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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.
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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
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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 t 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-Figure1A-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 1A-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.
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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

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 3 = 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
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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

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,
THBS1, 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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