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Impaired glucose tolerance (IGT) is a transitional stage in the development of Type 2 diabetes 
mellitus (T2DM), but understanding its pathogenesis is currently insufficient. This study established 
the IGT rats through a high-fat diet combined with intraperitoneal Streptozotocin (STZ) injection 
to investigate the pathogenesis via transcriptomic profiling of liver tissues. Through transcriptome 
analysis, a total of 860 up-regulated and 707 down-regulated differentially expressed genes (DEGs) 
were identified. Enrichment analysis highlighted the PPAR signaling pathway as central to the 
pathology of IGT. Protein-protein interaction (PPI) network analysis identified IL-1b, Stat1, Igf-1, and 
Cyp7a1 as Target DEGs (T-DEGs), which were validated by Western blot analysis. Elevated serum levels 
of IL-6, IFNγ, TNFα, and IL-1β were confirmed via ELISA analysis. The results suggested that signaling 
pathways such as STAT1/PPARγ/IGF-1, STAT1/PPARγ/Cyp7a1, and STAT1/PPARγ/IL-1β may play 
crucial roles in the pathogenesis of IGT. These findings provide insight into potential mechanisms and 
targets for early diagnosis and therapeutic intervention.
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Impaired glucose tolerance (IGT) is an early stage of type 2 diabetes mellitus (T2DM) without typical clinical 
symptoms. Relevant data estimate that more than 1.31 billion people are expected to suffer from T2DM by 20501, 
and the global prevalence of IGT is projected to increase to 10%, or 638 million people, by 20452. These figures 
indicate an alarming increase in the prevalence of T2DM and IGT worldwide. As a reserve force of T2DM, 
IGT has a conversion rate of up to 50% within 5 years, marking an increased risk of T2DM and cardiovascular-
related diseases3. Once individuals enter the IGT stage, their health risk increases significantly. However, the IGT 
population has a low awareness rate and an insidious onset, which seriously affects life quality. Scholars have 
found that Homeostatic Model Assessment of Insulin Resistance (HOMA-IR) levels are already elevated in IGT 
and can be regarded as an independent risk factor for progression from IGT to T2DM4. Hyperglycemia during 
the IGT stage also increases levels of related inflammatory cytokines, which are risk factors for microvascular 
or macrovascular disease5. Moreover, disorders in both glucose and lipid metabolism during the IGT stage may 
contribute to end-organ damage, such as kidney disease, heart disease, and retinopathy6.

As a critical period in the conversion to T2DM, IGT exhibits a high degree of reversibility, and the likelihood 
of blood glucose normalization in IGT patients can be increased through medication and lifestyle intervention7. 
Early screening and treatment of the IGT population can not only advance the timing of diabetes treatment, 
improve the reversal rate of prediabetes, and reduce the number of people progressing to diabetes, but also 
control the occurrence and development of diabetes and prevent cardiovascular and other related complications. 
As research on disease occurrence mechanisms advances, some studies have identified risk factors associated 
with lGT. Under the influence of inflammatory cytokines, alteration in the insulin IRS/PI3-K signaling pathway 
may be associated with the incidence of prediabetes8. Transcriptomics plays a crucial role in elucidating disease 
mechanisms by conducting unbiased comparisons of transcriptomic profiles between healthy and diseased 
tissues, characterizing disease-associated genetic alterations, and identifying biological pathways9. With the 
continuous advancement of transcriptomic sequencing technology, the core genes and associated pathways 
of diabetes and related complications, such as diabetic nephropathy and diabetic retinopathy have been 
identified10,11. However, the pathogenesis of IGT has not yet been elucidated, and the intrinsic transcriptomic 
mechanisms underlying changes in glucose metabolism during the IGT period remain unclear. Transcriptomics 
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is a valuable tool for investigating the mechanisms of IGT development and facilitating the diagnosis, treatment, 
and prevention of this disease. The liver, as the central organ regulating glucose homeostasis, plays a critical role 
in glycogen breakdown and storage, and serves as a major site of insulin resistance (IR)12. To investigate the 
molecular mechanisms underlying impaired IGT, transcriptome sequencing analysis was performed on liver 
tissues from the IGT and Control (Ctrl) groups to identify altered expressed genes, core genes, and potential 
pathways involved in its pathogenesis. This study aims to elucidate the pathogenesis of IGT and provide new 
insights and evidence for understanding its molecular basis and for future intervention therapy. The structure of 
our paper is shown in Fig. 1.

Results
Blood glucose levels in the IGT rats
This study conducted an OGTT test on both Ctrl group (n = 6) and IGT group (n = 6) rats on day 0 and day 42 
after the IGT group was established, the results were shown in Fig. 2A-B. Obviously, the glucose concentration 
in the IGT group was significantly higher than the Ctrl group on both day 0 (P = 0.0013) and day 42 (P < 0.0001) 
after a 120-min post-load glucose challenge.

Overview of transcriptome analysis
We compared the IGT and Ctrl samples to identify target genes relevant to this study. The standard and unique 
genes of the two groups were visualized. The Venn diagram was drawn as follows (Fig. 3A). There were 10,832 
co-expressed genes in total, accounting for 92.2%, 436 unique genes in the Ctrl group, accounting for 3.71% 
and 481 unique genes in the IGT group, accounting for 4.09%. Principal component analysis (PCA) (Fig. 3B) 
showed that the IGT and Ctrl groups were highly similar within each group, and the two groups showed clear 
discrimination.

Fig. 1.  The workflow of this study.
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Screening of DEGs
Through the analysis and identification of genes in the IGT and Ctrl groups, a total of 1567 differentially expressed 
genes (DEGs) were identified, of which 860 genes were up-regulated and 707 genes were down-regulated. To 
visualize the differential gene expression, we constructed a volcano map (Fig. 4A) and a heat map (Fig. 4B-C) 
based on our RNA-seq results. In the volcano map, genes with significant fold changes in differential expression 
appear on the left and right sides of the midline, respectively, while significantly expressed DEGs appear higher 
in the plot. The heat map illustrated the clustering gene expression across multiple samples, with red indicating 
significant up-regulation and blue indicating substantial down-regulation. The results suggested significant 
differences between the IGT and the Ctrl groups. Notably, the supplementary table provides the entire list of 
1567 DEGs (Supplementary Material. S1).

Enrichment analysis of DEGs
GO enrichment analysis of DEGs
GO enrichment analysis was performed on the up- and down-regulated DEGs across three categories: biological 
process (BP), cellular component (CC), and molecular function (MF), respectively, with a significance threshold 
of p-value < 0.05. The results were shown in Fig. 5A,B.

In biological processes, up-regulated genes were mainly enriched in the regulation of interleukin-1 beta (IL-
1b) production, regulation of interferon-gamma (IFNγ) production, cellular response to IFNγ, regulation of 
I-kappaB kinase/NF-kappaB (NF-κB) signaling, positive regulation of IFNγ production and positive regulation 

Fig. 3.  Results of analysis between the IGT and Ctrl group. (A) Veen diagram. (B) PCA analysis.

 

Fig. 2.  Blood glucose levels of day 0 and day 42 in the IGT and Ctrl group (n = 6 per group). Values are 
presented as mean ± SD. When comparisons were made between the Ctrl and IGT groups #. P < 0.05, ##. 
P < 0.01, ####. P < 0.0001.
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of IL-6 production. Down-regulated genes were mainly enriched in the steroid biosynthetic process, cholesterol 
biosynthetic process, cholesterol metabolic process, regulation of lipid metabolic process, and regulation of fatty 
acid metabolic process.

For cellular components, up-regulated genes were primarily associated with MHC protein complex, 
immunological synapse, lytic vacuole, lysosome, and plasma membrane signaling receptor complex. Down-
regulated genes were primarily associated with Ssh1 translocon complex, centriolar satellite, axon, Mre11 
complex, and Rab-protein geranylgeranyltransferase complex.

In molecular function, up-regulated genes were mainly enriched in chemokine activity, chemokine receptor 
binding, cytokine receptor activity, cytokine binding, and immune receptor activity. Down-regulated genes 
were mainly enriched in insulin receptor binding, steroid hydroxylase activity, alcohol dehydrogenase (NAD+) 
activity, alcohol dehydrogenase [NAD(P)+] activity, and cholesterol 7-alpha-monooxygenase activity. Specific 
GO enrichment details are provided in the Supplementary Materials (Supplementary Material. S2).

KEGG enrichment analysis of DEGs
According to the pathway significance (p-value < 0.05), the top 20 KEGG enrichment analysis for the 860 
up-regulated DEGs were shown in the bubble chart (Fig. 6A). The results show that up-regulated DEGs were 
mainly involved in Antigen processing and presentation, Cytokine-cytokine receptor interaction, chemokine 
signaling pathway, NF-κB signaling pathway, Cell adhesion molecules, Osteoclast differentiation, Allograft 
rejection, NOD-like receptor signaling pathway, Th1 and Th2 cell differentiation and Natural killer cell mediated 
cytotoxicity.

Similarly, based on the pathway significance p-value, the top 20 of the KEGG enrichment analysis for the 707 
down-regulated DEGs were shown in the bubble chart (Fig. 6B). The results show that down-regulated DEGs 
were mainly enriched with Steroid biosynthesis, Bile secretion, Primary bile acid biosynthesis, PPAR signaling 
pathway, FoxO signaling pathway, Steroid hormone biosynthesis, Adipocytokine signaling pathway, Longevity 
regulating pathway, Longevity regulating pathway-multiple species and Fatty acid degradation. Specific KEGG 
enrichment pathways are presented in the Supplementary Materials (Supplementary Material. S3).

  

Construction and analysis of the PPI network
This study utilized the online analysis database “STRING 12.0” to further investigate the function of genes at 
the protein level. Using the up-regulated and down-regulated DEGs as target genes, respectively, we retrieved 
the interactions between gene expression proteins, set the minimum interaction confidence score to 0.400, and 
constructed the respective DEGs’ protein-protein interaction (PPI) networks. In these networks, nodes represent 
proteins, and connections represent interactions between proteins. The interaction files exported from STRING 
were visualized in Cytoscape (3.9.1). The PPI core network for the up- and down-regulated DEGs was analyzed 
using Betweenness (BC) in the CytoNCA plug-in, and each DEG was assigned a value based on a topological 
net algorithm. The top 10 DEGs were sorted and screened to construct a subnetwork and identify key nodes.

Fig. 4.  Differential expression analysis of RNA-seq. (A) Volcano map. The x-axis (log2FC) represents the fold 
change in gene expression difference between the IGT and Ctrl group after log transformation. The larger the 
absolute value, the greater difference in gene expression between the two groups. Positive value indicates that 
the difference is up-regulated, while negative value indicates that the difference is down-regulated. The y-axis 
represents the significance gene expression changes, where a smaller Padjust indicates a more substantial 
difference. Red dots indicate significantly up-regulated genes, blue dots indicate significantly down-regulated 
genes, and gray dots indicate non-significant genes. (B,C) Heat map. Each column represents a sample, each 
row represents a gene, and the color in the figure indicates the magnitude of gene expression in each sample. 
Red indicates higher gene expression in that sample, while blue indicates the opposite.
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PPI network construction of up-regulated DEGs and screening of top 10 DEGs
A PPI network of the up-regulated DEGs was constructed using visualization software, forming a complex 
network consisting 787 nodes and 6343 lines. The top 100 DEGs based on betweenness centrality score were 
extracted and ranked to generate the PPI network diagram (Fig. 7A). The top 10 DEGs were screened and used 
to construct the sub-network, as shown in Fig. 7B. These top 10 DEGs, IL-1b, Cd44, Tyrobp, Stat1, Cd74, Rac2, 
Lck, Icam1, Cdk1 and Itgad, were identified as possible core nodes in the up-regulated DEGs network.

PPI network construction of down-regulated DEGs and screening of top 10 DEGs
The PPI network of down-regulated DEGs was similarly constructed, forming a network of 473 nodes and 577 
lines. The top 100 DEGs based on betweenness centrality score were extracted and ranked to create the PPI 
network diagram (Fig. 7C). The top 10 DEGs were screened to construct the sub-network, as shown in Fig. 7D. 
These top 10 DEGs, Mysm1, Igf-1, Smc5, Nipbl, Cyp7a1, Amdhd1, Atrx, Ranbp2, Xiap, and Gfra1, were identified 
as possible core nodes in the down-regulated DEGs network.

Fig. 5.  Histogram of GO enrichment analysis. (A) GO enrichment terms of 707 down-regulated DEGs of IGT 
vs. Ctrl. (B) GO enrichment terms of 860 up-regulated DEGs of IGT vs. Ctrl.

 

Scientific Reports |        (2025) 15:44908 5| https://doi.org/10.1038/s41598-025-28985-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fig. 6.  KEGG enrichment bubble chart. In the bubble chart, we sorted the top 10 pathways by p-value and 
visualized them; the darker the node in the graph, the higher the ranking. (A) The top 20 enrichment signaling 
pathways of 860 up-regulated DEGs in IGT vs. Ctrl. (B) The top 20 enrichment signaling pathways of 707 
down-regulated DEGs in IGT vs. Ctrl. The Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway map 
was obtained from KEGG (https://www.kegg.jp/). KEGG is a publicly available resource under the terms of the 
academic uselicense13,14.
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To further elucidate the pathogenesis of IGT, as per the top 10 DEGs identified through the above transcriptome 
analysis. Based on literature review and experimental data, we hypothesized that IL-1b, Stat1, Igf-1, and Cyp7a1 
may be Target DEGs (T-DEGs) that play a critical regulatory role in the pathogenesis of IGT. These selected 
T-DEGs are associated with the NF-κB and PPAR signaling pathways identified in KEGG enrichment analysis.

In this study, PPARγ was decreased in the IGT group compared to the Ctrl group, as shown in Supplementary 
Material. S4. Consistent with this, previous research has demonstrated two primary mechanisms. In adipocytes, 
Kyle et al. reported that PPARγ is a target gene of STAT1. p-STAT1 binds to the IFN-γ response element in the 
PPARγ promoter region, directly suppressing its transcription15. In macrophages, IFN-γ stimulation induces 
STAT1 phosphorylation (p-STAT1)16,which promotes M1 macrophage polarization17, thereby reducing M2 
populations and inhibiting PPARγ activity18. This process diminishes the antagonistic effect on NF-κB signaling, 
exacerbating the inflammatory response16. These observations strongly align with the potential inflammatory 
state in IGT and underscore the critical role of the STAT1/PPARγ balance in disease pathogenesis. Therefore, we 
propose that during the pathogenesis process of IGT, Stat1 down-regulates Pparγ in the PPAR-related pathway, 

Fig. 7.  (A) The PPI network module is composed of the top 100 up-regulated DEGs. (B) The PPI network 
module is composed of the top 10 up-regulated DEGs. (C) The PPI network module is composed of the top 
100 down-regulated DEGs. (D) The PPI network module is composed of the top 10 down-regulated DEGs.
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further leading to alterations in genes such as IL-1b, Igf-1, and Cyp7a1. Concurrently, changes in the NF-κB 
signaling pathway and elevated inflammation-related factors induce inflammatory responses and alter blood 
glucose levels. To validate this hypothesis, we conducted biological experiments to verify these related genes.

Western blot analysis
Western blot results verified the genes related to our conjecture at the expression levels of three proteins (Fig. 8). 
Compared with the Ctrl group, the expression of PPARγ (P = 0.0022) was lower in the IGT group. Since the 
transcriptional activity of NF-κB is regulated by phosphorylation or complete activation of acetylation of the 
p65 subunit, detection of p65 using protein validation is an indispensable indicator for studying the NF-κB 
signaling pathway. The results revealed that p65 (P < 0.0001) was higher in the IGT group than in the Ctrl group. 
Furthermore, the hub gene Stat1 regulatory protein undergoes phosphorylation, leading to the formation of 
p-STAT1. The results showed that the expression level of p-STAT1/ STAT1 protein was significantly elevated 
in the IGT group compared to the Ctrl group (P < 0.0001). These results are consistent with our hypothesis. 
Collectively, our findings suggest that STAT1 may act as a negative regulator of PPARγ in the context of 
IGT. Please be informed that the original and uncropped blots corresponding to Fig. 8A are provided in the 
Supplementary file (Supplementary Material. S5).

Inflammatory cytokines level in the IGT rats
Based on the above Western blot verification, we believe that phosphorylation and activation of Stat1 in IGT 
may affect PPARγ expression, leading to reduced PPARγ levels. To further investigate whether inflammatory 
cytokines play a role in this process, we selected four factors, including the differential gene IL-1β, and analyzed 
their levels in rat serum. The results are shown in Fig. 9. Compared with the Ctrl group, the levels of IFNγ 

Fig. 8.  Western blot. (A) A summary graph for quantitative analysis of p-STAT1, STAT1, p65, and PPARγ 
protein densitometry. (B–D) Relative protein expression of p-STAT1/STAT1, PPARγ, and p65. When 
comparisons were made between the Ctrl and IGT groups, graphs represent mean ± SD. #. P < 0.05, ##. P < 0.01, 
####. P < 0.0001.

 

Scientific Reports |        (2025) 15:44908 8| https://doi.org/10.1038/s41598-025-28985-5

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


(p = 0.0022), TNFα (p = 0.0303), IL-6 (p = 0.0011), and IL-1β (p = 0.037) in IGT group were significantly elevated. 
This study has shown that the levels of inflammatory cytokines in IGT rats have improved considerably, 
suggesting excessive activation of the inflammatory response, which may contribute to the development and 
progression of the disease.

Discussion
The pathogenesis of IGT is closely associated with glucose metabolism disorders and is related to the degree 
of obesity and abnormal lipid metabolism. Research indicates that19,20, compared to the normoglycemic 
population, both obesity and dyslipidemia are more prevalent in the IGT group. Obesity is an independent risk 
factor for T2DM, and the dyslipidemia pattern in IGT resembles that of the T2DM population. These risk factors 
can promote adipose tissue inflammation, thereby accelerating the progression from IGT to T2DM. However, 
the intrinsic molecular mechanisms underlying their interaction in IGT pathogenesis remain unclear, limiting 
advancements in early T2DM prevention and treatment.

In the study, an IGT rat model was established to investigate the pathogenesis of IGT and to provide evidence 
for its early prevention and treatment. Transcriptomic analysis was performed to identify key genes and signaling 
pathways involved in IGT progression. Finally, a total of 1567 DEGs were identified, including 860 up-regulated 
and 707 down-regulated genes. Among these, IL-1b, Stat1, Igf-1, and Cyp7a1 were identified as T-DEGs. Based 
on our data, we hypothesize that STAT1/PPARγ/IGF-1, STAT1/PPARγ/Cyp7a1, and STAT1/PPARγ/IL-1β 
pathways may play key roles in the pathogenesis of IGT.

The IGT pathogenesis process involves multiple transcriptional pathways. PPAR (peroxisome proliferator-
activated receptor) includes subtypes PPARα, PPARβ/δ, and PPARγ. As a transcription factor activated 
by endogenous ligands, PPAR plays a central role in glucose regulation, inflammation response, and cell 
differentiation. Previous studies have demonstrated its crucial role in glucose metabolism in T2DM21,22. In 
particular, PPARγ promotes adipocyte differentiation, enhances insulin sensitivity, regulates adipogenesis and 
maintains the function of mature adipocytes23. Given its pivotal role, PPARγ is an important therapeutic target 
for T2DM, and its agonists are widely used in diabetes treatment22.

Impaired glucose uptake in adipose tissue can disrupt glucose metabolism. PPARγ plays a key role in 
promoting adipocyte differentiation, and its down-regulation can impair adipocyte differentiation and thereby 
glucose uptake. Transcriptional inhibition of PPARγ reduces the ability of mesenchymal progenitor cells to 
differentiate into the adipocyte lineage, resulting in fewer nascent adipocytes. Nascent adipocytes are critical for 
altering adipose tissue function. The reduction in newly differentiated adipocytes exacerbates the dysfunction of 
existing adipose tissue, decreasing glucose uptake and increasing the risk of metabolic disorders and impaired 
glucose tolerance24. Previous analyses related to T2DM have confirmed that STAT1 is a major transcription 
factor regulating diabetes pathogenesis25. In this research, as early as the IGT stage, STAT1 was up-regulated 
in the IGT group compared to the Ctrl group. This up-regulation may inhibit adipocyte differentiation through 
the PPARγ signaling pathway. A study has shown that STAT1 mediates IFNγ induced inhibition of adipocyte 
differentiation26. Further study revealed that STAT1 and IFNγ can influence PPARγ transcription. Increased 
IFNγ expression may directly modulate adipocyte differentiation by up-regulating activated STAT1, which binds 
to the IFNγ site within the PPARγ promoter and induces its transcriptional repression27. Moreover, abnormal 
adipocyte hypertrophy reduces adipose tissue’s capacity to store excess lipids, thereby increasing the risk of 
glucose metabolic disorders and impairing glucose uptake28. Lipoprotein lipase (LPL) is a key enzyme that 
hydrolyzes triglycerides into free fatty acids for uptake and storage in adipose tissue. While PPARγ induces LPL 
gene expression, STAT1 may directly suppress LPL by binding to its promoter. Down-regulation of LPL activity 
leads to triglyceride accumulation, resulting in enlarged lipid droplets, adipose tissue expansion, and adipocyte 
hypertrophy. These alterations collectively contribute to impaired glucose homeostasis27,29,30.

In this study, transcriptomic analysis revealed that PPARγ decreased in the IGT group compared to the 
Ctrl group, although the difference did not reach statistical significance. Specifically, transient sampling during 

Fig. 9.  Compared with the Ctrl group, the serum levels of IFNγ, TNFα, IL-6, and IL-1β in the IGT group. 
When comparisons were made between the Ctrl and IGT groups, graphs represent mean ± SD. #. P < 0.05, ##. 
P < 0.01, ####. P < 0.0001.
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sequencing may have failed to capture the temporal or cell-type-specific down-regulation of PPARγ expression. 
In the context of IGT, PPARγ down-regulation may vary across cell types, such as adipocytes or macrophages, 
or across particular disease stages. Since this study analyzed liver tissue, these critical localized changes may not 
have been fully captured. Moreover, the PPARγ gene produces multiple transcript isoforms31. The RNA-seq used 
here may preferentially detect the more abundant isoforms, while underrepresenting low-expression, disease-
sensitive variants. These isoforms may contribute to the discrepancies observed between transcriptomic and 
proteomic data. Research indicates32 that PPARγΔ5, a natural splicing isoform generated by exon 5 skipping, 
lacks a complete ligand-binding domain. Under hyperglycemic conditions, particularly in obese individuals, 
ligand-activated PPARγ can induce exon 5 skipping, leading to PPARγΔ5 formation and establishing a negative 
feedback loop. This process increased the PPARγΔ5/PPARγ ratio, thereby reducing the functional PPARγ level. 
This mechanism may partly explain the reduction in PPARγ protein expression observed in IGT. Furthermore, 
PPARγΔ5 retains the ability to interact with RXRα, which impairs PPARγ’s regulatory capacity. Elevated 
PPARγΔ5 in adipose tissue disrupts the PPARγ gene network, leading to variant formation, function loss, and 
impaired adipocyte differentiation. It is important to note that this study has certain limitations. Although 
the PPARγ expression change was confirmed at the protein level by Western blot, qPCR validation was not 
performed due to experimental constraints. As a result, the RNA-seq data lack additional experimental support. 
Further verification using qPCR and other approaches will be carried out in future work.

Previous studies have demonstrated that IR emerges during the IGT stage33. Fat tissue is crucial for 
maintaining insulin sensitivity. Macrophages promote glucose uptake in adipocytes, regulate lipid homeostasis, 
and increase energy expenditure, thereby supporting metabolic homeostasis34.

 Firstly, our study found that decreased PPARγ may hinder the polarization of M2 macrophages, thereby 
facilitating IR35,36. In diverse microenvironments, macrophages can be classified into classically activated 
macrophages (M1 macrophages) and alternatively activated macrophages (M2 macrophages) based on their 
polarization phenotypes. It is generally considered that M1 macrophages exert pro-inflammatory functions, 
whereas M2 macrophages exert anti-inflammatory functions37. In comparison, a reduction in M2 macrophages 
diminishes their ability to maintain insulin sensitivity38. The up-regulated PPARγ signaling pathway plays a 
crucial role in facilitating M2 polarization of macrophages39. The research found that STAT1 is a key factor 
in inhibiting the transcription of the macrophage regulator PPARγ17,40. Therefore, STAT1/PPARγ inhibits 
M2 polarization of macrophages and maintains the M1 phenotype, which may be the mechanism underlying 
decreased insulin sensitivity and elevated serum glucose.

 Secondly, our research found that IGF-1 expression was significantly down-regulated in the IGT group 
compared with the Ctrl group. KEGG pathway enrichment analysis suggested that IGF-1 may contribute to the 
down-regulation of PPARγ expression in IGT through the FOXO pathway. Previous studies have shown that 
decreased IGF-1 correlates with increased M1 macrophages41. IGF-1 and insulin share identical downstream 
signaling pathways and are involved in the uptake of glucose and fatty acids in peripheral tissues, thereby 
regulating glucose homeostasis. It is a risk factor for progression from standard glucose tolerance to IGT42. Down-
regulation of IGF-1 facilitates the functional effects of the FOXO transcription factor. In the FOXO signaling 
pathway, IGF-1 combines with the IGF-1 receptor (IGF-1R), activates IRS, and promotes Akt phosphorylation 
via the PI3K-Akt signaling pathway. This, in turn, stimulates FOXO phosphorylation, inhibiting FOXO nuclear 
entry and suppressing its function. Additionally, FOXO1, a FOXO family member, binds to the PPARγ promoter, 
suppressing its expression and influencing metabolic regulation43. When IGF-1 expression is down-regulated, 
IGF-1 and IGF-1R interaction is reduced, attenuating FOXO functional inhibition, leading to reduced PPARγ 
expression and macrophage recruitment44. During IGT pathogenesis, M1-like accumulation macrophage is a 
marker of elevated blood glucose. Changes in macrophage polarization caused by STAT1/PPARγ are associated 
with altered IGF-1 levels. This STAT1/PPARγ/IGF-1 inhibitory mechanism may further decrease PPARγ 
expression, exacerbating IR and increasing blood glucose levels.

 Thirdly, Cyp7a1 is involved in macrophage cholesterol efflux of the PPARγ pathway, which influences glucose 
metabolism. Studies have shown that decreased PPARγ expression reduces liver X receptor α (LXRα) expression, 
attenuating the PPARγ/LXRα/Cyp7a1 pathway45. Cyp7a1, activated downstream of the PPARγ/LXRα pathway, 
encodes cholesterol 7α-hydroxylase in the liver, the first rate-limiting enzyme in bile acid synthesis, which 
catalyzes cholesterol transformation46. When PPARγ/LXRα is down-regulated, Cyp7a1 activation is restricted, 
disrupting cholesterol metabolism and leading to cholesterol deposition. This also reduces bile acid synthesis. 
Bile acid-activated farnesoid X receptor (FXR) enhances insulin sensitivity. Its decreased activity facilitates 
IR, glucose metabolism disorders, and elevated blood glucose levels47. In this study, Cyp7a1 expression was 
significantly down-regulated in the IGT group compared to the Ctrl group. This finding is consistent with the 
results from the aforementioned studies, indicating that Cyp7a1 may play a critical role in the progression of 
IGT.

 Fourthly, previous studies have indicated that IL-1β transcription levels are markedly elevated in patients 
with IGT and even in the T2DM population48, and that these levels are associated with obesity and contribute to 
the development of IR49. IL-1β also influences macrophage polarization, its excessive release from macrophages 
induces classical M1 macrophage activation50. This aligns with the blockade of the STAT1/PPARγ pathway, 
suggesting its role in promoting M1 macrophages and affecting the FOXO signaling pathway. Consequently, the 
IRS/Akt/FOXO1 signaling pathway is activated, leading to increased FOXO1 phosphorylation. As a transcription 
factor, FOXO1 further enhances IL-1β51. Conversely, PPARγ’s anti-inflammatory effects are well-documented52. 
PPARγ activation can restrain IL-1β inflammation. In the IGT inflammatory state, TNF-α and IL-1β further 
enhance NF-κB mediated suppression of PPARγ expression. This hinders the anti-inflammatory capacity of 
PPARγ, perpetuating the inflammatory environment23,53. The increased IL-1β expression further complicates the 
resolution of inflammation, making the inflammatory state increasingly persistent and challenging to reverse. 
Additionally, IL-1β also inhibits the Cyp7a1 transcription via the c-Jun-N-terminal kinase/c-Jun pathway, 
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thereby facilitating IR54. Similarly, IL-6 and TNF-α disrupt insulin signalling and insulin-stimulated glucose 
uptake, leading to elevated blood glucose levels55. In this study, Western blot and ELISA analysis revealed that 
the primary factor NF-κB p65, which regulates immune-mediated inflammatory responses, was significantly 
elevated in IGT group rats compared to rats with normal blood glucose. Additionally, the secretion levels of 
inflammatory cytokines including TNFα, IL-6, and IL-1β were significantly increased. These results indicate that 
inflammatory cytokines are abnormally activated as early as the IGT stage, thereby promoting IR and glucose 
metabolism disorders.

Furthermore, PPI analysis indicates that although no significant associations were found between the other 
top 10 DEGs and the PPAR signaling pathway, these genes may still influence lipid metabolism or inflammation. 
This requires further investigation. Itgad (CD11D) mediates inflammatory signal transduction and macrophage 
recruitment. Highly expressed in adipose tissue macrophages, Itgad enhances the infiltration and retention 
of M1 macrophages in adipose tissue, intensifying macrophage inflammatory signal56,57. Additionally, highly 
expressed Tyrobp is associated not only with chemokine activation but also with the regulation of IL-1β and IL-6. 
However, also related to JAK/STAT pathway activation, increasing inflammation-related levels. Tyrobp induces 
macrophage polarization and the pro-inflammatory NK cell response, leading to chronic adipose inflammation 
and dysfunction58,59. Importantly, the findings presented in this study are not limited to the T-DEGs identified 
but may also encompass certain other DEGs with potential research value and significance. These results provide 
an experimental basis for future IGT studies, and the potential roles of these genes warrant further exploration.

Conclusion
This study compared transcriptome differences between the healthy and IGT rats. Using bioinformatics 
techniques, quantitative and functional analyses were conducted, and a gene regulatory network was constructed. 
IL-1b, Stat1, Igf-1, and Cyp7a1 were identified as T-DEGs. The findings revealed that as early as the IGT period, 
these T-DEGs may mediate the onset and progression of IGT via the PPARγ signaling pathway. Additionally, 
potential regulatory networks were identified, including STAT1/PPARγ/IGF-1, STAT1/PPARγ/Cyp7a1, and 
STAT1/PPARγ/IL-1β.

Methods
Ethics declarations
The animal experiment research was approved by the Ethics Committee for Animal Experiments of Beijing 
University of Chinese Medicine (Ethics No.: BUCM- 2023041911-2127). All experiments were performed in 
accordance with the Regulations for the Administration of Experimental Animals issued by the State Council of 
China in 2017. All authors complied with the ARRIVE guidelines.

Animals and sample collection
Twenty 6-week-old SPF-grade male Sprague-Dawley rats were purchased from Charles River Laboratory 
Animal Co., LTD. (Beijing, China). All the rats weighed 200 g ± 20 g. Laboratory Animal Qualification License 
No.: SCXK2021-0006.

The 20 purchased rats were routinely housed in separate cages at the SPF Experimental Animal Center of 
Beijing University of Chinese Medicine, where the temperature was maintained at 18–22℃ and the relative 
humidity at 30–70%. The laboratory followed a 12-hour circadian cycle. All experimental animals had free 
access to diet and water to help them adapt to the new experimental environment. After one week of adaptive 
feeding, 6 of the 20 rats were randomly selected for the Ctrl group and fed an ordinary diet. The remaining 14 
rats were fed a high-fat diet to establish the IGT model. After 21 days of feeding, rats in both groups were fasted 
for 12 h. The IGT model was induced via intraperitoneal injection with STZ (Streptozotocin, Sigma, Germany) 
dissolved in 1% sodium citrate buffer (0.1 mol/L, pH4.5) at a dose of 18 mg/kg60,61. The Ctrl group was injected 
intraperitoneally with normal saline (0.9% sodium chloride) (1 ml/100 g). On the third day after the end of the 
injection procedure, rats in both groups were fasted for 12 h and then given a 50% glucose solution (1 ml/100 
g) via intragastric administration. Tail vein puncture was performed at 0, 30, 60, 90, and 120 min after gavage, 
and a glucose meter (Abbott Laboratories, CHI, USA) was used to measure and record blood glucose levels in 
rats. IGT modeling was considered successful when blood glucose levels met the 2024 IGT diagnostic criteria 
published by the American Diabetes Association (ADA)62. Finally, unsuccessful and dead rats were excluded, 
and six rats that successfully modeled were selected as the IGT group for subsequent experiments. Figure 10 
illustrates the experimental process.

After successful modeling, the Ctrl group (n = 6) and the IGT group (n = 6) continued to be fed with an 
ordinary diet and a high-fat diet, respectively. Blood glucose levels were measured and re-recorded on the 42nd 
day after a 12-hour fasting period. Subsequently, anesthesia was induced by intraperitoneal injection of a 1% 
sodium pentobarbital solution at a dose of 0.5 ml/100 g. After confirming deep anesthesia, blood samples were 
collected from the abdominal aorta via laparotomy for serum separation. Then, liver tissues were harvested on 
ice, frozen in liquid nitrogen immediately, and stored at -80℃ in the refrigerator for long-term preservation until 
follow-up experiments. Euthanasia was ultimately completed by exsanguination under sustained anesthesia. 
This procedure was performed in accordance with the AVMA Guidelines for the Euthanasia of Animals (2020 
Edition).

Main reagents
High-fat feed (67% ordinary maintenance feed + 10% oil + 20% sucrose + 2.5% sodium cholate + 0.5% cholesterol) 
was provided by Keao Xieli Feed Co., LTD. (Beijing, China). Normal saline was provided by North China 
Pharmaceutical (Shijiazhuang, Hebei, China). Sodium citrate buffer (0.1 mol/L, pH4.5) was purchased from 
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Solarbio Technology Co., LTD. (Beijing, China). QIAzol Lysis Reagent was purchased from Qiagen (Germany). 
RNA Purification Kit was provided by Majorbio Bio-Pharm Technology Co. Ltd. (Shanghai, China). Biowest 
Agarose was purchased from Biowest (Spain). Illumina Stranded mRNA Prep, Ligation, and NovaSeq Reagent 
Kit were provided by Illumina (San Diego, USA).

Main instruments
TL-48R pulverizer from Wonbio Biotechnology Co., LTD. (Shanghai, China). ABSON MiFly-6 Small centrifuge 
from ABSON Scientific Instruments Co., LTD. (Hefei, China). Eppendorf 5424R High-speed tabletop refrigerated 
centrifuge from Eppendorf (Germany). DYY-6 C electrophoresis apparatus from Liuyi Biotechnology Co., LTD. 
(Beijing, China). NanoDrop2000 Ultramicro spectrophotometer and Qubit 4.0 Fluorescence quantifier from 
Thermo Fisher Scientific (Waltham, Massachusetts, USA). Agilent 5300 Bioanalyzer from Agilent (Santa Clara, 
California, USA). T100 Thermal Cycler PCR instrument from BIO-RAD (Hercules, California, USA). NovaSeq 
6000 sequencer from Illumina (San Diego, USA).

Transcriptome sequencing
Transcriptome sequencing was performed at Shanghai Majorbio Bio-pharm Biotechnology Co., Ltd. (Shanghai, 
China). An appropriate amount of liver tissues was taken as samples, and total RNA was extracted according to 
the manufacturer’s instructions for the QIAzol lysis reagent. The concentration, purity, integrity, and quality of 
RNA were assessed by Nanodrop2000, agarose gel electrophoresis, and Agilent 5300, respectively. High-quality 
RNA (OD260/280 = 1.8 ~ 2.2, OD260/230 ≥ 2.0, RIN ≥ 6.5, 28 S: 18 S ≥ 1.0, > 1 µg) was selected according to the 
standard for the library construct.

Sequencing library construction was performed by Illumina® Stranded mRNA Prep and Ligation according 
to the manufacturer’s instructions (Illumina, San Diego, CA). The enriched mRNA was randomly broken into 
300 bp fragments, and cDNA was synthesized using reverse transcriptase and ligated to an adaptor. After further 
purification and selection, PCR amplification was carried out to obtain the final library. Finally, the paired-end 
RNA-seq library was sequenced on an Illumina NovaSeq 6000.

Differentially expressed genes and clustering analysis
Gene expression data were uploaded to the Megbio bioinformatics cloud platform. DEGs between the IGT and 
Ctrl groups were identified using DESeq2 (1.24.0) software63. Padjust < 0.05 and foldchange ≥ 2 or ≤ 0.5 (|log2FC| 
≥ 2) were set as the screening threshold to obtain the initial DEGs list. Gene Ontology database (GO database, 
Version 2022.0915) and the Kyoto Encyclopedia of Gene and Genomes database (KEGG database, Version 

Fig. 10.  Schematic representation of the experimental design. OGTT: blood glucose measurement by tail vein 
puncture at 30 min, 60 min, 90 min, and 120 min after gavage with 50% glucose solution. i.p.: intraperitoneal 
injection. Ctrl: the six rats were used for Ctrl group establishment. The rest: the rest of the 14 rats were used for 
the IGT model establishment.
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2022.10) were used to perform GO enrichment and KEGG enrichment of the up- and down-regulated terms 
in DEGs, in order to identify the functional and metabolic pathways that DEGs were heavily and significantly 
enriched. A visual analysis diagram was constructed to show the direction and degree of association between 
different nodes, allowing for a more comprehensive understanding of the properties of DEGs and gene products, 
discovering upstream and downstream signaling pathways, and searching core pathways.

Western blot analysis
Our team performed Western blot analysis according to the manufacturer’s instructions using the protein 
expression assay kit (PPAR Gamma Polyclonal antibody, NF-κB p65 Polyclonal antibody, STAT1 Monoclonal 
antibody was purchased from Proteintech (IL, USA). Phospho-Stat1 (Tyr701) (D4A7) Rabbit mAb was provided 
by Cell Signaling Technology (Boston, USA). Anti–GAPDH, goat anti-rabbit IgG, and goat anti-mouse IgG were 
purchased from KeyGEN (Jiangsu, China)). The liver tissues were homogenized using a handheld homogenizer 
and mixed with tissue lysis buffer. After preparation, the samples were heated in sample buffer at 100℃ for 
5 min, and the proteins were separated by SDS-PAGE. Subsequently, proteins were transferred from the gel to a 
membrane and sealed with a locking buffer. The membrane was incubated overnight at 4℃ with the following 
primary antibodies on a rocking platform: Anti–PPAR Gamma (1:1000), Anti–STAT1 (1:1000), Anti–p-STAT1 
(1:1000), Anti–P65 (1:1000) and Anti–GAPDH (1:5000). The membrane was washed 3 times for 10 min each in 
TBST. Then, the membrane was incubated with the secondary antibody (goat anti-rabbit IgG (1:10,000) or goat 
anti-mouse IgG (1:10,000)) on the rocking platform and washed 3 times for 10 min each in TBST. Following 
this, the membrane was exposed to chemiluminescent-HRP substrate and GAPDH was used as an internal 
control. Finally, imaging was performed using the ChemiDoc MP Imaging System, and band gray analysis was 
conducted by using Gel-Pro32 software.

ELISA analysis
Forty-two days after successful modeling, whole blood collected from the abdominal aorta of the rats was placed 
at room temperature for 1 h and then centrifuged (1300 g) for 10 min. The supernatant serum was taken as the 
sample. We used the Enzyme Linked-Immuno-Sorbent Assay kit (Rat IL-6 ELISA test kit was purchased from 
MultiSciences (Hangzhou, China). Rat TNF-alpha ELISA Kit, Rat IL-1 beta ELISA Kit, Rat IFN-gamma ELISA 
Kit was purchased from Proteintech (IL, USA)) to detect and quantify serum levels of endogenous IL-6, TNFα, 
IL-1β, and IFNγ. All operations were performed in strict accordance with the instructions.

Statistical analysis
In this analysis, statistical analysis of experimental data and image generation were performed by SPSS Statistics 
26.0 and GraphPad Prism 10.1.2. All data are expressed as mean ± standard deviation (SD). For comparisons 
between two groups, the two-tailed t-test for independent samples was used for data with a normal distribution 
and homogeneity of variance, and the Mann-Whitney U test was used for the data with non-normal distribution 
or heterogeneity of variance. P < 0.05 was considered statistically significant in all tests.

Data availability
The raw data has been uploaded into the Sequence Read Archive (SRA), which is hosted by the National Center 
for Biotechnology Information (NCBI) under the primary accession link: ​h​t​t​p​s​:​/​/​w​w​w​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​/​s​r​a​/​P​
R​J​N​A​1​2​1​6​9​4​2​​​​​.​​
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