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Abstract 22 

Background: Different patients have different sensitivities to lifestyle interventions (LSI) and thus 23 

different outcomes (improved or unchanged). In the present study, we aim to find key markers that 24 

can identify patients sensitive to lifestyle interventions.  25 

Methods: Raw data were obtained from the Liver Clinic and Obesity Clinic of the Antwerp 26 

University Hospital that divided patients into LSI responders and non-responders based on the 27 

effectiveness of the intervention at the pathologic level. The limma / voom algorithm was used for 28 

difference analysis; Over representation analysis was used for functional enrichment analysis. 29 

Functional class scoring was used for gene set enrichment analysis. WGCNA and PPI / MCODE 30 

were used to identify valuable modules and genes. Western blot and immunohistochemistry were 31 

used for experimental validation. 32 

Results: Specific features of LSI responders were extracted based on differential expression and 33 

functional enrichment. The CIBERSORT and ESTIMATE algorithm reconfirmed that there were 34 

differences in the immune cell composition of LSI responders versus non-responders. Next, the 35 

WGCNA algorithm was used to integrate analyses of associations between immune cell phenotypes 36 

and genes. PPI and MCODE algorithms were used to screen for gene clusters with higher weights. 37 

The test set and validation set data were subjected to correlation analysis of the filtered genes to 38 

obtain the hub gene - ANT1. ANT1 was highly expressed in LSI responders, while it was lowly 39 

expressed in non-responders. Mechanistically, ANT1 responds to lifestyle intervention by activating 40 

Panx1, which is key to lesion improvement in LSI responder populations.  41 

Conclusions: In the study, we confirm that LSI responders populations respond to exercise 42 

intervention via the ANT1 / Panx1 pathway. 43 



page 3 of 21 

 

Keywords: NAFLD, Lifestyle interventions sensitivities, Immune state, Transcriptome, ANT1  44 

 45 

Background 46 

With a worldwide prevalence of approximately 25%, NAFLD has become the most common 47 

chronic liver disease[1].Its prognosis mainly depends on the degree of hepatic inflammation and 48 

fibrosis. The 10-year cirrhosis incidence is 4% in simple hepatic steatosis and up to 22% in 49 

NASH[2]. In NAFLD at least 25% belong to NASH. There are currently no specific clinical drugs 50 

for the treatment of NASH, and guidelines still recommend lifestyle intervention as the primary 51 

treatment, but this is often not effective due to the difficulty of patient adherence. However, study 52 

has also found limited disease remission even when patients adhere to lifestyle modification[3]. This 53 

suggests that there may be different subtypes of patients with NASH who respond differently to 54 

lifestyle interventions. Therefore, if a therapeutic strategy of lifestyle intervention is adopted for 55 

insensitive patients, this will progress to worsening because of poor disease control. 56 

Inflammatory infiltrates within liver lobules are a hallmark of NASH and are associated with 57 

resident specialized immune cells[3, 4].During NASH, hepatocyte death releases danger associated 58 

molecular patterns (DMAPS, such as high mobility group box 1, heat shock proteins, ATP, and 59 

extracellular vesicles filled with lipotoxic fatty acids and chemokines) to induce macrophage M1 60 

type polarization. The collapse of mitochondrial membrane potential triggered by dysfunctional 61 

mitochondria, together with the release of ROS, mitochondrial DNA, is one of the major causes of 62 

hepatocyte death[5, 6]. 63 

Adenine nucleotide translocase 1 (ANT1) is an ADP / ATP translocase located in the inner 64 

mitochondrial membrane and is essential in maintaining mitochondrial membrane potential and 65 
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permeability[7-9]. Overexpression of ANT1 significantly enhanced mitochondrial permeability and 66 

was required for NLRP3 inflammasome activation under pathological conditions[7]. Meanwhile, 67 

ANT1 is also a key protein in the mitochondrial permeability transition pore (MPTP) - dependent 68 

apoptosis pathway[10]. Studies have shown that metabolites produced by apoptosis, released in a 69 

panx1 dependent pathway, can regulate the gene expression of phagocytes in vivo, closely related 70 

to the body inflammatory response[11].  71 

We found that different patients differ in their sensitivity to lifestyle interventions, the specific 72 

mechanisms of which are not known. In this study, we compared differences in gene profile 73 

expression between treatment sensitive and - insensitive NASH patients using a combined analysis 74 

of functional enrichment, WGCNA, and PPI to identify a single key molecule-ANT1. In the follow-75 

up verification at three levels (in silico, in vitro, in vivo), it was confirmed that in lifestyle sensitive 76 

patients, ANT1 regulates the expression of panx1 in response to exercise style and improves liver 77 

lesions. This study clarified the distinctions among different subtypes of NASH patients and 78 

elucidated the key mechanisms of lifestyle interventions, which will be helpful for patients to 79 

develop personalized treatment strategies. 80 

 81 

Methods 82 

Data sources and processing  83 

Raw data and clinical information of GSE106737 and GSE83452 on patients were downloaded from 84 

the Gene Expression Omnibus (GEO, http://www.ncbi. nlm.nih.gov/geo/). Data were 85 

RMA_normalized using oligo/biconductor (DOI: 10.18129/B9.bioc.oligo) and corrected for batch 86 

effects using SVA/Bioconductor package[12]in the R suit (version: 3.3.3). Differentially expressed 87 
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genes (DEGs) were screened by the “limma” package[13], and a volcano map of DEGs was drawn 88 

using the “ggplot2” package[14]. All patients were consecutively recruited at the Liver Clinic and 89 

Obesity Clinic of the Antwerp University Hospital and underwent hepatologic and metabolic work-90 

ups[3]. NASH patients were treated with a one-year lifestyle intervention (LSI). NASH patients 91 

with improvement in lobular inflammation and/or ballooning were defined as LSI responders after 92 

1-year follow-up, whereas NASH patients without improvement in ballooning and/or lobular 93 

inflammation were defined as non-responders. 94 

 95 

Functional enrichment and Gene set enrichment analysis 96 

Gene Ontology (GO) enrichment analysis on DEGs were carried out with clusterProfiler package[15] 97 

to explore the characteristic function. Ontology gene sets (c5.all.v7.4.symbols) were used for gene 98 

set enrichment analysis (GSEA) through the clusterProfiler package. A false discovery rate (FDR) 99 

< 0.25 and p < 0.05 were considered significant enrichment. 100 

 101 

Protein-protein Interaction Enrichment Analysis 102 

For each given gene list, protein-protein interaction enrichment analysis (PPI) has been carried out 103 

with the following databases: STRING[16], BioGrid[17], OmniPath[18], InWeb_IM[18].Only 104 

physical interactions in STRING (physical score > 0.132) and BioGrid are used. The resultant 105 

network contains the subset of proteins that form physical interactions with at least one other 106 

member in the list. If the network contains between 3 and 500 proteins, the Molecular Complex 107 

Detection (MCODE) algorithm[19]has been applied to identify densely connected network 108 

components. Pathway and process enrichment analysis has been applied to each MCODE 109 
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component independently, and the three best-scoring terms by p-value have been retained as the 110 

functional description of the corresponding components, shown in the tables underneath 111 

corresponding network plots within Figure 6. 112 

 113 

Weighted gene co-expression network analysis (WGCNA) 114 

We used the goodSamplesGenes method of R software package WGCNA[19] on gene expression 115 

matrix to remove outlier genes and samples, and constructed a scale free co expression network. At 116 

first, the Pearson's correlation matrices and average linkage method were both performed for all 117 

pair-wise Genes. Then, a weighted adjacency matrix was constructed using a power function: 118 

𝑎𝑚𝑛 = |𝑐𝑚𝑛|𝛽 119 

(𝑐𝑚𝑛 = Pearson's correlation between Gene_m and Gene_n; 𝑎𝑚𝑛= adjacency between Gene_m 120 

and Gene_n; β was a soft-thresholding parameter that could emphasize strong correlations 121 

between Genes and penalize weak correlations.) 122 

After choosing the power of 9, the adjacency was transformed into a topological overlap matrix 123 

(TOM), which could measure the network connectivity of a Gene defined as the sum of its adjacency 124 

with all other Genes for network Gene ration, and the corresponding dissimilarity (1-TOM) was 125 

calculated.  126 

TOM𝑚𝑛 = 𝑑𝑚𝑛 + 𝑎𝑚𝑛 𝑚𝑖𝑛(𝑒𝑚 + 𝑒𝑛) + 1 − 𝑎𝑚𝑛⁄  127 

(𝑑𝑚𝑛 = Sum of the adjacency coefficients of the nodes connected by Gene_m and Gene_n; 128 

𝑒 = Sum of the adjacency coefficients of the given gene with all other genes in the weighted 129 

network) 130 

To classify Genes with similar expression profiles into Gene modules, average linkage 131 
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hierarchical clustering was conducted according to the TOM-based dissimilarity measure with a 132 

minimum size (Gene group) of 30 for the Genes dendrogram. To further analyze the module, we 133 

calculated the dissimilarity of module eigen Genes, chose a cut line for module dendrogram and 134 

merged some module. Average linkage hierarchical clustering was performed according to a TOM-135 

based dissimilarity measure with a minimum size (gene set) of 30 for the Genes dendrogram to 136 

classify Genes with similar expression profiles into gene modules. Further, the dissimilarity of 137 

module eigengenes were calculated to merged certain modules (distance less than 0.25). Finally, a 138 

total of 4 co-expression modules were obtained, in which the grey module was considered as the set 139 

of genes that could not be assigned to any module 140 

For hub gene screening[20], gene significance (GS) was obtained by calculating the expression 141 

correlation with the gene. Module membership (mm) was obtained by calculating the expression 142 

correlation of module eigenvectors with genes. Based the cut-off criteria (|MM| > 0.76 and |GS| > 143 

0.6), 13 genes with high connectivity in the clinical significant module were identified as hub genes. 144 

The protein abundance of hub genes was retrieved from the Human Protein Atlas database 145 

(https://www.proteinatlas. org/). 146 

 147 

Western Blot  148 

Samples were lysed by RIPA lysis buffer (Beyotime Institute of Biotechnoligy, China) containing 149 

1% phenylmethanesulfonyl fluoride. A total of 30 μg protein was loaded onto 10%, 12.5% SDS-150 

polyacrylamide gels, and transferred to PVDF membranes, which incubated overnight at 4°C with 151 

primary antibody followed by an incubation with the horseradish peroxidase‑conjugated goat 152 

anti‑rabbit IgG secondary antibody (cat. no. A0208; 1:10,000; Beyotime Institute of Biotechnology) 153 
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and goat anti‑mouse IgG (cat. no. A0216; 1:10,000; Beyotime Institute of Biotechnology) at room 154 

temperature for 1 h. The protein bands were visualized by ECL Moon from Beyotime Biotechnology. 155 

The blots were scanned by using an Odyssey Two-color Infrared Laser Imaging System (Li-Cor, 156 

Lincoln, NE, USA). The primary antibodies were as follow: Anti‑ANT1 (cat. no. TD6674; 1:1,000; 157 

Abmart), anti‑Panx1 (cat. no. 12595-1-AP; 1:1,000; ProteinTech Group, Inc.), anti‑Caspase-3 (cat. 158 

no. T55051; 1:1,000; Abmart), anti‑Cleaved Caspase-3  (cat. no. Asp175; 1:1,000; Cell Signaling 159 

Technology, Inc), anti‑VDAC1 (cat. no. 55259-1-AP; 1:1,000; ProteinTech Group, Inc.), and 160 

anti‑β‑actin (cat. no. MA1‑140; 1:10,000; Thermo Fisher Scientific, Inc.). 161 

 162 

Histopathological and Immunohistochemistry Analysis 163 

Samples were fixed in 4% paraformaldehyde for 24 h at temperature. For the preparation of paraffin 164 

embedded tissues, tissues routinely dehydrated at room temperature using an increasing ethanol 165 

gradient followed by xylene. The tissues were then embedded in paraffin. For the preparation of 166 

frozen tissues, tissues routinely dehydrated at room temperature using an increasing sucrose 167 

followed by optimal cutting temperature compound embedding, - 80°preservation. 5 μm liver 168 

sections were respectively stained with hematoxylin eosin dye, hematoxylin-eosin staining to 169 

observe hepatic lipid droplets. For immunohistochemical staining, sections were immersed in 0.01 170 

M sodium citrate for antigen retrieval. Endogenous peroxidase activity was quenched by incubating 171 

with 3% H2O2 for 10 min. The sections were then incubated with 10% bovine serum albumin for 1 172 

h, and then incubated with as follow: Anti‑ANT1 (cat. no. TD6674; 1:50; Abmart), anti‑Panx1 (cat. 173 

no. 12595-1-AP; 1:50; ProteinTech Group, Inc.), at 4°C overnight. A second antibody specific to 174 

the primary antibody was selected and allowed to react at room temperature for 60 min. DAB 175 
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(Sigma) color reaction solution was used for slice color development. 176 

 177 

Statistical Analysis 178 

All statistical analyses were carried out in the R suit (version: 3.3.3). One-way analysis of variance 179 

was used for comparison of three or more groups, and after one-way analysis, Dunnett-t was used 180 

for post-hoc test. All data were expressed as mean ± standard error of the mean (SEM). P < 0.05 181 

was considered to indicate a statistically significant difference. 182 

 183 

Results 184 

Biological functions of the two isoforms in patients with NASH 185 

Different patients have different sensitivities to lifestyle interventions and thus different outcomes. 186 

In the present study, we aim to find key markers that can identify patients sensitive to lifestyle 187 

interventions. Along this line, we divided the patients in the baseline data into two subgroups (LSI 188 

responders and non-responders) using the pathological outcome at 1-year follow-up data as a 189 

reference. The workflow is shown in figure1. 190 

On this basis, we used R language software for differential gene analysis. A total of 628 191 

differentially expressed genes (DEGs) were identified, including 362 up-regulated and 266 down-192 

regulated genes, as shown in heatmaps and volcano plots (Figure 2A-B). Then, we further analyzed 193 

the potential functional implication of these DEGs. GO enrichment analysis showed that DEGs were 194 

mainly related to metabolic process and immune state (Figure 2C). The top 10 enriched GO terms 195 

mainly included lipid metabolic process, cholesterol biosynthetic process and immune response 196 

(Table 1). 197 
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Next, a gene set enrichment analysis (GSEA) was performed on the two subtypes to clarify the 198 

difference of biological functions and revalidation. Consistent with the results of GO analysis, 199 

GSEA showed that adaptive immunity related pathways were mainly enriched on LSI responders 200 

subtypes (Figure 3). The results of the enrichment analysis suggest that differences in the immune 201 

status of the two subtypes are key to responding to lifestyle intervention. 202 

 203 

Differences in immune status among subtypes of patients with NASH 204 

To decipher the immune heterogeneity between these two subtypes, CIBERSORT algorithm[21] 205 

and Estimate algorithm[22]were used for further analysis. The CIBERSORT algorithm calculated 206 

the constituent proportions of 22 immune cells in the two subtypes to assess the discrimination of 207 

immune responses (Figure 4A). The results showed significant differences in the content of 208 

lymphocytes, monocytes, and mast cells in both subtypes. Notably, the LSI responders group had a 209 

higher proportion of M2 type macrophages, whereas the non-responders group had a higher 210 

proportion of M1 type macrophages (Figure 4B). Consistent with this, LSI responders had 211 

significantly higher stromal and immune scores by computing Estimate algorithm compared to non-212 

responders (Figure 4C). These results suggest that differences in immune cell composition among 213 

different subtypes may have differential sensitivity to lifestyle interventions. 214 

 215 

Identification of key modules based on gene and immune cell expression matrices in the two 216 

subtypes 217 

WGCNA was used to construct networks based on the expression matrix of genes and immune cells 218 

from the two subtypes to explore key genes responsible for differences in immune cell composition. 219 
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The soft threshold power (β =9) was seted to build a scale free network (Figure 5A-B). Similar 220 

expression patterns clustered into the same modules, a hierarchical clustering tree was constructed 221 

using dynamic hybrid cutting and cut height < 0.25 were merge (Figure 5C). Four co-expression 222 

modules were generated: turquoise, blue, brown, gray (Figure 5D-E). The gray module contained 223 

genes that could not be incorporated into any other module. The eigengenes of co-expression 224 

module were shown in Figure 5F. Among the four modules, the blue and turquoise modules were 225 

strongly correlated with macrophages. In detail, the turquoise module was positively correlated with 226 

macrophage M2 type, while the blue module was negatively correlated with macrophage M2 227 

(Figure 5G-H). These correlations were confirmed through analysis of hierarchical clustering and 228 

adjacency relationships. The brown and turquoise modules were used for further analysis. 229 

 230 

Screening of hub genes associated with immune cell phenotypes in two subtypes 231 

On the basis of WGCNA, standard cutoff thresholds were set at 0.75 and 0.6 for the Module Member 232 

ship and gene trait significance, respectively. In the blue module, 27 genes were identified (15 for 233 

m0). In the turquoise module, 65 genes were identified (38 for m0). In addition, we also performed 234 

protein-protein interactions (PPI) network on the basis of differential genes. MCODE algorithm was 235 

then applied to this network to identify neighborhoods where proteins are densely connected and a 236 

total of 12 MCODES were computed (Figure 6A). To further test the discrimination efficiency of 237 

these MCODES, we validated them using the GSE83452 dataset as a validation set[23](Figure 6B). 238 

Among these MCODES, MCODE4 and MCODE8 reached a high level (AUC = 0.948; AUC = 239 

0.906). The gene markers obtained by the two algorithms were overlapped, and two genes (ANT1 240 

and PSMD8) were selected as hub genes (Figure 6C). Finally, correlation analysis between hub 241 
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genes and immune cells showed that ANT1 and PSMD8 were positively correlated with 242 

macrophages M2 and negatively correlated with macrophages M0, which was consistent with the 243 

results of WGCNA (Figure 6D). 244 

 245 

The capacity of hub genes to identify LSI responders populations 246 

Can the hub gene serve as a key marker to distinguish sensitive populations for lifestyle intervention? 247 

We further used the training set and validation set to explore the relationship between the hub genes 248 

and disease states, respectively.  249 

In the training set, the two hub genes were significantly up-regulated in the LSI responders group, 250 

showing good discrimination. Meanwhile, to confirm the correlation of hub gene and treatment 251 

sensitivity, we compared the expression changes of hub gene before and after lifestyle intervention. 252 

In the LSI responders group, the hub gene significantly decreased as the lifestyle intervention 253 

proceeded. The non-responders group did not change (Figure 7A). At the same time, we verify the 254 

relationship of hub gene and LSI responders again in the validation set (Figure 7B). ANT1 was 255 

specifically highly expressed in the LSI responders group and decreased after lifestyle intervention. 256 

ANT1 was lowly expressed in the non-responders group and was unresponsive to lifestyle 257 

intervention. These results indicate that ANT1 is a key gene in response to lifestyle intervention and 258 

a key marker to distinguish individuals sensitive to lifestyle intervention. 259 

 260 

ANT1 responds to LSI intervention by regulating Panx1 261 

Why is high ANT1 expression sensitive to exercise? We performed experimental validation to 262 

complement and refine the bioinformatic analysis. The HPA database showed that the abundance of 263 
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ANT1 in liver parenchymal cells was higher than that in other cells (Figure 7C-D). On this basis, 264 

different gradients of FFAs (0.5mM, 0.75mM, 1mM) were used to stimulated AML12 cells to mimic 265 

an in vitro model of NAFLD while inducing ANT1 expression. ANT1 was higher with increasing 266 

FFA concentrations. Cleaved caspase3 and Panx1 were also elevated along with ANT1, showing a 267 

high degree of correlation (Figure 8). High expression of ANT1 would induce apoptosis and activate 268 

caspases[24]. Panx1 channel is activated by cleaved caspase during apoptosis[11]. Activation of 269 

Panx1 channels is associated with exercise as well as M2 type macrophages[11, 25, 26]. There may 270 

be a regulatory relationship between Panx1 and ANT1. Therefore, the loss of function experiment 271 

was designed for further analysis. 272 

SiRNA was transfected to knock down ANT1 in an in vitro model of NAFLD, and ANT1 siRNA3 273 

was selected out for subsequent experiments (Figure 8). Cleaved caspase3 and Panx1, which are 274 

elevated in response to FFA, decreased with ANT1 knockdown, confirming that these indexes were 275 

affected by ANT1 (Figure 8). We also verified the relationship between the two in vivo model. In 276 

three animal models (control, HFHC, HFHC & exercise), we found that the expression of ANT1 277 

was significantly up-regulated in NAFLD model induced by high-fat and high cholesterol diet, 278 

while exercise intervention on this basis significantly down regulated the expression of ANT1 279 

(Figure 8). At the same time, Panx1 is also positively regulated with the change of ANT1, which is 280 

consistent with the above. 281 

In the disease state, the highly expressed ANT1 affected the apoptotic activity by regulating 282 

Panx1. Exercise attenuates the onset of apoptosis in response to lipid accumulation, which explains 283 

why populations characterized by high expression of ANT1 can be sensitized to exercise. 284 

 285 
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Disscussion 286 

Nonalcoholic fatty liver disease is currently the most common chronic disease, endangering human 287 

health. Currently, lifestyle interventions remain the main treatment. But in clinical work, there are 288 

often some patients who cannot adhere to or tolerate exercise, which is an urgent problem[3]. Along 289 

this line, we want to clarify the effective mechanism of lifestyle intervention. During the analysis 290 

of sequencing data, we found that not all NASH patients were sensitive to lifestyle intervention, 291 

even if they received one-year intervention. This makes us realize that patients with NASH may 292 

have different subtypes. In clinical work, different treatment methods should be taken for patients 293 

with different subtypes of NASH. 294 

In this experiment, we analyzed the differences between different subtypes of NASH patients 295 

(LSI responders and Non-responders) at baseline. Considering the similar pathological 296 

characteristics of different NASH patients, we set a small threshold to screen the largest gene set. 297 

On this basis, we performed functional enrichment analysis of differentially expressed genes. The 298 

results showed that the immune response was enriched in the LSI responders group, indicating that 299 

the immune characteristics of patients at baseline determined the efficacy of lifestyle intervention. 300 

The immune cell infiltration and microenvironment analysis (ESTIMATE and CIBERSORT) 301 

algorithm was used to analyze the immune characteristics of LSI responders group and non-302 

responders, which further confirmed that LSI responders patients had a unique immune 303 

microenvironment at the baseline level, which was sensitive to lifestyle intervention. 304 

Furthermore, we used different module division methods (WGCNA, PPI) to identify a common 305 

feature, that is, the high expression subtype of ANT1 is sensitive to lifestyle intervention. In addition, 306 

we also analyzed the correlation between ANT1 gene and immune cells. ANT1 showed a significant 307 
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correlation with macrophage M2 activation. Meanwhile, Ant1 is localized to the inner mitochondrial 308 

membrane and is responsible for transporting ATP. High expression of Ant1 would induce apoptosis 309 

and activating caspases[24]. And the results of apoptosis metabolomics showed that metabolites 310 

(ATP) and caspases would stimulate the opening of Panx1 channels[11]. Panx1 channels are also 311 

one of the key channels through which exercise exerts its utility[25, 26]. We speculated that it may 312 

be the key to the effectiveness of lifestyle intervention.  313 

To confirm this idea, we de validated the relationship between ANT1 and LSI at three different 314 

levels. First, in silico, we chose two different datasets to compare ANT1 expression in the LSI 315 

responders and non-responders groups separately to verify ANT1 specificity. Then, to verify the 316 

sensitivity of Ant1 to exercise, we compared gene level changes before and after intervention. These 317 

results indicate that ANT1 is a key gene in response to lifestyle intervention and a key marker to 318 

distinguish individuals sensitive to lifestyle intervention. Second, why is high ANT1 expression 319 

sensitive to exercise? ANT1 is a key protein in the mitochondrial permeability transition pore 320 

(MPTP) - dependent apoptosis pathway[10]. Studies have shown that metabolites produced by 321 

apoptosis, released in a panx1 dependent pathway, can regulate the gene expression of phagocytes 322 

in vivo, closely related to the body inflammatory response[11]. Thus, ANT1 may respond to lifestyle 323 

intervention through Panx1. As described earlier, we confirmed the existence of a regulatory 324 

relationship between ANT1 and Panx1 by functional rescue experiments at the in vitro level. Finally, 325 

at the in vivo level, we explored the relationship of exercise, ANT1 and panx1. ANT1 and Panx1 326 

could be significantly upregulated in mice fed a high-fat, high cholesterol diet, and were effectively 327 

downregulated by an exercise intervention based on this result. These results indicate that the HFHC 328 

diet model successfully mimics the characteristics of the LSI responders population and that the 329 
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corresponding expression of ANT1 and Panx1 is altered under exercise intervention, providing 330 

further evidence that the LSI responders population may respond to exercise intervention through 331 

the ANT1 / Panx1 pathway. The discovery of this mechanism is expected to provide a new direction 332 

for the personalized treatment of patients with NAFLD. 333 

 334 

Conclusions 335 

In conclusion, our study identified key gene (ANT1) that can identify patients sensitive to lifestyle 336 

interventions through bioinformatic analysis and experimental validation. We found that lifestyle 337 

intervention may act through the Ant1 / panx1 pathway. 338 
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 436 

Figure1. Analytical flow diagram of the experiment. 437 

 438 

Figure2. Functional analysis of differentially expressed genes. (A) Heatmap, (B) volcano plot, (C) 439 

the top10 and top 40 of GO term between LSI responders and non-responders 440 

 441 

Figuer3. Gene set enrichment analysis of c5.all.v7.5.1.symbols between the two subtypes. (A-B) 442 

Top10 gene set positively associated with LSI responders subtype. 443 

 444 

Figure4. Evaluation and visualization of Immune microenvironment. (A) Compositional 445 

proportions of 22 immune cells in each sample. (B) Histogram of immune scores between the two 446 

subtypes. (C) Violin diagram of immune cells between two subtypes. 447 
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 448 

Figure5. WGCNA analysis of combined gene and immune phenotypes. (A-B) Scale independence 449 

and average connectivity were analyzed by network topology to filter out soft thresholds. (C-E) 450 

Genes were divided into distinct modules by hierarchical clustering. (F) Heatmap of the correlation 451 

between module eigengenes (MES) and immune cells. (G) Scatter plots of GS score and MM for 452 

macrophage in the turquoise modules. (H) Scatter plots of GS score and MM for macrophage in the 453 

blue modules. 454 

 455 

Figure6. Screening of hub genes associated with immune cell phenotypes in two subtypes. (A) The 456 

dense regions in PPI network are clustered by molecular complex detection. (B) ROC curve of 457 

MCODE. (C) Venn diagram of WGCNA and PPI. (D) Validation of co-expression network of hub 458 

genes and immune cells. 459 

 460 

Figure7. Expression of hub genes in LSI responders and non-responders groups. (A) Expression of 461 

ANT1 in both subtypes in the training set at baseline and before and after the intervention. (B) 462 

Expression of ANT1 in both subtypes in the validation set at baseline and before and after the 463 

intervention. (C-D) Abundance of Ant1 in different cells from the HPA database. Liver parenchymal 464 

cells are selected out by the red box. 465 

 466 

Figure8. ANT1 responds to LSI intervention by regulating Panx1. (A-B) Protein expression and 467 

quantification of Ant1, panx1 and c-casp3 stimulated by different concentrations of FFA. (C) 468 

Screening of Ant1 siRNA silencing efficiency. (D-E) Protein expression and quantification of Panx1 469 
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and C-CASP3 after ANT1 knockdown. *P < 0.05, **P < 0.01, ***P < 0.001 versus control group.  470 

 471 

Graphic abstract Schematic diagram of LSI responders mode 472 



Figures

Figure 1

Analytical �ow diagram of the experiment.



Figure 2

Functional analysis of differentially expressed genes. (A) Heatmap, (B) volcano plot, (C) the top10 and
top 40 of GO term between LSI responders and non-responders

Figure 3



Gene set enrichment analysis of c5.all.v7.5.1.symbols between the two subtypes. (A-B) Top10 gene set
positively associated with LSI responders subtype.

Figure 4

Evaluation and visualization of Immune microenvironment. (A) Compositional proportions of 22 immune
cells in each sample. (B) Histogram of immune scores between the two subtypes. (C) Violin diagram of
immune cells between two subtypes.

Figure 5

WGCNA analysis of combined gene and immune phenotypes. (A-B) Scale independence and average
connectivity were analyzed by network topology to �lter out soft thresholds. (C-E) Genes were divided into
distinct modules by hierarchical clustering. (F) Heatmap of the correlation between module eigengenes
(MES) and immune cells. (G) Scatter plots of GS score and MM for macrophage in the turquoise
modules. (H) Scatter plots of GS score and MM for macrophage in the blue modules.



Figure 6

Screening of hub genes associated with immune cell phenotypes in two subtypes. (A) The dense regions
in PPI network are clustered by molecular complex detection. (B) ROC curve of MCODE. (C) Venn diagram
of WGCNA and PPI. (D) Validation of co-expression network of hub genes and immune cells.



Figure 7

Expression of hub genes in LSI responders and non-responders groups. (A) Expression of ANT1 in both
subtypes in the training set at baseline and before and after the intervention. (B) Expression of ANT1 in
both subtypes in the validation set at baseline and before and after the intervention. (C-D) Abundance of
Ant1 in different cells from the HPA database. Liver parenchymal cells are selected out by the red box.



Figure 8

ANT1 responds to LSI intervention by regulating Panx1. (A-B) Protein expression and quanti�cation of
Ant1, panx1 and c-casp3 stimulated by different concentrations of FFA. (C) Screening of Ant1 siRNA
silencing e�ciency. (D-E) Protein expression and quanti�cation of Panx1 and C-CASP3 after ANT1
knockdown. *P < 0.05, **P < 0.01, ***P < 0.001 versus control group. 
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