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Abstract  
Acute aortic dissection (AAD) is a severe aortic injury disease, which is often life-threatening at the onset. However, its early 
prevention remains a challenge. Therefore, in the context of predictive, preventive, and personalized medicine (PPPM), it 
is particularly important to identify novel and powerful biomarkers. This study aimed to identify the key markers that may 
contribute to the predictive early risk of AAD and analyze their role in immune infiltration. Three datasets, including a total 
of 23 AAD and 20 healthy control aortic samples, were retrieved from the Gene Expression Omnibus (GEO) database, and 
a total of 519 differentially expressed genes (DEGs) were screened in the training set. Using the least absolute shrinkage and 
selection operator (LASSO) regression model and the random forest (RF) algorithm, FERMT1 (AUC = 0.886) and SGCD 
(AUC = 0.876) were identified as key markers of AAD. A novel AAD risk prediction model was constructed using an arti-
ficial neural network (ANN), and in the validation set, the AUC = 0.920. Immune infiltration analysis indicated differential 
gene expression in regulatory T cells, monocytes, γδ T cells, quiescent NK cells, and mast cells in the patients with AAD 
and the healthy controls. Correlation and ssGSEA analysis showed that two key markers’ expression in patients with AAD 
was correlated with many inflammatory mediators and pathways. In addition, the drug-gene interaction network identified 
motesanib and pyrazoloacridine as potential therapeutic agents for two key markers, which may provide personalized medical 
services for AAD patients. These findings highlight FERMT1 and SGCD as key biological targets for AAD and reveal the 
inflammation-related potential molecular mechanism of AAD, which is helpful for early risk prediction and targeted preven-
tion of AAD. In conclusion, our study provides a new perspective for developing a PPPM method for managing AAD patients.

Keywords Acute aortic dissection · Predictive preventive personalized medicine (PPPM) · Machine learning · Key marker · 
Prediction model · Immune infiltration

Introduction  

The challenge of AAD management under PPPM

Acute aortic dissection (AAD) presents as a separation of 
the aortic wall layers due to a tear in the intima or bleed-
ing in the aortic wall and is a very aggressive illness [1]. It 
occurs at a rate of 3–4 cases per 100,000 people per year [2]. 
The typical clinical presentation of aortic dissection is the 

acute onset of severe chest and back pain. The most com-
mon causes of related death are aortic rupture and cardiac 
tamponade [3]. The mortality rate of untreated patients with 
AAD is 21% at 24 h and 37% at 48 h [4]. The most effective 
treatments for AAD are usually surgical artificial vascular 
replacement and intracavitary stent implantation [5], but 
both require a very high skill level, and even at experienced 
cardiovascular centers, the postoperative mortality rate of 
patients can be 10–35% [6]. Therefore, early prevention 
and timely treatment are crucial for reducing mortality and 
improving outcomes. The concept of predictive, preventive, 
and personalized medicine (PPPM) is widely used in oncol-
ogy, which provides a theoretical basis for screening cancer 
biomarkers and treatment targets based on genome sequenc-
ing and complements the prevention and diagnosis of cancer 
under the concept of personalized medicine [7]. But when it 
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comes to AAD, the early prediction and prevention efforts 
are obviously inadequate [8]. Some patients are not aware of 
the potential risk before symptoms develop and die before 
surgery [9], which is unsatisfactory from the perspective of 
PPPM [10]. In recent decades, many efforts have been made 
to find effective biomarkers playing an important role in the 
prevention, diagnosis, and prognosis of AAD. Some markers 
related to inflammation, thrombosis, and aortic wall patho-
physiological changes have been identified, such as IL-6, 
D-dimer, and MMPs [11]. The combination of various mark-
ers and imaging provides help for the rapid diagnosis of 
AAD [12]. However, due to different results in the clinical 
management of PPPM in AAD [13], current international 
guidelines advocate early identification of risk before acute 
index events occur, that is, secondary prevention of AAD 
[14], which is still a great challenge for its complex biologi-
cal and clinical characteristics [15]. Consequently, there is 
an urgent need to discover more characteristic biomarkers 
to further improve the PPPM system of AAD.

The role of immune‑related mechanisms in AAD

The pathogenic mechanisms of AAD have recently become a 
popular research topic. Immune and inflammatory responses 
have been shown to play vital roles in the development of 
AAD [16]. When AAD occurs, many immune cells, such as 
the T and B cells and monocytes, and macrophages infiltrate 
aortic wall lesions [17]. The activated immune cells promote 
the secretion of various inflammatory factors, such as IL-6, 
MMPs, and osteopontin. The interaction between immune 
cells and immune factors promotes the remodeling of aor-
tic vascular tissue, which eventually leads to the expansion 
and rupture of the dissection [18]. However, the pathogen-
esis of AAD is the result of multiple factors, and there are 
still many unknown pathological mechanisms that must be 
investigated. Therefore, the key markers and pathological 
mechanisms of AAD must be further investigated for the 
development and improvement of personalized therapeutic 
strategies.

Study assumptions

The rapid development of sequencing technologies has facil-
itated the identification of key markers related to multiple 
diseases, especially showing great potential under PPPM 
strategies for the prediction, diagnosis, and treatment of 
acute diseases [19]. Machine learning models have unique 
dimensionality reduction and classification algorithms to 
analyze high-dimensional sequencing data more effectively, 
which enables the identification of new disease diagnosis 
strategies [20]. Using bioinformatics and machine learn-
ing models, the study of molecular mechanisms has also 
become popular in disease research [21]. Especially in the 

field of oncology, it greatly enhances the ability to predict 
tumorigenesis and accurately predict the prognosis of tumor 
patients, which promotes the development of personal-
ized medical intervention [22]. However, there have been 
few studies on AAD prediction models based on machine 
learning algorithms and biomarkers so far. Therefore, we 
speculate that a novel AAD pathogenesis prediction model 
can be established using bioinformatics and machine learn-
ing models from the perspective of macroscopic biological 
characteristics, and drug molecular screening based on key 
targets also can provide a new perspective for personalized 
medical treatment of AAD patients.

Study design

In this study, we constructed expression profiles of DEGs 
between AAD patients and control samples and then used 
the Lasso regression model and the RF algorithm to search 
for key markers involved in the pathogenesis of AAD. Two 
novel AAD biomarkers were identified, and an efficient 
AAD neural network risk prediction model was constructed. 
In addition, the results of the immune infiltration analysis 
and correlation analysis with key markers have provided val-
uable information on the molecular mechanisms of immu-
nity in the development of AAD. Collectively, the results of 
this study will provide new evidence to guide the prediction, 
prevention, and treatment of AAD in the PPPM framework.

Materials and methods

Data collection

AAD datasets were downloaded from the Gene Expression 
Omnibus (GEO) database. Three mRNA expression data-
sets with AAD patient information, namely, GSE52093, 
GSE98770, and GSE153434, were included in this study. 
The platform for the GSE52093 dataset was GPL10558, 
which contains 7 AAD patients and 5 healthy controls. 
The GSE98770 dataset consists of gene expression profile 
data obtained using mRNA and miRNA microarrays. The 
mRNA microarray platform is GPL14550, and it contains 
gene expression data from acute type A aortic dissections 
(n = 6) and non-dissected ascending aortas obtained from 
transplant donors (n = 5). The normalized expression matrix 
of the microarray data can be downloaded directly from the 
dataset and annotated using the corresponding annotation 
file. In contrast, GSE153434 contains gene expression pro-
file data obtained from high-throughput sequencing. The 
platform for this dataset was GPL20795 and has the gene 
expression data of dissected ascending aortas from AAD 
patients (n = 10) and healthy controls (n = 10). The datasets 
and sample information analyzed in this study are shown in 
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Table 1. We combined the GSE52093 and GSE98770 data-
sets to form a training set and used the GSE153434 dataset 
as the validation set. The training set trained the parameters 
of each model, and the validation set was used to verify and 
compare the prediction accuracy of the genes.

Screening and bioinformatics analysis of the DEGs

The GSE52093 and GSE98770 datasets were merged after 
normalization using the “SVA” [23] and “Limma” [24] R 
packages, and batch effect correction of the merged data 
was performed using the ComBat tool. The results of the 
batch effect correction were verified using principal com-
ponent analysis (PCA), and the merged data were used as 
the training set for this experiment. The “Limma” R pack-
age was used to calculate the differentially expressed genes 
(DEGs) between AAD and the healthy tissues (p < 0.05 and 
|log2 FC|> 1). Next, GO functional annotation and KEGG 
enrichment analysis of the DEGs were performed using the 
“org.Hs.eg.db” [25] and “clusterProfiler” [26] R packages to 
investigate the potential biological processes, cellular com-
ponents, and molecular functions of the DEGs. Differences 
with p < 0.05 were considered statistically significant.

Machine learning identification and validation 
of characteristic genes

To reduce the risk of bias in the prediction process, we 
used two machine learning models to screen for key 
marker characteristics of AAD onset. LASSO is a dimen-
sionality reduction algorithm suited for analyzing high-
dimensional data. LASSO regression can be used to con-
struct a penalty function to obtain a more refined model, 
thereby reducing the number of variables but still retaining 
those that are valuable to successfully prevent overfitting 
[27]. The “glmnet” software package was used to deter-
mine the penalty parameter λ by tenfold cross-validation 
and identify the optimal λ value corresponding to the mini-
mum cross-validation error and list the gene names cor-
responding to that point. The RF algorithm is an integrated 
learning method consisting of several decision trees for 
sample training and prediction [28]. The “random For-
est” software package [29] was used to construct the RF 
model and identify candidate genes based on their impor-
tance in relation to AAD. The optimal number of trees 

included in the RF was set to 1500, and the number of 
trees corresponding to the point with the slightest cross-
validation error was 8. The Gini coefficient method was 
used to obtain the dimensional importance values of the 
RF model. The possible key markers in AAD develop-
ment were screened from highest to lowest by ranking the 
importance values, and the importance graph was plotted. 
The “pheatmap” software package was used to create heat 
maps. The AAD genes screened from the two models were 
used for hierarchical clustering of the samples. The accu-
racy of the model results was validated by distinguishing 
the control group from the disease group by their expres-
sion levels. The intersection of the genes obtained from the 
two machine learning models was determined. The expres-
sion levels of the genes in the intersection were identified 
in the validation set, and genes with no significant dif-
ferences in expression (p ≥ 0.05) were excluded. Finally, 
the remaining genes were used as the key markers in this 
study. The accuracy of the genes was assessed using ROC 
curves [30], and the area under the curve (AUC) values 
were used to indicate the accuracy and predictive value of 
the gene for AAD.

Construction of a disease classification neural 
network model

Use an artificial neural network to construct a disease clas-
sification model in the training set and predict its accuracy 
respectively in the training set and the validation set [31]. 
The expression data of the key markers finally screened 
out were first transformed into “gene scores” based on 
expression levels. In the training set, the expression val-
ues of the characteristic genes were compared with the 
median expression values of all subsets within the sam-
ple. Upregulated gene expression was recorded as 1 if 
greater than the median value and 0 if less than the median 
value. Downregulated gene expression was recorded as 
0 if greater than the median value and 1 if less than the 
median value. Finally, we obtained a “gene score” table 
for each gene in each sample. ANN models of important 
variables were constructed using the “Neuralnet” and 
“NeuralNetTools” R packages [32]. The number of hid-
den nodes was set to 5, and a classification model of AAD 
was constructed from the obtained “gene score” informa-
tion. In this model, the sum of the weight score products 
and the key marker expression level were used as the dis-
ease classification score. The obtained model was used 
to predict the grouping of samples. The predicted results 
were compared with the initial grouping to determine the 
accuracy of the neural network model in predicting AAD. 
The “pROC” R package was used to calculate the AUC to 
determine the classification performance.

Table 1  Data download

Data Platform Sample size Data type

GSE98770 GPL14550 11 (Healthy:5, AAD:6) Microarray
GSE52093 GPL10558 12 (Healthy:5, AAD:7) Microarray
GSE153434 GPL20795 20 (Healthy:10, AAD:10) RNA-Seq
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Immune infiltration and correlation analysis

CIBERSORT is a bioinformatics tool that can discriminate 
and quantify 22 human immune cell phenotypes including 
plasma, B, and T cells, as well as their subpopulations using 
a deconvolution algorithm based on gene expression data 
[33]. It is widely used to assess immune cell types in the 
microenvironment of tumors and non-malignant diseases 
[34]. We uploaded the expression profiles of the training 
set to CIBERSORT and analyzed the samples with a fil-
ter of p < 0.05 to obtain an immune infiltration matrix. The 
“corrplot” package was used to plot a correlation heat map, 
and the correlation between each type of immune cell was 
subsequently visualized. The “ggplot2” package was used to 
draw violin plots to show the differences in immune infiltra-
tion. The “ggstatsplot” package was used to perform Spear-
man correlation analysis between key markers and infil-
trating immune cells, and the “ggplot2” package was used 
to visualize the results. GSEA analysis for FERMT1 and 
SGCD was used GSEA software (Version 3.0). The sam-
ples were divided into high expression group (≥ 50%) and 
low expression group (< 50%) according to the expression 
level of FERMT1 and SGCD. And to evaluate the related 
pathways and molecular mechanisms, we downloaded “c2.
cp.kegg.v7.4.symbols.gmt” collections from the Molecular 
Signatures Database [35]; grouping based on gene expres-
sion profile and phenotype, the minimum gene set is set as 
5, and the maximum gene set is set as 5000, and a p value 
of < 0.05 was considered statistically significant. The hall-
mark gene set in the database MsigDB was used as a refer-
ence for ssGSEA. The scores of each sample in the gene 
set were calculated, and the differences were analyzed; the 
genomes with p < 0.05 were considered to be significantly 
enriched.

Real‑time fluorescence quantitative PCR

Patients aged 18  years and older with AAD diagnosed 
by full aortic CTA were included in the AAD group, and 
age-matched healthy individuals without dissection were 
included in the healthy group. RNA was extracted from 
AAD (n = 5) and healthy (n = 3) tissues and AAD (n = 12) 
and healthy (n = 12) plasma using the Trizol reagent 
(Ambion) as per the manufacturer’s instructions. RNA was 
collected by diluting with DEPC-treated water and electro-
phoresed on denatured formaldehyde agarose gels to confirm 
overall sample quality. To determine RNA concentration and 
purity, 1 μg of total RNA from each sample was reverse tran-
scribed using a cDNA synthesis kit (Takara TB Green Pre-
mix Ex Taq II), and real-time quantitative PCR (qPCR) reac-
tions were performed using a CFX96 real-time fluorescent 
quantitative PCR system (Bio-Rad). BlazeTaq™ SYBR® 
Green qPCR Mix 2.0 (Takara) was used for qPCR reactions 

with GAPDH as an internal reference gene. Relative gene 
expression was calculated using the 2-ΔΔCT method [36], 
and reactions were performed in triplicate to ensure accu-
racy. Primer sequences are shown in Supplementary Table 1.

Analysis of protein subcellular localization 
and correlation with immune checkpoints

The Cell-PLoc 2.0 tool [37] was used to predict the protein 
subcellular localization of FERMT1 and SGCD. This is an 
online server for predicting the subcellular localization of 
proteins. The Pearson correlation between FERMT1, SGCD, 
and immune checkpoints HAVCR2, LAG3, CTLA4, CD274, 
and PDCD1 was calculated by R software.

Drug–gene interaction and molecular docking 
analysis

The molecular structures of ligands and target proteins were 
obtained from PubChem, PDB, cellminer, HERB, and other 
databases and visualized by Cytoscape software. Then, the 
docking energy is generated by the docking simulation by 
AutoDock Vina [38]. Finally, the docking complex is visual-
ized by Discovery Studio software.

Statistical analysis

Statistical analyses were using GraphPad Prism 8.0.2 and R 
(version 4.1.1). The accuracy of the key markers prediction 
was assessed using receiver operating characteristic (ROC) 
curve analysis. The correlation between gene expression and 
the immune cells was analyzed using Pearson, and a signifi-
cant difference was considered as p < 0.05 unless specified.

Results

DEGs screening and bioinformatic analysis

The GSE52093 and GSE98770 datasets were used as the 
training set, the GSE153434 dataset was used as the exter-
nal validation set, and PCA was used to verify the results 
of batch effect correction (Fig. 1a, b). The results showed 
that the batch-to-batch differences were eliminated. Sub-
sequently, we used R software to extract 519 DEGs from 
the training set gene expression matrix, of which 297 were 
significantly upregulated and 222 were significantly down-
regulated. The resulting DEGs are shown as a volcano plot 
(Fig. 1c) and a heatmap (Fig. 1d). GO analysis showed 
that the DEGs were significantly enriched in the biologi-
cal processes of the extracellular matrix, ion channels, and 
cell division (Fig. 2a). KEGG pathway analysis showed 
that the DEGs were significantly enriched in extracellular 
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matrix receptor interactions and the IL-17 and p53 signal-
ing pathways (Fig. 2b). The GSEA pathway enrichment 
analysis indicated the significantly enriched biological 
pathways involved in the AAD and healthy groups; the 
results are shown in Fig. 2c, d. In summary, we found out 
that cell biological functions such as cell cycle, replica-
tion, and development, as well as immune-related sign-
aling pathways are predominantly enriched among the 
DEGs.

Screening and validation of key markers

After inputting the 519 DEGs into the LASSO regression 
model and RF classifier, 13 and 12 candidate genes were 
respectively identified (Fig. 3a, b). The results of the two 
models were plotted against the clustering heatmap, and the 
results showed that the candidate genes identified by both 
models could distinguish the healthy and AAD samples in 
the training set, with the candidate genes screened from the 

Fig. 1  GSE52093 and GSE98770 datasets were combined, and the 
batch effect correction results were verified by principal component 
analysis. a PCA plot before batch effect correction. b PCA plot after 
batch effect correction. The triangle represents the disease group 
sample, and the square represents the control group sample. c Vol-

cano plot of DEGs in the training set. Red dots represent upregulated 
genes, green dots represent downregulated genes, and black dots rep-
resent genes with no differential expression. d Heatmap of the top 
50 DEGs in the training set. Red and blue represent upregulated and 
downregulated DEGs respectively
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LASSO analysis having a better clustering ability (Fig. 3c, 
d). The results obtained from the two algorithms were subse-
quently intersected to obtain four genes, namely, FERMT1, 
SGCD, SHISA3, and PZP (Fig. 4a). The expression lev-
els of these four genes were identified in the validation set 
GSE1534345, where the expression of FERMT1 and SGCD 
were consistent with the training set and were thus identi-
fied as key AAD genes (Fig. 4b). Evaluating the accuracy of 
the two key markers using ROC curves in the training and 
validation sets showed that the AUC values of SGCD and 
FERMT1 in the training set were 0.89 and 0.93, respectively 
(Fig. 4c). Consistent with this, the AUC values of both genes 
in the validation set were also high (Fig. 4d), at 0.86 and 
0.84, respectively. In summary, SGCD and FERMT1 were 
found to have high predictive values for AAD.

Construction of a predictive model using 
an artificial neural network

The expression data for the two key markers were converted 
into a “gene score table,” and the weights of each gene were 
optimized using a neural network algorithm (Fig. 5a). The 

gene scores and gene weights of the two key markers were 
multiplied to obtain disease classification scores. Next, we 
used the classification score values for the 22 samples in the 
training set as the predicted values and the clinical outcomes 
of AAD as the true values. The calculation was performed; 
for the training set, the AUC value of the prediction model 
obtained using the neural network was 0.950 (Supplemen-
tary Fig. 1). And for the validation set of 20 samples, the 
AUC value was 0.92 (Fig. 5b).

Immune infiltration and correlation analysis

According to the results of immune cell composition 
abundance calculated by CIBERSORT algorithm, after 
excluding two types of cells that were not expressed in the 
samples, the expression results of the remaining 20 types 
of immune cells in the AAD and healthy human samples 
are shown in Fig. 6c. Compared to healthy individuals, 
the expression of the monocyte-macrophage system and 
quiescent NK cells was significantly increased in AAD tis-
sues. In contrast, the expression of regulatory T cells, γδ T 
cells, and mast cells were decreased (Fig. 6a). Correlation 

Fig. 2  Results of enrichment analysis. a GO analysis bubble plot 
showing the set of biological processes, cellular components, and 
molecular functions. b Venn diagram of KEGG enrichment analysis 

results. c–d GSEA analysis shows the biological functions enriched 
in the AAD and healthy groups
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analysis between immune cell types indicated a signifi-
cant positive correlation between quiescent dendritic cells 
and M0 macrophages in patients with AAD (Fig. 6b). The 
results of the correlation analysis between the key markers 
and immune cells (Fig. 7) show that FERMT1 was posi-
tively correlated with monocytes (p = 0.037) and memory 
B cells (p = 0.015) and negatively correlated with regula-
tory T cells (p = 0.025) (Fig. 7c) and SGCD was positively 
correlated with γδ T cells (p = 0.002) and negatively cor-
related with monocytes (p = 0.049) and quiescent NK cells 
(p = 0.001) (Fig. 7d). Scatter plots showing the correla-
tions between the two genes and the common monocytes 
are presented in Fig. 7a, b. And the results of the GSEA 
analysis of FERMT1 and SGCD are shown in Fig. 8.

Enrichment analysis of ssGSEA

The hallmark gene set from the MsigDB database is used 
as a reference for ssGSEA to explore the further poten-
tial mechanisms of AAD in pathogenesis. A total of 13 
genomes in 50 gene sets were significantly enriched 
(p < 0.05). These genomes are mainly enriched in KRAS 
signaling down (p < 0.05), UV response down (p < 0.05), 
UV response up (p < 0.05), reactive oxygen species path-
way (p < 0.05), MYC targets v2 (p < 0.05), MYC targets 
v1 (p < 0.05), E2F targets (p < 0.01), PI3K AKT MTOR 
signaling (p < 0.05), myogenesis (p < 0.001), Notch sign-
aling (p < 0.05), G2M checkpoint (p < 0.01), mitotic spin-
dle (p < 0.05), and TNFA signaling via NFKB (p < 0.05). 

Fig. 3  Key markers screened and heatmap. a Thirteen key markers 
were screened out using the Lasso regression model. b Results of 12 
key markers screening using the random forest classifier Gini coef-
ficient algorithm. c–d Sample clustering heatmap. Samples were clus-

tered by the key markers screened from the two models. Red and blue 
indicate genes with high and low expression in the samples, respec-
tively. Green and red bands on the upper edge of the heat map indi-
cate healthy and AAD samples respectively
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These results demonstrate the key role of hallmark gene 
set-related pathways in the occurrence and progression of 
AAD (Fig. 9a). The results of the correlation of FERMT1 
and SGCD between hallmark gene set are shown in 
Fig. 9b.

Validation in clinical tissues and plasma samples

To further assess the value of SGCD and FERMT1 as bio-
markers, the expression levels of SGCD and FERM1 were 
evaluated in the aortic tissues and plasma of patients with 
AAD and healthy controls. The expression of FERMT1 was 

Fig. 4  Screening and evaluation of key markers. a The results of the 
two machine learning models were intersected, and four candidate 
genes were obtained. b The four genes were validated in the valida-

tion set, and FERMT1 and SGCD were found to be differentially 
expressed. c–d AUC values of the two genes in the training set and 
validation set
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significantly higher in the dissected tissues and plasma col-
lected from patients with AAD (Fig. 10a, c), and SGCD was 
significantly lower (p < 0.05) when compared to the healthy 
controls (Fig. 10b, d), which was accordant with the results 
of our analysis. Overall, these results suggest that FERMT1 
and SGCD could be key biomarkers for AAD.

Protein subcellular localization and correlation 
with immune checkpoint analyses of FERMT1 
and SGCD

The protein subcellular localization of FERMT1 and SGCD 
predicted by Cell-PLOc 2.0 is in the cytoplasm (Fig. 11a). 
And FERMT1 was significantly positively correlated with the 
immune checkpoint HAVCR2 (p = 0.012), while SGCD was 
significantly negatively correlated with HAVCR2 (p = 0.0009) 
as shown in Fig. 11b, further indicating the important role of 
FERMT1 and SGCD in the immune response.

Drug–gene interaction and molecular docking 
analyses of FERMT1 and SGCD

Searching for targeted drugs for FERMT1 and SGCD pro-
vides a new strategy for potential drug therapy for AAD. 
The drug–gene interaction network of two genes is shown 
in Fig. 11c. We constructed the drug target network based 
on the drugs negatively correlated with the IC50 [39] coef-
ficient. We selected motesanib and pyrazoloacridine, which 
have the strongest correlation, to bind to FERMT1 and 
SGCD respectively. The results showed that the binding of 
the two drugs to the two genes was stable (Fig. 11d), sug-
gesting that they may be used as new drugs to guide the 
treatment of AAD.

Discussion

AAD is a catastrophic illness that remains a major challenge 
for global public health. Early detection, prevention, and 
intervention of potential risk factors for AAD are the key to 
reduce morbidity and mortality. Screening potential suscep-
tibility genes and revealing their biological mechanisms in 
AAD are considered to be effective strategies for predicting 
diagnosis, targeted prevention, and personalized treatment 
of diseases [40]. Therefore, in the present study, SGCD and 
FERMT1 were identified as novel genetic markers that may 
be involved in the pathogenesis of AAD in the context of 
PPPM through the comprehensive mining of GEO databases 
combined with multiple machine learning models, and their 
roles in immune infiltration mechanisms were investigated 
to help elucidate new strategies for preventing and treating 
AAD.

Selection and construction of AAD prediction 
methods within the framework of PPPM

In the last decade, a large number of studies on aortic 
dissection and aneurysm disease have shown explosive 
growth worldwide, which undoubtedly shows that AAD 
is currently imposing a huge socioeconomic burden on 
primary, secondary, and tertiary healthcare systems [41]. 
The paradigm shift from responsiveness to predictability, 
preventive, and personalized medicine (PPPM) has been 
announced as an important shift in health care for patients 
with AAD. To this end, a specific combination of bio-
markers helps to tailor personalized prevention and treat-
ment strategies for AAD patients. Emerging algorithms, 
particularly machine learning algorithms such as LASSO, 
RF, and ANN, have contributed to discovering disease 

Fig. 5  Neural network prediction model. a Visualization results in the validation set of 20 samples. b Model ROC curve validation results
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biomarkers, providing new methods for disease diagnosis 
or outcomes in many fields [42]. However, studies apply-
ing machine learning to screen for AAD-related markers 
are lacking. The present study highlights the innovative 
combination of two machine learning models, the Lasso 
regression model with excellent dimensionality reduction 
and RF, which has the best performance among classifiers 
with easy-to-implement and straightforward algorithms. 
Both have been demonstrated to have robust performance 
capacities in many real-world tasks. A study compared the 
classification performance of 179 classification algorithms 
on 121 UCI datasets through extensive experiments, and 
the results showed that RF achieved a maximum accuracy 
of 94.1% in 84.3% of the datasets [43]. In addition, disease 
prediction and diagnosis models constructed using ANN 
have enjoyed widespread application [44]. We validated 

the intersection of the results of the Lasso and RF algo-
rithms in an independent external dataset, which signifi-
cantly reduced the risk bias of our study, and found good 
AUC values for the two key markers identified, FERMT1 
and SGCD. Subsequently, we determined the predictive 
weights of the two key markers in the training cohort using 
a neural network model. We used them to construct the 
NeuraAAD classification scoring model for AAD. Finally, 
the classification efficiency of the model was evaluated in 
an independent external sample dataset, and high AUC 
values were obtained, indicating that NeuraAAD has bet-
ter classification efficiency than the two AAD key markers 
alone. Collectively, this pioneering study may provide new 
perspectives for identifying biomarkers that could assist 
in preventing AAD.

Fig. 6  Analysis of the immune infiltrating cells between AAD and 
healthy human tissues. a Violin plot showing the differentiation of the 
ratio of the 20 immune cell types between AAD samples and healthy 
human samples using the Wilcoxon rank-sum test. b Correlation anal-

ysis between each immune cell type. c Bar graph showing the ratio of 
the 20 immune cell types in the AAD samples in the training set, with 
each column representing one sample
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Biological characteristics and functions of two key 
markers in cardiovascular disease

SGCD and FERMT1 were identified in the present study 
as key markers in the pathogenesis of AAD, and they both 
have crucial roles in cardiovascular disease. FERMT1 is 
an adapter protein expressed by most epithelial cells and 
forms the kindlin family with FERMT2 and FERMT3. As 
an evolutionarily conserved focal adhesion (FA) protein, 
FERMT1 activates integrin and ligand by binding to the 
tail of β-integrin [45] and mediates cell adhesion, migra-
tion, extracellular matrix aggregation, proliferation, and 
differentiation [46]. Reduced FERMT1 expression leads to 
the dysregulation of integrin function, causing an upregu-
lation of matrix metalloproteinase and pro-inflammatory 
cytokine expression [47, 48]. FERMT1 is also an induc-
ible gene of the TGF-β signaling pathway. Their expres-
sion levels are correlated, and FERMT1 has been found to 

mediate the involvement of TGF-β in mammalian cell adhe-
sion processes through integrin-dependent cells [49]. Previ-
ous studies have confirmed that abnormal TGF-β pathway 
expression plays a vital role in the development of AAD 
[50]. Consequently, we speculated that FERMT1 might be 
involved in the development of AAD through the regulation 
of TGF-β pathway expression. SGCD is closely associated 
with cardiomyopathy [51], but its relationship with AAD 
has not yet been investigated. An SGCD gene knockdown 
was previously found to damage cardiomyocytes and lead 
to structural remodeling of the heart [52], suggesting that 
SGCD should be studied further in cardiovascular diseases. 
Notably, we confirmed in clinical specimens that FERMT1 
and SGCD expression levels differed significantly in the 
aortic tissues of patients with AAD when compared to 
healthy controls. Overall, the two core molecules screened 
may be involved in the development of AAD from different 

Fig. 7  Correlation analysis between FERMT1 and SGCD and 
immune infiltrating cells in the training set. a, b correlation between 
monocytes with FERMT1 and SGCD respectively. c, d correla-

tion analysis of infiltration levels of the 20 immune cell types with 
FERMT1 and SGCD respectively
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perspectives, so it is reasonable to use them as predictive and 
risk assessment factors.

The role of immune infiltration and two key genes 
in AAD

In this investigation, the GO annotation, KEGG, and GSEA 
enrichment analysis of the DEGs in the training set sug-
gested mechanisms predominantly associated with immune 
and inflammatory responses. We thus used the CIBERSORT 
deconvolution algorithm to characterize the expression profile 
of immune infiltration in AAD patient tissues. The expression 
profiles of regulatory T cells, monocytes, γδ T cells, quiescent 
NK cells, and mast cells were significantly different from those 
in the healthy controls, which is consistent with the results 
from earlier studies. During the degeneration of the middle 
layer of the aorta, a large number of T lymphocytes infiltrate 
the lesion and cause apoptosis of the smooth muscle cells 
(SMCs) through the Fas-FasL pathway, thereby weakening 
the vessel wall and leading to the development of AD [53]. In 
contrast, regulatory T cells are reduced in AD. The expression 

of regulatory T cells has protective effects on AD by reduc-
ing immune cell activation, upregulating interleukin IL-10 
expression, and enhancing its anti-inflammatory effects, thus 
reducing the inflammatory response in vessels and preventing 
the development of AD and aneurysms [54, 55]. The inflam-
matory response in AAD involves the infiltration of monocytes 
and macrophages into the aortic wall [56]. Most of these mac-
rophages are derived from circulating monocytes, which are 
rapidly attracted to activated endothelial cells during inflam-
mation. Aortic adventitial fibroblasts produce the pro-inflam-
matory cytokine IL-6 and monocyte chemokine MCP-1, which 
promotes the differentiation of monocytes to macrophages and 
mediates subsequent inflammatory responses, including extra-
cellular matrix plasticity, the promotion of inflammation, and 
tissue healing responses [57–59]. Neutrophils play vital roles 
in phagocytosis and chemotaxis and are the principal cells that 
secrete MMP-2 and MMP-9. Some researchers have found 
high expression levels of chemokines and granulocyte colony-
stimulating factors in AAD lesions, which leads to significant 
infiltration of the peripheral neutrophils that secrete IL-6 and 
MMP-9, thereby promoting the inflammatory response and 

Fig. 8  The GSEA of FERMT1 and SGCD. a Pathways are signifi-
cantly related to high expression of FERMT1. b Pathways are signifi-
cantly related to low expression of FERMT1. c Pathways significantly 

related to high expression of SGCD. d Pathways are significantly 
related to low expression of SGCD (p < 0.05)
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degradation of elastic fibers and accelerating the expansion 
and rupture of the dissection [60]. In addition, we analyzed 
the correlation of immune cells with key markers to further 
investigate their pathogenic mechanisms relative to immune 
infiltration. Our results showed that FERMT1 expression 
was positively correlated with monocyte and memory B cell 
expression and negatively correlated with Treg cell expression 
in AAD tissues. In contrast, SGCD was positively correlated 
with γδ T cells and negatively correlated with monocytes and 
quiescent NK cells. A study showed that Treg cell deficiency 
promoted aortic aneurysm in mice and that the addition of 
Treg cells to  CD28−/− Treg-deficient mice prevented AAD 
development. Another study showed that B cells infiltrated into 
aortic dissection tissues. Moreover, the expression of genes 
that are associated with the B cell receptor signaling pathway 

increased in aortic tissues in BAPN-treated mice in the early 
stage of the pathogenesis of AAD. Therefore, the reduction of 
B cells appears to protect the mice from developing AAD [61]. 
These lines of evidence suggest that future research should 
focus on elucidating the mechanisms underlying the inflamma-
tory immune response to AAD, enabling the development of 
immune-infiltration-targeted personalized therapies for AAD.

Drug target screening and AAD control strategy 
in the framework of PPPM

What is essential for the management of AAD is the primary 
prevention of risk factors for aortic rupture, such as blood 
pressure control, smoking control, healthy diet, and weight 
loss [62]. Some studies have shown that the pathogenesis 

Fig. 9  The results of ssGSEA for AAD and 2 key markers. a The rel-
ative immune infiltration score between AAD and healthy group. b 
The relative immune infiltration with 2 key markers. Red represents 

positive correlation, and the green represents negative correlation 
(*p < 0.05, **p < 0.01, ***p < 0.001)
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of AAD may be related to angiogenesis [63]. We identified 
the targeted therapy drug relationship network of FERMT1 
and SGCD. Motesanib and Pyrazoloacridine are confirmed 
as gene targeting drugs and are beneficial to the treatment 
of AAD, and the results of molecular docking showed that 
drug binding to the gene is firmly established. Motesanib 
and pyrazoloacridine are common antineoplastic drugs [64, 
65], which are rarely used in cardiovascular diseases. The 
main pathogenic mechanism of these two drugs is anti-
angiogenesis; from the perspective of PPPM, controlling 
neovascularization has great clinical potential in effectively 
preventing the occurrence of AAD, so we speculate that 
the two drugs may provide some help in the personalized 
treatment of AAD. For the healthy population with abnor-
mal expression of two key targets, the risk factors of AAD 
should be comprehensively evaluated and actively controlled 
to prevent or delay the occurrence and progress of AAD. 
For patients with established or postoperative AAD and 

abnormal expression of FERMT1 and SGCD, it is recom-
mended to start secondary and tertiary prevention in time to 
prevent deterioration or postoperative recurrence.

Limitations and future studies

Finally, there were several limitations in this present study. 
Firstly, due to the small number of AAD samples in the 
GEO database, the number of subjects included in this study 
is limited, which affects the reliability of the model and 
may miss some biomarkers. More external validation of 
the model under different settings and groups is needed to 
fully understand model portability. Secondly, it is a retro-
spective analysis that lacks detailed clinical information; 
the clinical utility of this study needs to be demonstrated 
in a larger prospective validation cohort. Lastly, our study 
preliminarily screened the key markers of AAD through 
public data; further experiments in vivo and in vitro are 

Fig. 10  Fluorescence quan-
titative PCR validation of 
the expression levels of key 
markers in AAD versus healthy 
controls. a mRNA expression 
of FERMT1 in aortic tissue. b 
mRNA expression of SGCD in 
aortic tissue. c mRNA expres-
sion of FERMT1 in plasma. d 
mRNA expression of SGCD in 
plasma. All experiments were 
performed in triplicate. Data 
are expressed as mean ± SEM 
(*p < 0.05, **p < 0.01)

610 EPMA Journal (2022) 13:597–614



1 3

required to investigate its detailed mechanisms in AAD, 
which may help FERMT1 and SGCD to apply in the field 
of PPPM for AAD.

Conclusions

In summary, we identified FERMT1 and SGCD as key 
markers associated with AAD using an innovative combined 
machine learning approach and constructed a novel predic-
tive model for AAD. Targeted drugs based on FERMT1 
and SGCD were also screened, providing a new strategy for 
potential drug treatment of AAD. In addition, the immune 
infiltration profile in the tissues of patients with AAD and 
the correlation between key markers and immune cells were 
investigated. These results may help guide the development 
of targeted prevention and personalized treatment in AAD 
and promote the paradigm shift from reactive medical ser-
vices to PPPM.

Expert recommendations and outlook 
within the framework of PPPM

Herein, from the perspective of PPPM, we strongly recom-
mend FERMT1 and SGCD as biomarkers for predictive 
diagnosis and targeted prevention of AAD, as well as spe-
cial targets for personalized treatment of AAD patients. First 
of all, this study focuses on the identification of AAD key 
biomarker genes based on integrated bioinformatics meth-
ods and a variety of machine learning strategies. The results 
provide scientific data for screening the key characteristics 

of AAD and elucidating the molecular mechanisms related 
to immune infiltration, which will be helpful to the PPPM 
practice of AAD. Secondly, the results of detecting the 
expression of two key markers in human peripheral blood 
and tissues also suggest that it is necessary to determine 
the normal reference values of FERMT1 and SGCD and 
the diagnostic threshold of AAD in healthy people in the 
future, which can improve the strategy of preventing AAD 
based on PPPM. By dynamically monitoring the levels of 
key markers in blood circulation in patients with high-risk 
factors of AAD (such as hypertension and obesity), potential 
diseases can be detected as early as possible so that medical 
intervention can be carried out more timely and accurately. 
Therefore, in the future, it may be necessary to introduce 
high-order algorithms to comprehensively analyze these fac-
tors to improve the prediction effectiveness of our model. In 
addition, the pathogenesis of AAD caused by the changes 
of FERMT1 and SGCD may be mediated by a variety of 
immune infiltration pathways and immune cells, especially 
the monocyte-macrophage system, which may contribute to 
the targeted prevention and personalized medical services of 
AAD patients. Finally, AAD-targeted drug therapy based 
on two key markers is a very promising method. Our study 
screened two accurate drugs for the prevention and treat-
ment of AAD, which developed a new and effective drug 
treatment strategy for AAD's PPPM practice. All of these 
are consistent with the concept of “early prediction, accu-
rate prevention, and patient-centered personalized medical 
medicine” advocated by PPPM and will be the development 
trend of the concept of prevention and treatment of AAD 
patients in the future.

Fig. 11  Integrated analyses of FERMT1 and SGCD. a Protein subcel-
lular localization of FERMT1 and SGCD. b The correlation between 
immune checkpoints and FERMT1 and SGCD. c Drug–gene interac-

tion network of FERMT1 and SGCD. d Molecular docking between 2 
genes and 2 drugs
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