework of the research work.
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evaluated to identify possible genes associated with AD and 
NAFLD. A total of 11,278 DEGs were identified, of which 3551 
were upregulated and the remaining 7857 were downreg-
ulated. 55 strong DEGs were identified using RRA analysis. 
The volcano plot of the DEGs is depicted in Figure 2.

Analysis of the functional features of common 
differentially expressed genes 

Gene ontology (GO) and KEGG pathways were included 
in the functional enrichment analysis. Figures 3A and 3B 
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Figure 2  Volcano plot of the DEGs.

display GO enrichment analysis and KEGG pathways of the 
DEGs. DEGs were mainly linked to the following processes: 
cell–cell signaling, multicellular organismal signaling, antimi-
crobial humoral response, and positive regulation (Pos. reg). 
of ion transmembrane transport, glutamatergic synapses, 
A-type (transient outward) potassium channel activity, and 
binding of toll-like receptors. The most intricately linked 
pathways, on the other hand, were those related to the cell 
cycle, oocyte meiosis, ubiquitin-mediated proteolysis, oxida-
tive phosphorylation, metabolic pathways, AD, NAFLD, ther-
mogenesis, and small cell lung cancer (Figures 3C–3F).

S100A8, CXCL9, and ST8SIA3 were recognized as 
hub genes common in AD and NAFLD

The PPI network was constructed from 40 robust DEGs using 
STRING software. The network contained 55 nodes and 69 
edges (Figure 4A) and was visualized using Cytoscape soft-
ware (Figure 4B). The proteins that played key roles in AD 
and NAFLD were S100A8, SCN2A, CXCL9, PTX2, KCNIP2, 
RPH3A, and ST8SIA3. S100A8, CXCL9, and ST8SIA3 were 
selected for further analysis, as shown in Table 2.

External validation of S100A8, CXCL9, and ST8SIA3

To evaluate the practical advantage of the three genes, 
we employed ROC curves to illustrate their effectiveness 
in distinguishing between AD and NAFLD. The diagnostic 
accuracies of S100A8, CXCL9, and ST8SIA3 were excellent, 
as evidenced by the values of 0.866 (95% CI = 0.789, 0.943), 
0.779 (95% CI = 0.650, 0.908), and 0.743 (95% CI = 0.635, 
0.851), respectively as display in Figure 5.

S100A8 may represent a new candidate gene in AD 
and NAFLD treatment

As shown in Figure 5, S100A8 exhibited superior perfor-
mance compared with the other three hypoxia genes in 

differentiating between patients with AD and NAFLD and 
control samples. To evaluate the expression of S100A8 in 
AD and NAFLD, GSE84422 and GSE48350 datasets were 
examined. S100A8 levels in individuals with AD and NAFLD 
were significantly higher than those in the control sam-
ples (Figures 6A and 6B), and Metascape was used for 
functional enrichment analysis. The chart clearly demon-
strates that these genes were significantly enriched in the 
neutrophil aggregation and signaling pathways, as shown 
in Figure 6C.

Immune cell infiltration results

Following an analysis of the correlation between immune 
infiltration and the gene matrix, we conducted additional 
investigations into the underlying molecular mechanisms 
by which genes influence the progression of both diseases, 
as shown in Figure 6. The results demonstrated a signifi-
cant increase in the fractions of monocytes, NKT cells, Tr1 
cells, iTreg cells, Tcm cells, and Tem cells in the AD group 
compared to those in the control group. 

In comparison, the number of particles of several 
cells, including DC, neutrophils, nTregs, and CD8_navie, 
was lower in individuals with typical health conditions 
(Figure 7A). However, immune infiltration exhibited a dis-
tinct behavior in the NAFLD group. Compared to typical 
patients, the NALFD group exhibited a large increase in 
neutrophil levels, while there were significant decreases 
in monocyte, iTreg, and iTreg levels. Additionally, there 
were significant decreases in NK, CD4_T, CD8_T, Tgd, CD4_
navie, nTreg, Tfh, and CD8_naive cell levels (Figure 7B). 
These findings illustrate the distinct cellular immunological 
microenvironment observed in different diseases.

Relationship between DEGs and immune cells

S100A8 exhibited a significant positive association with neu-
trophils (r = 0.635, P < 0.001) and Macrophages M0 (r = 0.395, 
P = 0.012) (Figure 8A). Additionally, CXCL9 expression was 
strongly correlated with dendritic cell activation (r = 0.449, 
P = 0.004) (Figure 8B). The presence of gamma delta T cells 
was positively correlated with ST8SIA3 expression (r = 0.350, 
P = 0.029) (Figure 8C). These findings indicate that the brain 
microenvironment in Alzheimer’s disease may be partially 
affected by the presence of S100A8, CXCL9, and ST8SIA3.

Discussion

An emerging area of precision medicine is the study of 
immunological links and shared genetic bases between AD 
and NAFLD. The primary goal of this study was to iden-
tify the shared molecular features of these two seemingly 
distinct diseases. Several datasets will be integrated, and 
comprehensive bioinformatics investigations will be con-
ducted to accomplish this. S100A8, CXCL9, and ST8SIA3 are 
three genes that stand out in the Gene Expression Omnibus 
(GEO) database as biomarkers for AD and NAFLD because 
of their important roles in both diseases. The elevated 
expression levels of these three biomarkers in patients 
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Figure 3  Functional enrichment for DEGs. (A) KEGG analysis of DEGs. (B) GO analysis of DEGs; (C–F) The enriched items in GO and 
KEGG analysis. BP: Biological process; CC: Cellular component; MF: Molecular function; KEGG: Kyoto Encyclopedia of Genes and 
Genomes.



26	 Jabeen K et al.

(A) (B)

Figure 4  FPPI network. (A) String network; (B) Linkage of 7 genes with other genes.

Table 2  Information on the 7 differentially expressed genes.

Gene Full name Role in AD Role in NAFLD logFC (Combined)

S100A8 S100 calcium-binding protein A8 Yes No   0.483
SCN2A sodium voltage-gated channel alpha subunit 2 Yes No   0.72695
CXCL9 C-X-C motif chemokine ligand 9 Yes Yes   0.14499319
NPTX2 neuronal pentraxin 2 Yes Yes   0.15024672
KCNIP2 Potassium voltage-gated channel-interacting protein 2 Yes Yes −0.760886
RPH3A Rabphilin 3A Yes Yes −0.1686421
ST8SIA3 ST8 alpha-N-acetyl-neuraminide alpha-2,8-sialyltransferase 3 Yes Yes   0.552496

(A) (B)

(C)

Figure 5  ROC analysis revealed the diagnostic value of hypoxia-related genes in AD and NAFLD data. (A) ROC analysis of CXCL9; 
(B) ROC analysis of ST8SIA3; (C) ROC analysis of S100A8.
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Figure 6  S100A8 may represent a new candidate gene in AD and NAFLD. (A) S100A8 mRNA levels are upregulated in AD;  
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function of S100A8.

with AD and NAFLD compared to control groups suggest 
their function in the pathophysiology of these diseases.21 
Both diseases share the hallmarks of chronic inflammation 
and immunological dysregulation, and the identification of 
these genes represents a huge step forward in understand-
ing the molecular mechanisms that cause these symptoms, 
which have far-reaching consequences for public health.22

Genetic parallels between metabolic disorders, 
immune-mediated diseases, and AD have been highlighted 
in previous studies.23–25 These results indicate a complicated 
web of interconnected pathways, particularly those linked 
to inflammation. Importantly, our results add to what is 
already known about these hereditary relationships by 
suggesting that the genes we have highlighted have func-
tional roles in these prevalent inflammatory pathways.26–28 
The findings of Karbalaei et al.29 and Herman et al.30 add 
to the growing body of evidence suggesting that similar 

immune-related mechanisms underlie the observed dif-
ferences in the phenotypes of NAFLD and AD. Our differ-
ential expression study confirmed these previous findings, 
expanding our knowledge of how inflammation affects gene 
expression and, ultimately, disease.28 Investigating KEGG 
pathways and GO keywords as part of functional enrich-
ment analysis sheds light on the potential critical biologi-
cal processes and activities involved in the onset of both 
diseases.29 Among these activities and procedures are cell–
cell signaling, antimicrobial humoral response, and neutro-
phil chemotaxis.30

The development of PPI (protein–protein interaction) 
networks is a key component of our research. These net-
works provide a framework for understanding the complex 
biological interconnections at play and allow us to under-
stand the significance of the connections among the dis-
covered DEGs.31 By visualizing these networks with tools 
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(A)

(B)

Figure 7  Immune infiltration analysis. (A) Analysis of immune infiltration in an AD group (blue) and blank group (red); (B) Analysis 
of immune infiltration in NAFLD group (red) and blank group (blue). 

such as STRING and Cytoscape, we can determine the 
importance of the contribution of biomarker genes to the 
development and progression of diseases.32–34 Differences 
in immune cell populations between patients with AD and 
NAFLD were shown by the results of the immune infiltra-
tion analysis conducted in this study.33,34 The role of the 
immune system in the onset and progression of many 
diseases and the potential for immunomodulatory treat-
ments to be tailored to individual patient needs have been 
highlighted.35–37

Furthermore, Spearman’s correlation analysis38 has 
shown associations between specific immune cell types 
and essential biomarkers that have been identified, 
leading to a better understanding of immune response 
alterations in disease conditions.39,40 Curiously, these con-
nections provide promising avenues for targeted immu-
notherapies with the potential to halt or even reverse 
disease progression.40,42 This study has certain limita-
tions. First, it relies on transcriptome data, which may 
not capture post-transcriptional changes, genetic vari-
ants, or epigenetic factors that affect gene function. 
Moreover, although GEO provides a complete dataset, 
the results may not be as accurate when databases are 
analyzed retrospectively, owing to biases in sample col-
lection, handling, and processing.43 Future studies could 
benefit from examining the immune cell environment 
and its relationship to gene expression in AD and NAFLD. 
Additional research is necessary to validate these results 
and understand their therapeutic significance, despite 
this study being one of the pioneering efforts to integrate 
transcriptome profiling with immune cell analysis under 
these conditions. Confirmation of these findings requires 
future prospective research with larger and more diverse 
patient populations, as well as functional and mechanistic 
validation in model systems. 

Conclusion

In conclusion, this study focuses on understanding the common 
molecular processes between AD and NAFLD and illuminates 
possible targets within the immune system for innovative 
therapeutic approaches. This supports the idea of using a 
unified strategy to address these diseases, emphasizing that 
human diseases are complex and interconnected, rather than 
separate and different. Only by conducting comprehensive 
investigations across multiple dimensions can we completely 
comprehend the intricate nature of these diseases and ide-
ally devise more efficient and tailored treatment protocols. 
Experimental validation in patient samples and mechanis-
tic studies is needed to confirm these bioinformatic findings. 
Moreover, longitudinal clinical research could clarify the causal 
relationships between NAFLD and cognitive decline. Clinicians 
should be aware of the metabolic-brain health link; screening 
for cognitive impairment in NAFLD patients (and vice versa) 
may be beneficial. This study is based on retrospective tran-
scriptomic data and computational analysis; thus, confounding 
factors and the observational nature limit causal inference. 
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