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To investigate the role of small ubiquitin-like modification (SUMO) in Alzheimer’s disease (AD) and its 
pathogenesis, this study employed bioinformatics methods to identify diagnostic biomarkers for AD 
based on SUMO-related genes (SRGs). It further conducted preliminary explorations into their role in 
AD pathogenesis and potential therapeutic targets. Datasets related to AD (GSE140831, GSE63060), 
a dementia dataset (GSE140830), and 189 SRGs were retrieved from public databases. Candidate 
genes were identified by intersecting differentially expressed genes (DEGs) with SRGs. A protein–
protein interaction (PPI) network was constructed to select the top 15 core genes, and the support 
vector machine-recursive feature elimination (SVM-RFE), least absolute shrinkage and selection 
operator (LASSO) and boruta random forest (Boruta-RF) identified feature genes. Validation was done 
using the GSE140831 and GSE63060 datasets, and the nomogram model was assessed by receiver 
operating characteristic (ROC) curve analysis. Gene set enrichment analysis (GSEA) and other analyses 
were performed. Reverse transcription quantitative polymerase chain reaction (RT-qPCR) was used 
for further validation. Overlapping 189 SRGs and 12,853 DEGs identified 107 candidate genes. Six 
overlapping genes were selected. CREBBP, PIAS1, and TRIM28 were confirmed as AD biomarkers due 
to their increased expression in AD and strong ROC performance. GSEA highlighted their involvement 
in pathways such as olfactory transduction, lysosome, and spliceosome. Immune infiltration analysis 
suggested immune cell involvement in AD progression. Additionally, 21 potential drugs for AD therapy 
were predicted. RT-qPCR confirmed the over-expression of CREBBP and TRIM28 in AD samples, 
consistent with dataset trends. CREBBP, PIAS1, and TRIM28 were identified as SRG-based biomarkers 
for AD diagnosis, providing new insights into AD pathogenesis.
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Alzheimer’s disease (AD) is the most common neurodegenerative disease worldwide, with progressive cognitive 
decline as the main clinical feature1. Alzheimer’s Association International estimated there are around 50 million 
people with dementia worldwide, which is expected to triple by 20502. The main manifestations of AD are 
progressive cognitive impairment and personality disorder3. The APOE gene is the most common risk gene 
for AD4. Deposition of amyloid beta (Aβ) in the brain parenchyma and cerebrovascular system, as well as the 
presence of neurofibrillary tangles within neurons and progressive loss of synapses, are central neuropathological 
markers of AD5. Current drug treatments of AD only have symptomatic effects, and there is no treatment to 
alleviate the disease6, so new advances in the diagnosis and treatment of AD remain an urgent task. The search 
for biomarkers of AD is of great significance in further promoting AD treatment.

1Department of Geriatrics, Fuzhou Second General Hospital, Fuzhou, China. 2Department of Neurology, 
Fuzhou Second General Hospital, Fuzhou, China. 3Department of Endocrinology, Fuzhou Second General 
Hospital, 47 Shangteng Road, Fuzhou, China. 4Peng Chen and Mengting Fan are the co-first authors email:  
xujinghe-6ren@163.com

OPEN

Scientific Reports |        (2026) 16:18404 1| https://doi.org/10.1038/s41598-026-49884-3

www.nature.com/scientificreports

http://orcid.org/0009-0000-2833-0026
http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-026-49884-3&domain=pdf&date_stamp=2026-4-20


Small ubiquitin-related modifier (SUMO), a 97-residue protein, mediates post-translational modification 
through covalent attachment to a specific lysine residue on the target protein7. Ubiquitination plays a important 
role in the biochemical pathways of eukaryotes by influencing the location, function, and stability of modified 
proteins8. In histopathology, AD is characterized by the insoluble aggregation of Aβ and microtubule-associated 
protein tau in the brain, both of these proteins are associated with SUMO. It has been demonstrated that tau 
SUMOylation reciprocally promotes its hyperphosphorylation, which results in aggregation of tau to form 
neurofibrillary tangles, and eventually interferes with the normal function of neurons and leads to nerve cell 
death9. And early studies have indicated that the SUMO system may impact Aβ levels and tau aggregation 
by altering with AD-type pathology10. Among these, SUMO-2 can inhibit the conversion of Aβ into β-sheet 
structures and impede its aggregation11. Meanwhile, specific single nucleotide polymorphisms (SNPs) in the 
SUMO1/2 genes have been confirmed to be associated with the genetic risk of Alzheimer’s disease in the Korean 
population12. At the level of aging mechanisms, telomere length is closely linked to biological aging, and recent 
studies have demonstrated an association between telomere attrition and the onset of AD13. Accumulating 
evidence indicates that the ubiquitin and SUMO pathways, as key regulators of the telomere protection 
complex and other chromatin modifiers, are crucial for maintaining telomere structural integrity14. However, 
current studies predominantly focus on individual molecular mechanisms or genetic associations, lacking 
exploration of the overall transcriptional regulatory network of SUMO-related genes (SRGs) in AD. Moreover, 
a clinically applicable biomarker system based on SRGs has yet to be developed. Therefore, investigating SRG-
based diagnostic biomarkers for AD and elucidating the mechanisms by which these factors influence AD are 
of significant importance for improving interventions in AD patients and providing new directions for AD 
treatment.

Based on an AD-related dataset (GSE140831) and 189 SRGs, this study screened candidate genes and, 
through machine learning algorithms, differential expression analysis, and functional enrichment analysis, 
identified SUMO-related genes associated with AD. Further validation was conducted to assess their potential as 
diagnostic biomarkers. On this basis, the study not only constructed a nomogram model for AD risk prediction 
but also performed multi‑dimensional exploration, including enrichment analysis, immune infiltration 
analysis, and drug prediction. These approaches preliminarily revealed the potential functional mechanisms 
and regulatory networks of these genes in AD pathogenesis, thereby providing new research clues for the early 
diagnosis, mechanistic interpretation, and discovery of therapeutic targets for AD.

Materials and methods
Data collection
The expression profiles of GSE140831 (GPL15988), GSE63060 (GPL6947), and GSE140830 (GPL15988) datasets 
were searched from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/)15. 
Specifically, 734 peripheral blood samples from 204 patients with AD and 530 healthy persons (controls) in 
the GSE140831 dataset were selected as a training set. The GSE63060 dataset offered peripheral blood samples 
from 145 AD and 104 controls. Besides, the GSE140830 dataset was composed of peripheral blood samples 
from 261 dementia patients (80 of behavioral variant frontotemporal dementia (bvFTD), 44 in semantic variant 
primary progressive aphasia (svPPA), 47 from non-fluent variant primary progressive aphasia (nfvPPA), 54 of 
progressive supranuclear palsy (PSP) and 36 of corticobasal syndrome (CBS) and 281 controls. A sum of 189 
small ubiquitin-related modifiers (SUMO) related genes (SRGs) was retrieved from the Molecular Signatures 
Database (MSigDB, https://www.gsea-msigdb.org/) as ‘SUMOylation’ being a keyword. The research workflow 
is presented in Online Resource 1.

Differential expression and functional enrichment analyses
The differentially expressed genes (DEGs) of AD between AD and control groups in the GSE140831 dataset 
were obtained employing the R package ‘limma’ (Ver. 3.54.1)16(|Log2fold-change (FC)|> 0.1, adjusted p < 0.05). 
Subsequently, utilizing the R package ‘ggVenndiagram’ (Ver. 1.2.2)17, the candidate genes associated with AD 
and SRGs were acquired through intersecting observably up-regulated and down-regulated DEGs with SRGs, 
respectively. Subsequently, the relevant functions and signaling pathways in which candidate genes were 
involved were investigated via Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genome (KEGG)18,19 
, implemented with the R package ‘clusterProfiler’ (Ver. 4.6.2)20 (adj p < 0.05). Additionally, a protein–protein 
interaction (PPI) network revealing interactions among proteins encoded by candidate genes was built and 
visualized by the Search Tool for Recurring Instances of Neighboring Genes database (STRING, ​h​t​t​p​s​:​/​/​s​t​r​i​n​
g​-​d​b​.​o​r​g​​​​​) (Interaction score = 0.4) and the plug-in CytoHubba of Cytoscape software severally (Ver. 3.9.0)21. The 
TOP 15 candidate genes in the PPI network were singled out as core genes for screening biomarkers.

Acquisition of the biomarkers and construction of a nomogram model
To identify biomarkers for the detection and diagnosis of AD, this study employed three machine learning 
approaches for feature gene selection: the Least Absolute Shrinkage and Selection Operator (LASSO), Boruta 
Random Forest (Boruta-RF), and Support Vector Machine Recursive Feature Elimination (SVM-RFE). 
Specifically, using the R package “e1071” (Ver. 1.7–13)22to perform tenfold cross-validation. Feature genes 
selected by the Support Vector Machine-Random Forest (SVM-RF) model were extracted from the core genes 
when the model achieved the highest accuracy and lowest error rate. LASSO regression analysis was implemented 
using the “glmnet” package (Ver. 4.1–8)23, with alpha set to 1, family set to binomial, and tenfold cross-validation 
employed to determine LASSO feature genes. Boruta-RF analysis employed the “Boruta” package (Ver. 8.0.0)24 
with parameters maxRuns = 100 and doTrace = 0. Additionally, the mean area under the receiver operating 
characteristic curve (AUC) and its standard deviation were calculated for each method under tenfold cross-
validation to quantify predictive performance. Concurrently, overlapping genes were identified based on gene 
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overlap across the three machine learning algorithms. Subsequently, the expression verification of feature genes 
in the GSE140831 and GSE63060 datasets proceeded to ascertain genes with observably discrepant expression 
levels in AD and control groups and consistent expression trends in the two datasets as the biomarkers for 
AD. Wilcoxon’s test estimated the significantly different expression levels of inter-group feature genes (p < 0.05). 
Furthermore, based on the GSE140831 dataset, a nomogram model predicting the risk of AD was established 
through the R package ‘rms’ (Ver. 6.5–0)25. The nomogram model could visualize a total point for each sample 
in the GSE140831 dataset, and the risk of AD grew along with the increased total points. Receiver operating 
characteristic curves were plotted using the R package pROC (version 1.18.0)26. The predictive performance of 
the predictive mapping model constructed in this study, as well as that of individual biomarkers, was evaluated 
by calculating the AUC.

Gene set enrichment analysis (GSEA)
To explore whether biomarkers were involved in regulating the progression of AD, the underlying pathways 
enriched by them were defined via GSEA. The Spearman’s correlation coefficients between biomarker and other 
genes in the GSE140831 dataset were calculated adopting the R package ‘psych’ (Ver. 2.2.9)27and queued in order, 
and the sorted genes were input into the ‘clusterProfiler’ package in R to match relevant pathways of biomarkers 
(adj.p < 0.05, |NES|> 1).

Construction of molecular regulatory network
The prediction of upstream molecules targeting biomarkers was beneficial in understanding the biological 
functions of biomarkers. So, the transcription factors (TFs) regulating biomarkers were predicted via the 
NetworkAnalyst (http://www.networkanalyst.ca) database. Moreover, the microRNAs (miRNAs) retrieved from 
the miRWALK (http://mirwalk.umm.uni-heidelberg.de/) and miRDB (http://www.mirdb.org) databases were 
overlapped as miRNAs corresponding to biomarkers. The feat of the Cytoscape software synthesized the TF-
mRNA and miRNA-mRNA networks.

Immunoinfiltration characterization and drug prediction
To characterize the discrepancies in immune cell infiltration between AD and control groups, the abundance of 
64 kinds of immune cells in each sample of the GSE140831 dataset was estimated through the xCell algorithm28. 
The discrepant immune cells in the AD and control groups were found through Wilcoxon’s test (p < 0.05). 
Ulteriorly, Spearman’s correlation analysis uncovered associations among discrepant immune cells and between 
discrepant immune cells and each biomarker (|cor|> 0.4, p < 0.05).

Moreover, the Drug-Gene Interaction Database (DGIdb, www.dgidb.org) identified feasible drugs targeting 
biomarkers for AD therapy, and a gene-drug network was created through Cytoscape software.

Assessment of expression levels of biomarkers in the five dementia-related diseases
To understand the expression of biomarkers in five dementia-related diseases (bvFTD, svPPA, nfvPPA, PSP, and 
CBS), the expression patterns of the biomarkers in AD and control groups were first displayed in a heatmap 
plotted by the R package ‘ggplot2’ (Ver. 3.3.6)29. Besides, the differences in the expression of biomarkers in five 
dementia-related diseases were compared through Wilcoxon’s test (p < 0.05).

Real-time reverse transcriptase-polymerase chain reaction (RT-qPCR)
The RT-qPCR was the assay of choice for detecting relative biomarker expression levels in five pairs of AD 
and control whole blood samples gathered from Fuzhou Second General Hospital. All whole blood samples 
were collected in the morning under fasting conditions. Approximately 2 ml of peripheral venous blood was 
drawn from each participant using EDTA anticoagulant tubes and immediately stored at −80 °C for subsequent 
analysis. All sample donors signed the informed consent forms. This study was conducted in accordance 
with the Declaration of Helsinki and obtained ethical approval from the Ethics Committee of Fuzhou Second 
People’s Hospital (Approval No.: 2024005). The total RNA was extracted from the ten samples using the TRIzol 
reagent (Ambion, USA) per the manufacturer’s protocol. The concentrations of total RNA were detected in 
rapid sequence via the NanoPhotometer N50. Ulteriorly, the cDNA synthesis was reverse-transcribed using 
the SureScript-First-strand-cDNA-synthesis-kit (Servicebio, China). Additionally, the CFX Connect Thermal 
Cycler (Bio-Rad, USA) was operated to detect the relative expression level of mRNA using the GAPDH as 
an internal reference gene for RT-qPCR through the 2-ΔΔCT method. The details of all primers are attached in 
Online Resource 2 which can be found in the supplementary file.

Statistical analysis
Bioinformatics analysis was implemented through this study’s R software (Ver. 4.3.2). The Wilcoxon’s test was 
used to distinguish the inter-group discrepancies, and a p-value or adj. p-value of less than 0.05 was deemed 
statistically significant.

Results
The functions of candidate genes might be related to nucleic acid and cytoplasmic transport 
and cancer regulation
12,853 DEGs were identified between the AD and control groups in the GSE140831 dataset (Fig.  1a). 107 
candidate genes related to AD and SRGs, with 85 up-regulated and 22 down-regulated, were obtained by 
overlapping 189 SRGs and 6,640 up-regulated and 6,213 down-regulated DEGs (Fig. 1b-c). They were enriched 
in 624 GO entries, comprising 498 biological processes (BPs), 44 cellular components (CCs), and 82 molecular 
functions (MFs). Moreover, the functions of candidate genes were associated with nucleic acid transport, 
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nucleocytoplasmic transport, protein sumoylation, and so on (Fig.  1d). Concerning the 34 KEGG pathways 
involved by candidate genes, they included not only cytoplasmic transport but also nucleocytoplasmic transport, 
transcriptional misregulation in cancer, chronic myeloid leukemia, etc. (Fig. 1e). Generally, 107 candidate genes 
might participate in nucleic acid and cytoplasmic transport and cancer regulation. Additionally, the PPI-based 
screening manifested that the interactions among 15 core genes, PARP1, TRIM28, NPM1, RANGAP1, SUMO3, 
MDM2, NCOR2, PPARG, TP53, SUMO2, CREBBP, HDAC1, EP300, SUMO1 and PIAS1were close at protein 
level, especially among TP53, EP300 and SUMO1 (Fig. 1f).

Fig. 1.  Differential expression of genes (a) Volcano plot of differentially expressed genes between Alzheimer’s 
disease (AD) and normal groups. Red dots represent upregulated genes, and blue dots represent downregulated 
genes. (b) Intersection of significantly upregulated genes and SUMOylation-related genes. (c) Intersection 
of significantly downregulated genes and SUMOylation-related genes. (d) Gene ontology (GO) enrichment 
analysis of candidate genes. Blue dots represent downregulated genes, and red dots represent upregulated 
genes. The red box in the middle indicates the degree of enrichment, with higher levels indicating greater 
enrichment. (e) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis of 
candidate genes. Blue dots represent downregulated genes, and red dots represent upregulated genes. The red 
box in the middle indicates the degree of enrichment, with higher levels indicating greater enrichment. (f) 
Protein–protein interaction (PPI) network of candidate genes.
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The performance of the biomarker-based nomogram model in predicting the risk of AD was 
reliable
There were five feature genes (CREBBP, PIAS1, TRIM28, MAD2, and NCOR2) in the SVM-RFE model when the 
model had the highest accuracy (Fig. 2a). The LASSO model selected seven genes based on the optimal λ value: 
SUMO1, MDM2, NPM1, CREBBP, PIAS1, TRIM28, and NCOR2 (Fig. 2b). The Boruta-RF model identified 
twelve genes: SUMO1, SUMO2, SUMO3, MDM2, EP300, NPM1, CREBBP, PIAS1, RANGAP1, TRIM28, 
NCOR2, and PPARG (Fig. 2c). Notably, all three models demonstrated favourable discriminatory capabilities, 
with AUC values exceeding 0.7 (Online Resource 3a). By taking the intersection of the three models’ screening 
results, six overlapping genes were identified (Fig. 2d). Among these, CREBBP, PIAS1 and TRIM28 were served as 
biomarkers for AD as a consequence of their observably increased expression levels in AD group and consistent 
expression trends in GSE140831 and GSE63060 datasets (p < 0.05) (Fig. 2e). The nomogram model created by 
absorbing three biomarkers demonstrated that the risk of AD increased with the total points corresponding to 
each sample in the GSE140831 dataset (Fig. 2f). The precise predictive performance of the nomogram model 
must be further confirmed by the AUC value of 0.809 (Fig. 2g). Moreover, three biomarkers also demonstrated 
predictive value, with their AUC values all exceeding 0.7 (Online Resource 3b).

Three biomarkers were involved in identical pathways, such as olfactory transduction, 
lysosome, and spliceosome
Exploring three biomarkers by GSEA was essential for understanding their effects on AD. The findings of GSEA 
unveiled that CREBBP, PIAS1, and TRIM28 gathered in olfactory transduction, lysosome, and spliceosome 
were significantly and synchronously. Besides, Huntington’s disease and neuroactive ligand receptor interaction 
were involved by PIAS1 and TRIM28. In conclusion, GSEA certifies that three biomarkers might retain similar 
functions in regulating AD’s progression (Fig. 3a-c).

The expression of three biomarkers was regulated by multiple TFs and miRNAs
How upstream molecules regulated three biomarkers was further explored; 58 TFs and 284 miRNAs targeted 
three. The TF-mRNA displayed that three biomarkers could be regulated by EGR1, DMRT1, E2F1, CREM, and 
ZFX simultaneously (Fig. 3d). In addition, as presented in Fig. 3e, the transcription of TRIM28 and CREBBP 
could be regulated by hsa-miR-6812-5p, hsa-miR-1227-5p, and hsa-miR-7113-5p synchronously, as well as 
CREBBP and PIAS1 by hsa-miR-4452, hsa-miR-1284, hsa-miR-6883-3p, and so forth.

Most of the immune cells might influence the progression of AD
Among the 64 immune cells, a total of 55 immune cells showed markedly discrepant abundance between 
the AD and control groups (p < 0.05). For instance, AD’s percentages of basophils, class-switched memory B 
cells, myocytes, and mesenchymal stem cells (MSCs) were higher. In contrast, the proportions of natural killer 
T (NKT) cells, B cells, neutrophils, smooth muscle, and naive CD8( +) T cells were inverse in AD (Fig. 4a). 
Furthermore, Spearman’s correlation analysis among discrepant immune cells uncovered that memory B cells 
and B cells maintained the highest positive correlations of 0.76 (p < 0.05), yet T helper type 1 (Th1) cells and 
neurons kept the highest negative correlations of -0.72 (p < 0.05) (Fig. 4b). Basophils were positively correlated 
with PIAS1 and CREBBP, and myocytes with TRIM28. Besides neutrophils and CREBBP, PIAS1 maintained 
significantly negative correlations, as well as smooth muscle and TRIM28 (|cor|> 0.4, p < 0.05) (Fig. 4c-e).

A sum of 21 alternative drugs might be developed for AD therapy
What is more, a total of 21 drugs targeting CREBBP were retrieved in DGIdb, such as triazolam, colchicine, 
alprazolam, nocodazole, etc. (Fig.  4f, Online Resource 4). Unfortunately, no drugs targeting TRIM28 and 
PIAS1 were found in this database. Among these, triazolam and alprazolam were proven to be therapeutic for 
AD. However, applying them in large doses could produce side effects such as decreased blood pressure and 
respiratory circulation suppression, so drug prediction targeting biomarkers might provide data for developing 
available drugs for AD.

The expression level of TRIM28 was significantly increased in svPPA
The expression patterns of three biomarkers in five dementia-related diseases were exhibited in the heat 
map (Fig.  5a). Expression analysis of biomarkers confirmed that CREBBP and PIAS1 showed no significant 
discrepancies between bvFTD, svPPA, nfvPPA, PSP, and CBS and controls, except for TRIM28 with upregulated 
expression levels in svPPA (Fig. 5b-f).

CREBBP and TRIM28 were all over-expressed in AD samples
Consistent with the expression trend in the GSE140831 and GSE63060 datasets, the relative expression levels 
of CREBBP (p = 0.0043) and TRIM28 (p = 0.0032) were increased in AD samples. While the expression level of 
PIAS1 was not significant (p > 0.05) (Fig. 6a-c).

Discussion
Alzheimer’s disease (AD) is a degenerative disease of the nervous system. Whose primary genetic risk factor 
is the APOE gene and is characterized by insoluble aggregation of proteins such as amyloid-beta (Aβ)30. As A 
post-translational modification, SUMOylation has been shown to regulate multiple cellular pathways. SUMO is 
believed to be closely related to key proteins in AD, such as Aβ and the microtubule-associated protein tau, and is 
involved in regulating various cellular functions associated with AD pathology31. In addition, the SUMO pathway 
is also associated with AD’s occurrence and development by affecting the telomere structure’s integrity, which 
can provide a new research perspective for diagnosing and treating AD32,33. However, bioinformatic analysis of 
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Fig. 2.  Biomarker screening and nomogram construction (a) Results of feature selection using the SVM-RFE 
algorithm. The error rate of the support vector machine model is shown. (b) Results of feature selection using 
the LASSO algorithm. (c) Results of feature selection using the Boruta-RF algorithm. (d) Screening results 
from the three models were integrated using Venn diagrams. (e) Expression validation analysis of feature genes 
in the training set and validation set. Red represents the AD group, and green represents the normal group. 
****, p < 0.0001; **, p < 0.01; ns, not significant. (f) Nomogram based on biomarkers. (g) ROC validation of the 
nomogram.

 

Scientific Reports |        (2026) 16:18404 6| https://doi.org/10.1038/s41598-026-49884-3

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


SRGs in AD has not yet been performed, and crucial SRG-based biomarkers involved in the pathogenesis of AD 
have not been confirmed.

In the present study, we identified the SRGs associated biomarkers in AD based on the GSE140831, 
GSE63060, and GSE140830 datasets, specifically CREBBP, PIAS1, and TRIM28. These biomarkers are potential 
diagnostic targets for AD because of their increased expression levels in the AD group and reliable predictive 
performance. GSEA and the prediction results of TFs suggest that these biomarkers may have similar biological 
functions in AD’s progression, and the expression of three biomarkers could be regulated simultaneously by 
some TFs. Immune infiltration analysis suggested that, between the AD and control groups, the proportion of 
specific immune cells correlated significantly with these biomarkers. Finally, we speculate a total of 21 drugs as 
potential therapeutic agents for AD on DGIdb, in addition to triazolam and alprazolam, which have been used 
in the treatment of AD.

CREBBP is a transcriptional coactivator with histone acetyltrans-ferase (HAT) activity and is involved in 
post-translational modification by acetylation of histones34, there are studies showed that dysregulation of 
histone acetylation pathways is thought to play may play a key role in the disease progression of AD. Hence, 
dysfunction of CREBBP is likely to contribute to neurodegenerative diseases35,36. In addition, recent studies have 
shown that CREBBP may be a hub gene that provides new insight into treating AD by mediating the metabolism 

Fig. 3.  Enrichment analysis of biomarkers and construction of related networks (a-c) GSEA analysis of 
biomarkers. The y-axis represents the enrichment score, and the x-axis represents genes, with each vertical 
line representing a gene. (a) CREBBP. (b) PIAS1. (c) TRIM28. (d) Biomarker-transcription factor network. 
Red nodes represent mRNAs (biomarkers), and green nodes represent transcription factors. (e) Biomarker-
MicroRNA network. Purple nodes represent mRNAs (biomarkers), and orange nodes represent MicroRNAs.
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of niacin and lysosome37,38. PIAS1, a protein inhibitor of the activated STAT1, is one of E3 the E3-type SUMO 
ligases. It plays important roles in the STAT pathway, which is essential to inflammatory activation in AD39. 
Besides that, PIAS1 is thought to play a neuroprotective role against Aβ toxicity in AD40,41 . TRIM28 has also 
been demonstrated to be an E3 SUMOylation ligase42. Maxime et al. found that TRIM28 regulates the steady 
state levels of a-Synuclein (a-Syn) and tau, which are supposed to be neurodegeneration-driving proteins in 
AD by mediating the SUMOylation43,44. The APOE ε4 allele, a major genetic risk factor for AD, contributes to 
pathogenesis through lysosomal dysfunction centered on transcription factor EB (TFEB). Studies have shown 
that defects exist downstream of calcineurin-activated TFEB cytoplasmic‑to‑nuclear translocation in patients 
with the APOE ε4/ε4 genotype45. Further research indicates that acetylation of TFEB is regulated by genes such 
as CREBBP37, while deacetylation promotes lysosomal biogenesis in microglia and accelerates Aβ degradation46. 
Therefore, we hypothesize that SUMOylation‑related genes such as CREBBP, PIAS1, and TRIM28 may cooperate 
with APOE ε4 to collectively disrupt proteostasis in AD by modulating the TFEB‑mediated lysosomal pathway. 
However, the precise molecular mechanisms linking these SUMO regulatory factors to the APOE/TFEB axis 
await further experimental validation.

Fig. 4.  Immune microenvironment analysis and potential drug prediction for biomarkers (a) Immune 
infiltration analysis, showing the expression differences of 55 immune cells in the AD and control groups of 
the training set. (b) Correlation heatmap of 55 differentially expressed immune cells. (c-e) Correlation analysis 
between biomarkers and differentially expressed immune cells. (c) CREBBP. (d) PIAS1. (e) TRIM28. (f) 
Biomarker-targeted drug network. Orange nodes represent mRNAs (biomarkers), and purple nodes represent 
targeted drugs.
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Fig. 6.  Expression validation of key genes in clinical tissue samples, p < 0.05, ns, no significance (a) CREBBP. 
(b) PIAS1. (c) TRIM28.

 

Fig. 5.  Expression differences of biomarkers in different dementia-related diseases (a) Heatmap of biomarker 
expression in different dementia-related diseases. (b) Expression differences of biomarkers in bvFTD and 
control groups in GSE140830. (c) Expression differences of biomarkers in svPPA and control groups in 
GSE140830. (d) Expression differences of biomarkers in nfvPPA and control groups in GSE140830. (e) 
Expression differences of biomarkers in PSP and control groups in GSE140830. (f) Expression differences of 
biomarkers in CBS and control groups in GSE140830.
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GSEA showed that lysosome, olfactory transduction, and spliceosome are the pathways involved in these 
three biomarkers. Studies have shown that TRIM28 inhibits autophagy degradation by inducing SUMOylation 
of BCR-ABL47. Lysosomes are a significant cell signaling center, influencing fundamental processes such as 
cell membrane repair, energy metabolism, and inflammatory pathways48. The autophagy-lysosome pathway is 
closely related to protein homeostasis and other processes in AD49. Therefore, it is reasonable to speculate that 
the biomarker TRIM28 may affect AD by participating in the regulation of the lysosomal pathway. Olfactory 
dysfunction often occurs in the early stages of AD, studies have found that the olfactory mucosal cells from AD 
patients secrete an increased amount of Aβ1-42, and the ratio of secretion of Aβ1-42 / Aβ1-40 also increases50. 
Splicing contributes to the diversity and function of neuronal transcription; the disruption of the splicing 
mechanism leads to neurological diseases, including AD51. Yi-Chen et al. supposed that the interaction of tau 
spliceosomes disrupts the function of snRNP, resulting in loss of transcriptome fidelity and splicing errors, and 
leading to neurodegenerative changes in AD ultimately52.

The TF-mRNA indicated that EGR1, DMRT1, CREM, ZFX, and E2F1 could simultaneously regulate three 
biomarkers. As a member of immediate early genes (IEGs), EGR1 is a mediator and regulator of synaptic 
plasticity and neuronal activity under physiological conditions and in pathological conditions53, and has 
recently been considered a candidate gene for schizophrenia. CREM and CREB are members of the same family 
of transcription factors, and CREB may have a significant effect on forming and consolidating of memory by 
interacting with CREBBP54. ZFX is a zinc finger protein of the Zfy family. David found that ZFX is a repressor 
of core and linker histones55. E2F1 is a critical transcription factor regulating cell cycle, which is primarily 
considered to be a key factor in cell proliferation and cancer. Still, recent studies have suggested that it may also 
act as an important part in neurodegenerative diseases56. The expression levels of E2F-1 in the brain tissue of 
AD model rats had changed, suggesting that E2F-1 may be involved in neuronal death and loss of function by 
regulating cell cycle and apoptosis in AD57. These transcription factors associated with CREBBP, PIAS1, and 
TRIM28 may mediate the development of AD by regulating histone acetylation, synaptic plasticity, and the cell 
cycle. However, the mechanisms of these effects still need to be further explored.

Neuroimmune interactions are a significant focus of research into neurodegenerative diseases, including AD, 
recently58. Our study found that in AD, the proportion of specific immune cells increased, such as basophils, 
class-switching memory B cells, muscle cells. In contrast, the proportion of specific immune cells decreased, 
such as natural killer T cells (NKT), B cells, neutrophils, smooth muscle, and naive CD8( +) T cells. The results 
are similar to previous studies59,60. In addition, among these immune cells, basophils were positively correlated 
with PIAS1 and CREBBP, myocytes were positively associated with TRIM28, and there was a significant negative 
correlation between neutrophils with CREBBP and PIAS1, as well as smooth muscle and TRIM28. Basophils are 
a subset of granulocytes involved in various immunomodulatory and inflammatory processes. A study found 
that the number of basophils increased significantly in AD samples61. This is consistent with our findings, so we 
could speculate that PIAS1 and CREBB may regulate the inflammatory response in AD by affecting neutrophils. 
However, Shad found blood levels of basophils were constantly low in AD62, so the role of basophils in AD 
is still under more research. Similar to basophils, other types of cells have a complex relationship with this 
neurodegenerative disease. For example, myocytes also play an essential role in multiple physiological processes 
closely related to AD. Myocytes are mainly involved in muscle function, motor control, and energy metabolism. 
Cerebral small vessel disease (CSVD) is characterize with depletion of vascular myocytes, so vascular myocytes 
are considered as central to brain aging63, and there is evidence that myocytes are the source of amyloid deposits 
in the meninges and cortical blood vessels64, which may affect the progression of AD. SO TRIM28 may participate 
in the pathological process of AD by affecting myocyte function and further increasing amyloid deposition in 
the brain. It is worth to noting that recent studies have suggested that blood–brain barrier (BBB) dysfunction is 
correlated with human cognitive impairment including the early stages of AD56,65. BBB is made up of various 
cell including smooth muscle cells, besides that, it has been suggested that neutrophils may be involved in the 
early development of AD by mediating BBB damage, intravascular adhesion, and invasion of the central nervous 
system66. Therefore, we speculated that these three biomarkers can mediates peripheral or central inflammatory 
processes and affect the integrity of BBB by affecting the function of immune cells, thereby contribute to the 
occurrence and development of AD.

Finally, we identified the potential therapeutic drugs targeting CREBBP through the DGIdb database, totally 
21 drugs were screened including colchicine, glucocorticoid, benzodiazepines an so on, among which triazolam 
and alprazolam have been used to improve behavioral and psychological symptoms of AD67. As we know, 
although cholinesterase inhibitors, which designed to increase the levels of acetylcholine (ACh) in the brain, are 
the main drugs for AD, there are no therapeutic drugs with definite efficacy for AD68. Interestingly, Keisuke et al. 
recently founded that triazolam could inhibit rhAChE activity by ≥ 20%69, which may provide new evidence for 
the use of benzodiazepines in the treatment of AD. In a word, our drug predictions based on these biomarkers, 
particularly those related to CREBBP, can provide valuable data for the exploit of more effective and safer AD 
drugs, but further research involving animal models and clinical trials is required to assess the safety and efficacy 
of these drugs.

Through systematic bioinformatic analysis, this study for the first time established CREBBP, PIAS1, and 
TRIM28 as a SUMOylation‑related biomarker panel for AD diagnosis. Although PIAS1 did not reach statistical 
significance in the present clinical sample validation, it consistently showed a significant upregulation trend 
in two independent datasets, GSE140831 and GSE63060, and exhibited favorable diagnostic discriminative 
ability with an AUC exceeding 0.7 in the training set. It should be noted that the clinical validation in this study 
included only 5 pairs of AD and control samples, resulting in a relatively small sample size. This limitation 
may reduce statistical power, leading to a failure to detect truly existing differences, increase the risk of chance 
findings, and potentially restrict the representativeness of the results for the general population. Therefore, the 
lack of significantly differential expression of PIAS1 observed in this validation might be attributable to the 
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insufficient sample size rather than an inherent lack of diagnostic potential for this gene. Nevertheless, Thus, 
PIAS1 remains a promising peripheral blood biomarker for AD. Its lack of significant differential expression in 
this small‑sample validation may be attributable to sample heterogeneity, dynamic expression changes, or assay 
sensitivity, warranting further validation in larger cohorts. More importantly, the nomogram diagnostic model 
constructed based on these three biomarkers demonstrated excellent comprehensive diagnostic performance 
(AUC > 0.8), suggesting that a "multi‑gene panel strategy" offers greater robustness and clinical translation 
potential for early AD identification. This provides a new tool and perspective for non‑ or minimally invasive 
early diagnosis of AD. However, due to limitations in sample size and laboratory validation, the diagnostic 
efficacy and mechanistic roles of these SUMO‑related gene markers require further confirmation. In the future, 
we will expand the cohort size, conduct multi‑center clinical validation, and integrate proteomics and single‑cell 
sequencing to systematically elucidate the regulatory network of this biomarker panel, optimize the diagnostic 
model, and promote its practical application in non‑invasive early diagnosis of AD.

Conclusion
In conclusion, we identified CREBBP, PIAS1 and TRIM28 as SUMO-SRGs-based biomarkers diagnosing AD 
through bioinformatics analysis firstly in this study, furthermore, we revealed the regulatory networks and 
identified potential therapeutic agents aimed at these biomarkers. These genes may be involved in the onset 
and progression of AD, they have potential to be considered as novel biomarkers for AD’s diagnosing and 
progression monitoring.
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