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 Background: Alzheimer’s disease (AD) is the leading cause of dementia worldwide; however, the molecular mechanisms un-
derlying its pathogenesis remain unclear. The present study aimed to discover some potential peripheral blood 
biomarkers for early detection of patients with AD.

 Material/Methods: Publicly available AD datasets – GSE18309 and GSE97760 – were obtained from the Gene Expression Omnibus 
database, and limma package from Bioconductor was employed to search for differently expressed genes 
(DEGs). Weighted correlation network analysis was performed to identify DEGs with highly synergistic changes, 
and functional annotation of DEGs was performed using gene set enrichment analysis and Metascape. STRING 
and Cytoscape were used to construct protein-protein interaction networks and analyze the most significant 
hub genes. Thereafter, the Comparative Toxicogenomics Database (CTD) was used to identify hub genes asso-
ciated with AD pathology, and Connectivity Map was used to screen small molecule drugs for AD. Finally, hub 
genes coupled with corresponding predicted miRNAs involved in AD were assessed via TargetScan, and func-
tional annotation of predicted miRNAs was performed using DIANA database.

 Results: Our analyses revealed 5042 DEGs; based on functional analyses, these DEGs were mainly associated with oligo-
saccharide lipid intermediate biosynthetic process, cyclin binding, signaling pathways regulating pluripotency 
of ubiquitin mediated proteolysis, and extracellular matrix-receptor interaction. UBB, UBA52, SRC, MMP9, VWF, 
GP6, and PF4 were identified as the hub genes. The CTD showed that these hub genes are closely related with 
AD or cognition impairment.

 Conclusions: The identified hub genes and corresponding miRNAs might be useful as potential peripheral blood biomarkers 
of AD.
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Background

Alzheimer’s disease (AD) is one of the most common neuro-
degenerative diseases and a major cause of dementia in el-
derly patients worldwide. Patients with AD often suffer from 
disorientation, language disorders, cognitive decline, and ir-
reversible memory loss. The World Health Organization re-
ported that the number of patients with AD is 50 million cur-
rently; it is projected to increase to 152 million by 2050 and, 
due to improved human longevity, eventually become the ma-
jor cause of death in the world [1]. Significant global social 
and economic resources have been invested to clarify the mo-
lecular mechanisms underlying the pathogenesis of AD, but 
effective strategies for its prevention and treatment are still 
lacking [2,3]. Furthermore, at present, physicians diagnose AD 
based on their clinical experience and a series of complex ex-
aminations [4,5], and there is also a lack of simple and effec-
tive methods to diagnose early-stage AD. Thus, the increasing 
number of patients with AD and the consequent mounting so-
cial crisis has led physicians and biologists to invest tremen-
dous amounts of time and effort in the discovery and develop-
ment of potentially useful sensitive and precise biomarkers for 
AD in the cerebrospinal fluid (CSF) and blood [6]. Classical CSF 
biomarkers, such as amyloid-b and tau protein, were broadly 
studied as powerful and useful biomarkers for early diagno-
sis of AD. However, the failure of several clinical trials target-
ing amyloid-b and tau protein have proved that these CSF bio-
markers are not reliable and suitable for monitoring dementia 
severity and predicting AD disease progression [7]. Moreover, 
CSF collection through lumbar puncture in the hospital set-
ting does not seem to be a valid and minimally invasive pop-
ulation-wide screening tool [8]. Peripheral blood or plasma, on 
the other hand, can be collected relatively non-invasively and 
contain considerable disease-associated proteins. Therefore, 
peripheral blood or plasma can prove to be a source of poten-
tial genetic indicators for AD diagnosis and may pave the way 
for cost-effective AD risk screening in the middle-aged popu-
lation prior to cognitive decline.

Extensive studies have been conducted to explore blood or 
plasma biomarkers for AD. In 2007, a genome-wide association 

study of 1086 controls and patients with sporadic AD revealed 
ApoE as a major risk gene for sporadic AD [9]. Ray et al. discov-
ered 18 plasma signaling proteins which can be used to classi-
fy and predict the clinical Alzheimer’s diagnosis with approx-
imate 90% accuracy [10]. Hadar et al. found 4 possible genes 
by comparing blood derived cell lines from AD patients and 
controls [11]. However, due to the variations and discrepan-
cies in research methods, there are still no appropriate blood 
biomarkers for AD diagnosis.

Nowadays, microarray technology and bioinformatics analysis 
have been widely applied to identify differentially expressed 
genes (DEGs) and functional pathways in AD [12,13]. In this 
study, we identified 7 potential peripheral blood biomarkers for 
AD based on weighted correlation network analysis (WGCNA). 
The functional analysis suggests that the corresponding hub 
miRNAs may play a pivotal regulatory role in neuronal func-
tions in AD; nevertheless, these results still need more exper-
iments to investigate their validation and feasibility.

Material and Methods

Microarray data

The GSE18309 and GSE97760 gene expression profile datasets 
were obtained from the Gene Expression Omnibus (GEO) data-
base (https://www.ncbi.nlm.nih.gov/geo/), which is an open 
functional genomics database of high-throughput resources 
and includes microarray, gene expression and chips data [14]. 
Data for a total of 12 AD cases and 13 age-matched healthy 
controls were available (Table 1). The GSE18309 microarray 
dataset contains peripheral blood mononuclear cell transcrip-
tomes from 3 patients with mild cognitive impairment, 3 pa-
tients with AD, as well as 3 normal controls. The GSE97760 mi-
croarray dataset contains blood RNA data from 9 women (age, 
79.3±12.3 years) with advanced AD and 10 age–matched fe-
male healthy controls (age, 72.1±13.1 years) [15].

Series Samples Source Platform Affymetrix GeneChip

1 GSE18309 3 MCI, 3 AD and 3 normal controls. PBMCs GPL570
[HG-U133_Plus_2] Affymetrix Human 
Genome U133 Plus 2.0 Array

2 GSE97760

9 female advanced AD patients (age 
79.3±12.3 years) and 10 age–matched 
female healthy controls (age 72.1±13.1 
years)

PBMCs GPL16699
Agilent-039494 SurePrint G3 Human GE 
v2 8x60K Microarray 039381 (Feature 
Number version)

Table 1. Summary of Alzheimer’s disease (AD) microarray datasets from different Gene Expression Omnibus (GEO) datasets.

MCI – mild cognitive impairment; AD – Alzheimer’s disease; PBMCs – peripheral blood mononuclear cells.

e924263-2
Indexed in: [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]  
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]  
[Chemical Abstracts/CAS]

Wang X. et al.: 
Bioinformatics analysis for identifying potential peripheral blood biomarkers…

© Med Sci Monit, 2020; 26: e924263

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)

DATABASE ANALYSIS



Identification of DEGs

For this study, the GSE18309 and GSE97760 datasets were 
merged, and data were normalized using R software. The DEGs 
were searched using the R package “limma” from (P-value, 
<0.05) [16].

WGCNA of DEGs

WGCNA can be used to explore and describe various combina-
tions and associations of genes among different samples [17]. 
In this study, a total of 5042 DEGs were chosen for WGCNA, 
and gene sets with highly synergistic changes were searched. 
Thereafter, novel biomarkers were searched based on the cor-
relations between gene sets and phenotypes.

Functional and pathway enrichment analysis

Gene ontology (GO) is a knowledge base that is commonly 
used to search for functions of genes or individual genom-
ic products; it considers 3 aspects: molecular functions (MF), 
biological processes (BP), and cellular components (CC) [18]. 
The Kyoto Encyclopedia of Genes and Genomes (KEGG) is a set 
of high-throughput gene and protein pathways [19]. Gene Set 
Enrichment Analysis (GSEA) is a computational method that 
assesses gene expression data and provides many biological 
pathways [20]. Metascape (http://metascape.org/gp/index.
html) is a robust, publicly available database that facilitates 
comprehensive gene list annotation and analysis [21]. In this 
study, Metascape and GSEA analyses were employed to con-
duct GO and KEGG analyses for the DEGs (P<0.05).

Protein–protein interaction (PPI) networks

STRING (https://string-db.org) is a web-based database which 
was used to find comprehensive interactions among lists of 
DEGs. The Cytoscape software (http://www.cytoscape.org/) was 
also employed for visualizing the protein-protein interaction 
(PPI) network of DEGs.

Identifying the hub genes associated with AD

The Comparative Toxicogenomics Database (CTD; http://ctd-
base.org/) is a powerful open-access database for analyzing 
the associations between gene products and human diseas-
es [22]. In our study, we made full use of this online data-
base to unearth the connection between these identified hub 
genes and AD.

MiRNA prediction of hub genes and functional and 
pathway enrichment analysis

TargetScan (www.targetscan.org) is an extensively approved 
and applied online database, which can effectively forecast 
the potential microRNA biological target sites [23]. In the pres-
ent study, TargetScan was applied to find out some potential 
miRNAs that can regulate these identified hub genes. DIANA 
(DNA Intelligent Analysis) miRPath v3.0 is a popular online 
database used for functional and pathway enrichment anal-
ysis [24]. GO and KEGG pathway enrichment analysis for the 
predicted miRNAs were conducted using miRPath (P<0.05).

Identification of small molecule drugs that regulated the 
hub genes

Connectivity Map (CMap) is a web-based database which 
connects human diseases with underlying genes and target-
ed drugs. In this study, we used the CMap database to iden-
tify small molecule drugs that regulated the genes associat-
ed with AD.

Statistical analyses

In this study, all statistical analyses were conducted using SPSS 
20.0 (Chicago, IL, USA), R software (version 3.5.0), and GraphPad 
Prism 7 (San Diego, CA, USA). The prediction efficiency was 
analyzed using the R package “survival ROC”. Univariate lo-
gistic proportional regression analysis was performed to ana-
lyze the effect of hub genes on AD.

Results

Identification of DEGs

In total, 5042 differentially expressed genes from the GSE18309 
and GSE97760 datasets were distinguished in our study 
(Figure 1A). The corresponding DEG heatmaps are shown in 
Figure 1B.

WGCNA analysis of DEGs

The cluster of patients with clinical information is shown in 
Figure 1C. For this study, network topology analysis was used 
to identify the thresholding power as 12, and hierarchical 
clustering trees were produced based on this value. The ME- 
DissThres was set as 0.25 to merge similar modules and a total 
of 6 modules were generated (Figure 1D). The independence 
degrees among the 6 modules were explored using the DEG 
heatmap and dendrogram (Figure 1E, 1F, respectively), which 
demonstrate the high independence among modules. Yellow 
modules are most relevant to AD (Figure 1G).
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Figure 1.  Differential expression analysis and WGCNA analysis of the genes in the merged series. (A) Volcano plots of the DEGs 
between AD group and control group. (B) Heatmaps of the DEGs in the merged series. (C) Cluster of patients with 
clinical information; the red line represents patients with AD. (D) Repeated hierarchical clustering tree of the 5042 genes. 
(E) Dendrogram and heatmap of the DEGs. (F) Interactions between these modules. (G) Associations between clinical traits 
and the modules; the MEyellow module has the highest correlation with clinical traits. WGCNA – weighted correlation 
network analysis; DEGs – differently expressed genes; AD – Alzheimer’s disease.
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Functional and pathway enrichment analysis

Functional and pathway enrichment analysis of the DEGs in the 
yellow modules was performed using GSEA and Metascape. 
Based on GSEA, the results of GO analysis were found to be 
significantly enriched in oligosaccharide lipid intermediate bio-
synthetic process, nuclear localizing signal-bearing protein im-
port into the nucleus, cyclin binding, neurotransmitter trans-
porter activity, etc. (Figure 2A, Table 2). The results of KEGG 
analysis were significantly enriched in ubiquitin mediated pro-
teolysis, cysteine and methionine metabolism, glycosphingo-
lipid biosynthesis lacto and neolacto series, etc. (Figure 2B, 
Table 3). In Metascape, the enrichment results mainly involved 
mitophagy-animal, endosome membrane, platelet activation, 
etc. (Figure 2C–2E).

PPI network construction and identification of hub genes

The PPI network of the DEGs was constructed using STRING and 
Cytoscape (Figure 3A). Four algorithms (Betweenness, Closeness, 
Radiality, and EcCentricity) were employed to search for hub 
genes (Figure 3B), which were the genes encoding ubiquitin B 
(UBB), ubiquitin A-52 residue ribosomal protein fusion prod-
uct 1 (UBA52), SRC proto-oncogene, non-receptor tyrosine ki-
nase (SRC), matrix metallopeptidase 9 (MMP9), von Willebrand 
factor (VWF), glycoprotein VI platelet (GP6), and platelet fac-
tor 4 (PF4) (Figure 3C, Table 4). The CTD database showed 
that the hub genes targeted AD related disease (Figure 3D).

Term Size NES P-val Rank at max Leading edge

Upregulated

GO_OLIGOSACCHARIDE_LIPID_INTERMEDIATE_
BIOSYNTHETIC_PROCESS

19 –1.6877409 0.006097561 2994
tags=37%, 
list=17%, 
signal=44%

GO_NLS_BEARING_PROTEIN_IMPORT_INTO_
NUCLEUS

21 –1.6966152 0.002008032 2889
tags=48%, 
list=16%, 
signal=57%

GO_CYCLIN_BINDING 18 –1.7483643 0 3612
tags=56%, 
list=21%, 
signal=70%

GO_CYCLIN_DEPENDENT_PROTEIN_KINASE_
HOLOENZYME_COMPLEX

30 –1.7815279 0 4016
tags=63%, 
list=23%, 
signal=82%

GO_UBIQUITIN_LIKE_PROTEIN_TRANSFERASE_
ACTIVITY

390 –1.5787058 0.01764706 4260
tags=41%, 
list=24%, 
signal=53%

Downregulated

GO_REGULATION_OF_CGMP_BIOSYNTHETIC_
PROCESS

21 1.7511773 0.007677543 4576
tags=62%, 
list=26%, 
signal=84%

GO_HIGH_DENSITY_LIPOPROTEIN_PARTICLE 22 1.8657521 0 3735
tags=55%, 
list=21%, 
signal=69%

GO_NEUROTRANSMITTER_TRANSPORTER_
ACTIVITY

25 1.8388035 0.002 2593
tags=44%, 
list=15%, 
signal=52%

GO_MONOAMINE_TRANSPORT 22 1.7464089 0.012121212 3035
tags=45%, 
list=17%, 
signal=55%

GO_NEUROTRANSMITTER_SODIUM_SYMPORTER_
ACTIVITY

19 1.7252073 0.014141414 2593
tags=47%, 
list=15%, 
signal=55%

Table 2. Gene Set Enrichment Analysis (GSEA)-based Gene Ontology (GO) snalysis.
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Figure 2.  Gene functional enrichment analysis of the MEyellow model DEGs based on GSEA and Metascape. (A) GSEA-based GO 
analyses. (B) GSEA-based KEGG analyses. (C) Enrichment GO-KEGG color by cluster analyses using Metascape. (D) Enrichment 
GO-KEGG Color by P-value analyses using Metascape. (E) Enrichment heatmap selected GO-KEGG analyses using Metascape. 
DEGs – differently expressed genes; GSEA – Gene Set Enrichment Analysis; GO – Gene Ontology; KEGG – Kyoto Encyclopedia 
of Genes and Genomes.
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Hub gene miRNA prediction and functional and pathway 
enrichment analysis

The miRNAs that regulate the hub genes are shown in Table 5. 
Functional and pathway enrichment analysis of the miRNAs is 
shown in Figure 4. The results of GO analysis using the DIANA-
miRPath software showed that the variations in the “BP” of 
miRNAs which regulate hub genes were mainly enriched in or-
ganelle, ion binding, cellular protein modification process, etc. 
(Figure 4A). The “CC” items of the miRNAs were significantly 
enriched in cellular component assembly, cell junction organi-
zation, small molecule metabolic process, etc. (Figure 4B). As 
for the “MF”, miRNAs which regulate hub genes were observ-
ably enriched in molecular function, Fc-epsilon receptor, cyto-
sol, etc. (Figure 4C). According to the results of KEGG path-
way analysis, the top meaningful pathways associated with 

miRNAs which regulate hub genes were TGF-b signaling path-
way, MAPK signaling pathway, neurotrophin signaling path-
way, etc. (Figure 4D).

Identification of candidate small molecule drugs for 
treating AD

In this study, CMap database analysis was employed to ex-
plore potential small molecule drugs for AD. The cutoff crite-
ria were number of instances >2 and P-value <0.05. The iden-
tified molecules are listed in Table 6.

Prediction efficiency and effect of hub genes

Receiver operating characteristic (ROC) curve analysis 
was performed to assess the predictive value of the hub 

Term Size NES P-val Rank at max Leading edge

Upregulated

KEGG_UBIQUITIN_MEDIATED_PROTEOLYSIS 129 –1.3728358 0.08494209 4299
tags=40%, 
list=24%, 
signal=52%

KEGG_CYSTEINE_AND_METHIONINE_
METABOLISM

34 –1.4437566 0.055555556 5025
tags=44%, 
list=29%, 
signal=62%

KEGG_GLYCOSPHINGOLIPID_BIOSYNTHESIS_
LACTO_AND_NEOLACTO_SERIES

26 –1.3832588 0.12333966 4058
tags=42%, 
list=23%, 
signal=55%

KEGG_ERBB_SIGNALING_PATHWAY 87 –1.1214107 0.3327032 2889
tags=21%, 
list=16%, 
signal=25%

KEGG_T_CELL_RECEPTOR_SIGNALING_PATHWAY 107 –1.3274242 0.0990099 3201
tags=29%, 
list=18%, 
signal=35%

Downregulated

KEGG_ECM_RECEPTOR_INTERACTION 81 1.6102618 0.007968128 2431
tags=30%, 
list=14%, 
signal=34%

KEGG_NEUROACTIVE_LIGAND_RECEPTOR_
INTERACTION

262 1.5538158 0.029821074 4505
tags=36%, 
list=26%, 
signal=47%

KEGG_GLUTATHIONE_METABOLISM 46 1.327777 0.17193677 3391
tags=39%, 
list=19%, 
signal=48%

KEGG_CHEMOKINE_SIGNALING_PATHWAY 180 1.1255552 0.32258064 2840
tags=29%, 
list=16%, 
signal=34%

KEGG_CYTOKINE_CYTOKINE_RECEPTOR_
INTERACTION

243 1.1306927 0.25631067 4274
tags=30%, 
list=24%, 
signal=39%

Table 3. Gene Set Enrichment Analysis (GSEA)-based and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis.
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Figure 3.  Relationship between DEGs. (A) The PPI network; the more the number of connections, the more likely the interaction. 
(B) Common hub genes identified using different algorithms. (C) Common hub genes of the PPI network. (D) Relationship 
to AD group and control group related to hub genes based on the CTD. DEGs – differently expressed genes; PPI – protein–
protein interactions; AD – Alzheimer’s disease; CTD – Comparative Toxicogenomics Database.
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Symbol Description Function

SRC SRC proto-oncogene, non-
receptor tyrosine kinase

GO: 2000386 positive regulation of ovarian follicle development;
GO: 0086098 angiotensin-activated signaling pathway involved in heart 
process;
GO: 0001545 primary ovarian follicle growth

UBA52 Ubiquitin A-52 residue 
ribosomal protein fusion 
product 1

GO: 0035666 TRIF-dependent toll-like receptor signaling pathway;
GO: 0070423 nucleotide-binding oligomerization domain containing signaling 
pathway;
GO: 0002756 MyD88-independent toll-like receptor signaling pathway

UBB Ubiquitin B GO: 0021888 hypothalamus gonadotrophin-releasing hormone neuron 
development;
GO: 0035666 TRIF-dependent toll-like receptor signaling pathway;
GO: 0021886 hypothalamus gonadotrophin-releasing hormone neuron 
differentiation

VWF von Willebrand factor GO: 0007597 blood coagulation, intrinsic pathway;
GO: 0072378 blood coagulation, fibrin clot formation;
GO: 0002576 platelet degranulation

MMP9 Matrix metallopeptidase 9 GO: 2000697 negative regulation of epithelial cell differentiation involved in 
kidney development;
GO: 2001268 negative regulation of cysteine-type endopeptidase activity 
involved in apoptotic signaling pathway;
GO: 0051549 positive regulation of keratinocyte migration

PF4 Platelet factor 4 GO: 0045651 positive regulation of macrophage differentiation;
GO: 0051873 killing by host of symbiont cells;
GO: 0045653 negative regulation of megakaryocyte differentiation

GP6 Glycoprotein VI platelet GO: 0030168 platelet activation;
GO: 0007596 blood coagulation;
GO: 0007599 hemostasis

Table 4. Summary of hub genes.

Gene Predicted MiR Gene Predicted MiR

1 SRC hsa-miR-6884-5p
hsa-miR-485-5p
hsa-miR-9-5p

5 MMP9 hsa-miR-4530
hsa-miR-4530
hsa-miR-6890-3p

2 UBA52 hsa-miR-6886-3p
hsa-miR-938
hsa-miR-18a-3p

6 PF4 hsa-miR-129-5p
hsa-miR-8064
hsa-miR-105-5p

3 UBB hsa-miR-365b-3p
hsa-miR-365a-3p
hsa-miR-3666

7 GP6 hsa-miR-1261
hsa-miR-4780
hsa-miR-623

4 VWF hsa-miR-4269
hsa-miR-6715b-5p
hsa-miR-4690-5p

Table 5. Summary of MiRNAs that regulate hub genes.
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Figure 4.  Functional and pathway enrichment analyses of miRNAs which could regulate hub genes. (A) BP analyses. (B) CC analyses. 
(C) MF analyses. (D) KEGG analyses. miRNAs – microRNAS; BP – biological processes; CC – cellular components; 
MF – molecular functions; KEGG – Kyoto Encyclopedia of Genes and Genomes.

cmap name Mean n Enrichment P

1 PF-00539758-00 –0.904 3 –0.985 0

2 Xamoterol –0.78 3 –0.968 0.0001

3 Vancomycin –0.767 4 –0.877 0.00052

4 Etiocholanolone –0.567 6 –0.743 0.00056

5 Aceclofenac 0.658 4 0.849 0.00074

6 Caffeic acid 0.736 3 0.922 0.00104

7 0317956-0000 –0.286 8 –0.641 0.00112

8 Co-dergocrine mesilate –0.653 4 –0.834 0.00137

9 Mecamylamine 0.667 3 0.878 0.00349

10 Josamycin –0.534 5 –0.718 0.00385

Table 6. Summary of hub gene regulation connectivity map.

e924263-10
Indexed in: [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]  
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]  
[Chemical Abstracts/CAS]

Wang X. et al.: 
Bioinformatics analysis for identifying potential peripheral blood biomarkers…

© Med Sci Monit, 2020; 26: e924263

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)

DATABASE ANALYSIS



Gene OR 95% CI P

SRC .008 0.000–0.136 0.001

MMP9 .017 0.001–0.210 0.002

PF4 .036 0.004–0.309 0.002

GP6 .036 0.004–0.309 0.002

Table 7. Hub genes and their predicted effects on Alzheimer’s disease based on univariate logistic proportional regression analysis.

OR – odds ratio; CI – confidence interval.
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Figure 5.  ROC curves of the hub genes. ROC – receiver operating characteristic.
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genes (Figure 5). UBA52 and UBB had the highest areas un-
der the curves. The odd ratios and 95% confidence intervals 
in univariate analysis for AD are shown in Table 7.

Discussion

It is known that AD is the main cause of dementia among el-
derly populations and that it is characterized by the excessive 
deposition of extracellular plaque formed by amyloid protein, 
intracellular neurofibrillary tangles formed by phosphorylated 
tau protein, and selective loss of susceptible neurons. However, 
the exact mechanisms underlying the pathogenesis of AD have 
not been clarified, and treatment options are limited. The in-
creasing prevalence of AD, along with improved human lon-
gevity, imposes immense economic and social burdens on 
the world. The only sensible solution to this crisis would be 
the development of effective and affordable diagnostics for 
AD detection so that the progression of AD can be addressed 
or halted prior to dementia onset. Hence, it is of vital impor-
tance to explore and develop more affordable, convenient, and 
efficient techniques and peripheral blood biomarkers for the 
detection and diagnosis of AD [8]. In this study, we searched 
for potential miRNA biomarkers in the peripheral blood of pa-
tients with AD based on microarray technology and bioinfor-
matic analyses, which may advance our understanding of AD 
and then contribute to bring out more comprehensive, effec-
tive and feasible prevention strategies.

The recent great advance and widely application of bioinfor-
matics technologies have promoted to explore more feasible 
biomarkers and more novel therapeutic candidates in various 
diseases. More and more sequences data are being submit-
ted to public databases such as The Cancer Genome Atlas and 
GEO databases. In this study, transcriptome expression profiles 
of patients with AD were downloaded from the GEO database 
and re-analyzed to search for potential peripheral blood bio-
markers of AD; using bioinformatics analyses, we found 5042 
DEGs between AD and age-matched normal samples. GO and 
KEGG analyses of these DEGs were carried out to investigate 
the potential underlying molecular mechanisms and connec-
tions between them. It is worth noting that “mitophagy” was 
enriched; mitochondrial dysfunction contributes to a wide 
spectrum of age-related diseases such as AD, Parkinson’s dis-
ease, and other neurodegenerative diseases. Emerging find-
ings demonstrate that mitochondrial dysfunction, accumula-
tion of damaged mitochondria, and impaired mitophagy occurs 
early in neurons affected by AD, which could promote the dis-
ease-defining amyloid-b peptide and tau pathologies [25–27]. 
Thus, bolstering mitochondrial health and/or stimulating mi-
tophagy may forestall the neurodegenerative process in AD. 
Moreover, GO analysis based on GSEA indicated enrichment in 
“neurotransmitter transporter activity”. Acetylcholine is one of 

the most important neurotransmitters that have an important 
in the central nervous systems. It has been reported that loss 
of cholinergic neurons contributes to memory and attention 
deficits, which could lead to disease progression and clinical 
condition aggravation [28]. Cholinesterase inhibitor therapy 
has been developed as the standard and predominant treat-
ment for relieving symptoms and possibly slowing down dis-
ease progression of AD [29,30]. Thus, drugs that act on the 
neurotransmitter transporter may represent a promising op-
tion to relieve and cure patients with AD.

In this study, 7 hub genes (UBB, UBA52, SRC, MMP9, VWF, GP6, 
and PF4) were determined based on PPI network analysis. UBB 
and UBA52 encode ubiquitin, which plays a key role in 26S 
proteasomal degradation of target cell proteins. An abnormal 
form of ubiquitin was found to accumulate in the brain tis-
sues of patients with AD; meanwhile APP+1 and UBB+1 frame-
shift proteins were demonstrated to elicit the production of 
AD-specific autoantibodies [31–33]. SRC encodes a tyrosine-
protein kinase that is associated with cell growth. Scales et al. 
have demonstrated that the SRC family plays a key role in hy-
per-phosphorylation of tau protein, which is the main compo-
nent of neurofibrillary tangles in AD [34]. Moreover, inhibition 
of SRC family kinases can improve spatial cognitive function in 
a non-traumatic intraventricular hemorrhage rat model [35]. 
Therefore, inhibiting SRC expression may also affect the pa-
thology and severity of AD. MMP9 is involved in the breakdown 
of the extracellular matrix, tissue remodeling, cellular recep-
tor stripping, and processing of various signaling molecules. It 
has been shown that the potential of MMP family proteins to 
degrade amyloid-b is compromised in the brains of patients 
with AD [36]. Thus, MMP9 hypofunction in the brain may con-
tribute to the anomalous deposits associated with AD. VWF 
encodes a glycoprotein involved in hemostasis. Vascular dam-
age was thought to play a key role in the pathogenesis of AD, 
and VWF has also been considered as a biomarker for vascu-
lar damage [37,38]. Moreover, patients with AD have an in-
creased plasma level of VWF [39], indicating that it could be 
used as an early biomarker of AD. GP6 (glycoprotein VI plate-
let), a platelet membrane glycoprotein of the immunoglobu-
lin superfamily, plays a critical role in collagen-induced plate-
let aggregation and thrombus formation. A growing number 
of evidence from clinical and basic studies indicates that vas-
cular risk factors and angiopathic mechanisms are extensive-
ly involved in the pathogenesis of AD. GP6 plasma levels are 
significantly decreased in patients with AD compared with 
those in healthy controls, and GP6 levels are also positive-
ly correlated with Mini-Mental State Examination score [40]. 
Thus, we hypothesize that GP6 plays a neuroprotective role 
in the pathogenesis of AD. PF4 encodes a member of the CXC 
chemokine family. It has been reported that, in the presence 
of Ab42, uncontrolled activation of platelets could lead to a 
chronic inflammatory reaction due to the over-secretion of 
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PF4 [41]. Thus, targeting PF4 may provide a new avenue for 
anti-AD therapy. Our results from the CTD demonstrate that all 
hub genes are involved in neurodegenerative disease, cogni-
tive disorder, memory disorder, or learning disorder. Moreover, 
our ROC analysis results showed that the predictive value of 
the hub genes were relatively high. All these evidences sup-
port the possibility that these hub genes may be potential 
peripheral blood biomarkers for AD diagnosis; however, more 
in vitro and in vivo research is needed to confirm their corre-
sponding functions and validity.

Recent accumulating evidences show that miRNAs may be an 
attractive type of blood-based biomarkers for patients with AD 
because miRNAs are relatively more stable in serum and plas-
ma than mRNAs. In our study, the comprehensive functional 
and pathway enrichment analysis results of miRNAs made it 
clear that they may play an essential role in the occurrence and 
development of AD. Interestingly, alteration of hsa-miR-9-5p 
has been demonstrated to be closely related with AD pathol-
ogy [42,43]. All these data acquired through bioinformatics 
analyses supply valuable information about how these pre-
dicted miRNAs are related to the AD progression.

Conclusions

In summary, our work to identify peripheral blood biomarkers 
for patients with AD provides some valuable potential biolog-
ical targets for further and deeper mechanistic investigation, 
which could vigorously accelerate the pace to develop more 
simple, effective and feasible screening methods for popula-
tions at high risk of AD.
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