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Abstract26

Background: Human immune system functions over an entire lifetime, yet how and27

why the immune system becomes less effective with age are not well understood.28

Therefore, the aim of this study is to exploit a large-scale population-based strategy to29

systematically identify genes and pathways differentially expressed as a function of30

chronological age. Despite the importance of age and race in shaping immune cell31

numbers and functions, it is unclear whether Asian and Caucasian immune systems go32

through similar gene expression changes throughout their lifespan, and to what extent33

these aging-associated variations are shared among ethnicities.34

Results: Here, we characterize peripheral blood mononuclear cells transcriptome from35

19 healthy adults of RNA-seq data and 153 healthy subjects of micoarray data with36

21~90 years of age using the weighted gene correlation network analyses (WGCNA).37

These data reveal a set of insightful gene expression modules and representative gene38

biomarkers for human immune system aging from Asian and Caucasian ancestry,39

respectively. Among them, the aging-specific modules may show an age-related gene40

expression variation spike around early-seventies. In addition, we find the top hub41

genes including NUDT7, CLPB, OXNAD1 and MLLT3 are shared between Asian42

and Caucasian aging related modules and further validated in human PBMCs from43

different age groups.44

Conclusion: Overall, our findings reveal how age and race differentially affect the45

immune systems between Asian and Caucasian, as well as discovered a common46

genetic variant that greatly impacts normal PBMC aging between Asian and47

Caucasian.48

Key words: Immune aging, race and ethnicity, PBMC, WGCNA, biomarkers49
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Introduction56

Aging is a multifaceted process, involving numerous molecular and cellular57

mechanisms in the context of different organ systems [1]. A crucial component of58

aging is a set of functional and structural alterations in the immune system that can59

diminish the effectiveness of vaccinations, increase disease susceptibility, and60

contribute to mortality in older adults [2]. In addition to alterations in the stromal61

microenvironment in primary and secondary lymphoid organs, cell-intrinsic changes62

like cell numbers, ratio and function in both innate and adaptive immune cells play an63

important role in age-associated immune dysfunction. These alterations and64

transformations manifest themselves in increased morbidity and mortality of older65

organisms. However, the interplay between the PBMC age-related gene expression66

changes that affect the immune aging remains incompletely elucidated, and there is no67

clear understanding of which gene changes are primary, arising as a consequence of68

aging, and which might be secondary, adaptive or compensatory to the primary69

changes. Thus, a transcriptome analyses might lend greater insight than a static70

genetic investigation. In contrast to the relatively invariable genome sequence, the71

transcriptome is highly dynamic and changes in response to stimuli. Therefore, the72

aim of this study was to exploit a large-scale population-based strategy to73

systematically identify genes and pathways differentially expressed as a function of74

chronological age.75

More importantly, analyses of human blood samples from different race and76

ethnicity uncovered significant aging-related variations in various subsets of PBMCs77

[3]. For example, a study on PBMC subsets characterized not only the presence of78

benign ethnic neutropenia among African Americans but further discovered a higher79

proportion of CD19+ cells and a lower proportion of CD3+ cells than in Caucasian80

population [4]. Moreover, the proportions of PBMCs’ subpopulation in Asian cohorts81

were also different. Choong and colleagues observed that there were differences in82

cell counts for T, NK, and CD4+ cells as well as in the CD4/CD8 ratio among healthy83

Malaysians, Chinese, and Indians across the life span (18~71 years) [5]. In addition,84

Indians were significantly different from Malays and Chinese. Indians had higher T85

cells, higher CD4 cells, higher CD4/CD8 ratio, and lower NK cells; Chinese donors86

had lower B-cell levels than Malays and Indians [5]. Recent studies also have shown87

that there were differences in gene expression among European-derived and88

Asian-derived populations due to the common genetic variants in Epstein-Barr virus89
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(EBV)-transformed lymphoblastoid cell lines [6]. Despite the importance of age and90

race in shaping immune cell numbers and functions, it is not known whether some91

similarities of gene expression changes exist in Asian and Caucasian immune systems92

across the life span, and to what extent these aging-associated alternations are shared93

among Asian and Caucasian.94

To study this, we compared the PBMC transcriptomes of healthy Asian and95

Caucasian adults with matching aging-stage by WGCNA method. Computational96

WGCNA analyses, differentially expressed genes (DEGs) and functional enrichments97

analyses revealed distinct immune system aging signatures in Asian and Caucasian.98

Our findings revealed how the aging differentially affects the immune systems99

between Asian and Caucasian, as well as discovered a common genetic variant that100

greatly impacts normal PBMC aging.101

Results102

Aging and Race Cause Transcriptomic Variations over Human Adult Lifespan103

To identify main factors of variation in PBMC aging transcriptomic data, the104

microarray-based gene expression from 10 KIP provided by Lu et al. [8], was105

downloaded from the 10,000 immunomes project (10KIP,106

https://comphealth.ucsf.edu/app/10kimmunomes). This dataset contained quantile107

normalized genome-wide expression profiles of 153 adult human PBMC samples108

from young to old adults, including 65 young (ages 21~40: 24 men, 41 women), 40109

middle-aged (ages 41~64: 18 men, 22 women), and 48 older subjects (65+: 20 men,110

28 women) and containing three races including 19 Asian, 113 Caucasian and 21111

Black or African American (Supplementary Fig. S1a, b; Supplementary Table 1).112

Then, we performed WGCNA analyses using expressed genes (n = 19,089) from 153113

adult human PBMC samples. First, a soft thresholding power (β=6) with a scale-free114

topology fitting index of R2 > 0.80 was defined to establish an adjacency matrix115

(Supplementary Fig. S2a). We used a tree-cutting algorithm to calculate the average116

linkage clustering, obtain gene co-expression modules, merge similar modules with a117

module eigengene over 0.75 (Supplementary Fig. S2b), and gradually build a118

co-expression network (Fig. 1a). Ultimately, the gene modules were identified. After119

that, the co-expression genes were clustered into 22 modules and labeled with120

different colors (Fig. 1a). To further quantify the correlation of genes in different121

modules, we calculated their pearson’s correlation of the entire modules. Each module122

http://10kimmunomes.org/).
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showed independent validation to each other, and higher correlation indicated higher123

co-expression interconnectedness (Fig. 1b). Genes within the same module exhibited124

higher correlation than the genes between different modules.125

In order to identify which factor mainly affected the variation in PBMC126

transcriptomes, the Pearson’s correlation coefficients between modules and the trait of127

age, gender and race were calculated, respectively (Fig. 1c, Supplementary Table 2).128

Notably, among them, green module significantly correlated with age positively129

(Pearson’s r=0.39, p=8.30e-07; Fig. 1c), while darkolivegreen module showed the130

negatively result (Pearson’s r=0.45, p=2.02e-08; Fig. 1c). Moreover, sex and race131

individually showed a significant correlation in terms of the transcriptomic aging132

signatures. To investigate whether PBMC transcriptome changed gradually133

throughout the lifespan or rapidly at some stages, we analyzed various age brackets.134

Within each aging related module, we used the spline nonlinear regression for the135

transcriptomic profiles of the 153 samples in both green and darkolivegreen modules.136

Finally, our analyses indicated that PBMC transcriptome rapidly changed at two137

periods in adult lifespan: (i) a timepoint in early-forties, and (ii) a later timepoint after138

70 years of age (Fig. 1d, e, Supplementary Table 3).139

Besides, racial/ethnic differences in PBMC aging among adult lifespan were also140

important with profound effect on health. To determine the main causes of variation in141

transcriptomic data, we performed the principal component analyses (PCA) using142

expressed genes (n = 19,089) from high-quality samples. The first principal143

component (PC1) captured 14.9% of the variation in 153 microarray data and144

associated to age groups (Fig. 1f, Supplementary Table 4). The variants of PC1 score145

between Asian and Caucasian samples were more significantly different (Fig. 1g),146

whereas the difference in Asian and Black or Africa American is not significant (Fig.147

1G). Besides, we used the genes in age-related modules (Pearson’s |r|≧0.19, p≦0.05,148

modules including green, darkolivegreen, sienna3, darkmagenta, greenyellow, brown,149

turquoise and red) to performed the PCA analysis. Similarly, the variants of PC1 score150

between Asian and Caucasian samples were also significantly different151

(Supplementary Fig. S3a, b). Together, these results suggested that aging and race had152

both influenced the variation in PBMC transcriptomes, where it was not clear to what153

extent these aging-associated alternations were shared in different races, such as Asian154

and Caucasian.155
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Aging-related PBMC Transcriptome Dynamics in Asian (Chinese)156

We recruited 19 community dwelling healthy volunteers (10 female, 9 male) whose157

ages span 21~93 years old (Supplementary Table 1): 9 young (age 21~30: 5 female, 9158

male), and 10 old donors (age 74~93: 5 female, 5 male), from Guangdong Province of159

China. Samples from different sexes in each assay were comparable in terms of age160

(males: ~81.4 vs. females: ~85.2; t-test p-value = 0.41) (Supplementary Table 5).161

Then, PBMCs transcriptome of these 19 donors were profiled using RNA-seq. As a162

result, 29,367 genes were selected after normalization of raw expression counts,163

excluding the genes with no expression in all samples. PCA of the 19 PBMC164

transcriptomes of Asian donors (Chinese) revealed that young and old samples were165

divided into two parts, and females had larger variants than males, especially in the166

old group (Fig. 2a). To further identify the related genes of PBMC aging, WGCNA167

was conducted using FPKM values of 29,367genes (FPKM > 1 of all sequenced168

transcript) and the trait of age and sex (Fig. 2b). Genes with the similar expression169

pattern were clustered into the same module to generate a cluster dendrogram (Fig.170

2b). The sample dendrogram and trait heatmap were visualized to understand the171

relationship between the corresponding gene expression data and biological traits (Fig.172

2c). Forty modules were obtained, of which four ME-modules (cyan, darkturquoise,173

orange, brown) showed significant correlations with age, with the absolute Pearson’s174

correlation coefficient |r|  0.70 ( p < 0.01) (Fig. 2c, Supplementary Table 6). Further,175

a consensus clustering also confirmed the four main modules were clearly separated176

between young to old (Fig. 2d). Similarly, based on the module eigengene (ME)177

expression profile and the ages of the donors, these four significant modules all178

showed sharp changes at the age of 74 (Fig. 2e, Supplementary Table 7). These results179

suggested these four gene modules were highly associated with chronological age in180

Asian (Chinese), especially for the brown (r=0.85, p=3.54E-06) and darkturquoise181

modules (r=0.77, p=9.90E-05).182

Novel and Known Age-associated Genes and Pathways Associated with PBMC183

Aging in Asian (Chinese)184

WGCNA analyses defined that the module eigengene (ME) was the first principal185

component of a given module and could be considered as a representative of the186

module’s gene expression profile. Based on ME expression profile of the four187

significant modules, the expression of cyan, darkturquoise and orange modules were188
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downregulated in young donors, while brown module showed the opposite results189

(Fig. 3a). To further explore the biological functions of the most closely age-related190

modules (brown module Pearson’s r=0.85, p=3.54E-06; darkturquoise module191

Pearson’s r=0.77, p=9.90E-05), we performed Gene Ontology (GO) enrichment192

analyses, as well as pathway ontology analyses by using clusterProfiler R package [13]193

(Supplementary Table 8). The enrichment analyses revealed that in the brown module,194

the top two enriched terms in GO ontology were “Cellular amino acid metabolic195

process” (FDR=5.74E-04) and “Negative regulation of neuron apoptotic process”196

(FDR=8.43E-04) (Fig. 3b); for the KEGG pathway analyses, the top enriched terms197

were “Herpes simplex virus 1 infection” (FDR= 9.19E-09) and “Valine, leucine and198

isoleucine degradation” (FDR=1.33E-03) (Fig. 3c). Meanwhile, functional199

annotations of darkturquoise module genes showed the top enriched terms in the GO200

databases were “Protein-DNA complex subunit organization” (FDR=7.68E-07) and201

“ncRNA processing” (FDR=1.33E-06) (Fig. 3b). Moreover, genes in darkturquoise202

module were found to be significantly enriched in protein export and lysine203

degradation signaling pathway (Fig. 3c). These findings together with previous204

research, which found persistent virus infections and metabolic dysregulation were205

closely related with immune aging [16], implied that the above signaling pathways206

might play an important role in aging.207

To identify key genes associated with chronological age, we performed a more208

detailed analyses of the brown and darkturquoise modules. First, a total of 924209

differentially expressed genes (DEGs) in the 19 Chinese PBMC transcriptomic data210

were found to be dysregulated in old individuals (|logFC| ≥ 1 and adjusted p < 0.05).211

Then, as shown in Venn diagram supplementary Fig. S4, 278 and 19 overlapping212

genes were extracted from the brown module and darkturquoise module in 19 Chinese213

PBMC DEG dataset, respectively. Subsequently, the protein protein interaction (PPI)214

network among the overlapping genes was established to identify potential aging215

related hub genes by using the STRING database. And then, based on the Maximal216

Clique Centrality (MCC) scores calculated by cytoscape, the top six highest-scored217

genes, including probable ATP-dependent RNA helicase (DDX27), Signal recognition218

particle subunit (SRP68) , E3 ubiquitin-protein ligase (RNF25), Transmembrane219

protein 131-like (TMEM131L), UDP-N-acetylglucosamine--peptide220

N-acetylglucosaminyltransferase 110 kDa subunit (OGT), Early endosome antigen 1221

(EEA1) , exhibiting the highest connections with other genes were identified for222
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further investigation (Fig. 3d, e). Strikingly, the mRNA abundance of these hub genes223

was significantly associated with chronological age (Fig. 3f, g). It was previously224

demonstrated TMEM131L could regulate immature single-positive thymocyte225

proliferation arrest by acting through mixed Wnt-dependent and -independent226

mechanisms [17]. Reports also demonstrated O-GlcNAc transferase (OGT) level was227

decreased in multiple aged tissues and suggested that dysregulation of OGT related228

O-GlcNAc formation might play an important role in the development of age-related229

diseases [18]. Researchers also reported the abundance of EEA1 proteins was altered230

in the brains of aged mice [19]. Moreover, SRP68 has been reported for its association231

with cellular senescence, while the ubiquitination-related genes RNF25 is not clear in232

immune aging. These data supported the notion that TMEM131L, OGT, EEA1,233

DDX27, SRP68 and RNF25 played important roles during PBMC aging, which might234

function as the novel candidate biomarkers of aging for Chinese individuals.235

Age-related Transcriptional Variation of Caucasians.236

Similarly, to investigate the aging-related gene modules in PBMC transcriptomes in237

Caucasian individuals, we performed WGCNA on microarray data from 113238

Caucasian individuals, including 48 young (<40 years), 25 mid-age (40–65 years),239

and 41 health elderly (65–90 years). Then, a total of 16,376 genes from these240

transcriptomic data were used for this computation. Twenty major gene modules241

(Each module containing  160 genes) were identified. Similarly, we plotted the242

heatmap of module-trait relationships to evaluate the association between each243

module and the trait of age and sex (Fig. 4a; Supplementary Table 9). The results244

revealed that the brown and turquoise module were found to have the highest245

association with chronological age (brown module: r = 0.52, p = 2.45e-09; turquoise246

module: r = -0.47, p = 2.05e−07). More interestingly, these two aging-related modules247

showed two periods in the human lifespan during which the PBMC gene expression248

underwent abrupt changes: (i) a timepoint in early thirties, and (ii) a later timepoint249

after 65 years of age (Fig. 4b, c). GO functional enrichment analyses suggested that250

the brown and turquoise modules were mainly enriched in hormone transport and251

postsynaptic specialization, respectively (Fig. 4d, Supplementary table 10). Moreover,252

KEGG pathway enrichment analyses showed that the genes of brown module were253

mainly categorized into long-term depression and gap junction, while the turquoise254

module was mainly enriched in phototransduction and hedgehog signaling pathway255

(Fig. 4e). Next, we focused on the core genes of the brown and turquoise modules. By256
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using the differential expression analyses, we identified 1185 genes differentially257

expressed with chronological age in Caucasian, and 50 and 177 of these DEG genes258

were members of the brown and turquoise module, respectively (Fig. 4f).259

Subsequently, the 50 and 177 genes from brown and turquoise module were subject to260

hub gene identification using the STRING database, respectively (Fig. 4g). The261

results showed that the top two hub genes (Adenylate Cyclase 4, ADCY4;262

Phosphatidylinositol 4,5-bisphosphate 3-kinase catalytic subunit alpha isoform,263

PIK3CA) in turquoise module were significantly down-regulated in PBMCs of old264

adults (Fig. 4h), whereas immunoglobulin superfamily DCC subclass member 2265

(NEO1) from brown module showed the opposite result in the Caucasian cohorts (Fig.266

4h). From the aging atlas website (https://bigd.big.ac.cn/aging/age_related_genes),267

ATP Pyrophosphate-Lyase 4 (ADCY4) and Serine/Threonine Protein Kinase268

(PIK3CA) have both involved in Longevity regulating pathway. As reported, ADCY4269

catalyzed the formation of the signaling molecule cAMP in response to G-protein270

signaling [20], and PIK3CA participated in cellular signaling in response to various271

growth factors, which also involved in the activation of AKT1 upon stimulation by272

receptor tyrosine kinases ligands such as EGF, insulin, IGF1, VEGFA and PDGF [21].273

Besides, Gulati et al. reported neogenin-1 (NEO1) was associated with the long-term274

HSCs (LT-HSCs) expand during age [22]. Taken together, these data also revealed275

that ADCY4, PIK3CA, and NEO1 were critical in aging, which might serve as the276

novel candidate biomarkers in Caucasian individuals during the PBMC aging.277

Shared Transcriptomic Signatures of Aging Between Asian (Chinese) and278

Caucasian.279

As age-expectation is ethnicity dependent [23], we sought to test whether gene280

expression in PBMC of aging individuals differed across racial/ethnic groups. The281

brown module from Asian (Chinese) and the turquoise module from Caucasian were282

both negatively correlated with chronological age. This naturally led us to compared283

these two modules for common expressed genes. Ninety-five genes were shared284

between Asian (Chinese) and Caucasian, despite thousands of race-specific genes285

associated with aging (2623 and 1688 genes in Asian and Caucasian, respectively; Fig.286

5a). Functional annotation of these 95 shared genes revealed that they were highly287

enriched in the GO biological process of hindbrain development and coenzymeA288

metabolic process, as well as in the KEGG pathway of TGF-beta signaling (Fig. 5b, c).289

To uncover potential regulators of common transcriptomic variation in Asian (Chinese)290
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and Caucasian, we identified hub genes by using the STRING database. Accordingly,291

the top-scored genes, including peroxisomal coenzyme A diphosphatase (NUDT7)292

and caseinolytic peptidase B protein homolog (CLPB) were selected as the hub genes293

(Fig. 5d). Meanwhile, two genes (OXNAD1 and MLLT3) that shared between294

Caucasian and Asian (Chinese) aging-related modules showed common differential295

expression (Fig. 5e). These two potential aging-specific markers (OXNAD1 and296

MLLT3) were both downregulated in old Asian (Chinese) and Caucasian (Fig. 5f).297

These data uncovered that despite the stark contrast between races in aging-related298

gene expression pattern, our analyses were able to highlight shared aging biomarkers299

with common functional enrichment in Asian (Chinese) and Caucasian.300

Validated Shared Ggenes Involved in PBMC Aging301

After the 4 hub genes (NUDT7, CLPB, OXNAD1, MLLT3) together shared in Asian302

(Chinese) and Caucasian, we verified the expression levels of the hub genes among303

young and older individuals using the RNA-seq data and qPCR assay. Interestingly,304

these 4 hub genes were significantly down-regulated in old individuals compared with305

the youth in Asian (Chinese) and Caucasian (Fig. 6a, b). Meawhile, they were also306

found to be down-regulated in women during their lifespan in both Caucasian and307

Asian (Chinese) (Fig. 6c). To further investigate whether these 4 hub genes expressed308

differentially during PBMC aging, we collected samples from another 12 healthy309

volunteers residing in the Guangzhou, China, including 7 young adult (ages 21~30),310

and 5 aged healthy adults (ages 74+). We measured mRNA levels of these four hub311

genes (NUDT7, CLPB, OXNAD1 and MLLT3) in extracts of PBMC from the 12312

subjects. Similarly, the mRNA level of NUDT7, CLPB, OXNAD1 and MLLT3 were313

both remarkably down-regulated in the elderlies (Fig. 6d). All the above-mentioned314

observations confirmed down-expression of NUDT7, CLPB, OXNAD1 and MLLT3315

is associated with PBMC aging in Asian (Chinese) and Caucasian.316

Discussion317

Investigating how genes jointly preserve or change in different races during human318

PBMC aging is important, yet challenging. Recently, Peters et al. identified 1,497319

differentially expressed genes with chronological age by meta-analysis in 14,983320

individuals’ whole blood of European ancestry [24]. However, gene expression321

difference between Asian and Caucasian during PBMC aging is still unclear.322

Therefore, our study aims to fill this gap in Asian and Caucasian subjects. Besides,323
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WGCNA is an integrated bioinformatic analyses, which is characterized effectively324

and systematically to find modules and gene signatures highly related with the clinical325

trait, and provides a comprehensive characterization of the transcriptomic changes for326

disease’s functional interpretation [9]. Thus, in our study, several significant gene327

modules with the same expression trends were identified by using WGCNA integrated328

bioinformatic analyses in 19 Asian (Chinese) and 113 Caucasian populations. As329

suggested in functional annotation analyses by the clusterProfiler package, these330

module genes were mainly enriched in virus infection, amino acid metabolic and331

differentiation, which were basic processes in aging mechanisms including332

dysregulation of herpes simplex virus 1 infection, valine, leucine and isoleucine333

degradation, long-term depression, gap junction, and hedgehog signaling pathway.334

Furthermore, according to MCC scores from the CytoHubba plugin in Cytoscape, the335

top chronological age-related genes were screened out (namely TMEM131L, OGT,336

EEA1, DDX27, SRP68 and RNF25 in Asian; ADCY4, PIK3CA and NEO1 in337

Caucasian). According to reports in the literature, all of these genes were more or less338

closely associated with aging. Consistent with these reports, the expression of these339

genes was also found be significantly regulated among young and old individuals in340

our study, supporting these genes might play a causal role in human PBMC aging.341

More importantly, our study revealed that although aging related transcriptomic342

alternations is a cumulative process throughout adult life, while there might existe two343

periods in the human lifespan during which the immune system underwent abrupt344

changes. The two breakpoints (30 and 65~70 years old) were much similar in Asian345

and Caucasian during their whole lifespan. A potential limitation of the two346

breakpoints is that we relied on a linear regression model to identify the time point347

which the immune system underwent abrupt changes. A recent study demonstrated348

that a quadratic regression model has a higher statistical fit to identify age-regulated349

expression trends in cross-sectional gene expression datasets [25]. So more complex350

models may be used to investigate the two breakpoints in future studie.351

Despite well-characterized race differences in immune responses, disease352

susceptibility, and lifespan, it was unclear to what extend aging differentially affected353

peripheral blood cells of European and Asian ancestry. To fill this gap, we generated354

RNA-seq data in PBMCs from 19 age-matched healthy adults in Guangdong province355

of China and downloaded microarray data of 113 Caucasian PBMCs from 10 KIP356

(http://10kimmunomes.org/). By using WGCNA integrated bioinformatic analyses,357
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we discovered a gene expression signature of aging that was shared between Asian358

(Chinese) and Caucasian ancestry including: (1) 95 age-associated genes shared in359

132 individuals. (2) four hub genes (NUDT7, CLPB, OXNAD1 and MLLT3) all360

decreased in old ages. According to reports in the literature about these four hub genes,361

NUDT7, acted as a coenzyme A (CoA) diphosphatase, which mediated the cleavage362

of CoA. NUDT7 functioned as a house-keeping enzyme by eliminating potentially363

toxic nucleotide metabolites, such as oxidized CoA from β-oxidation in the364

peroxisome, as well as nucleotide diphosphate derivatives, including NAD+, NADH,365

and ADP-ribose [26]. Furthermore downregulation of NUDT7 in mice accelerating366

senescence [27], was observed in the liver of starved mice [28]. Interestingly,367

OXNAD1 also known as oxidoreductase NAD-binding domain-containing protein,368

had been reported differentially expressed with chronological age [24]. And according369

to the uniprot anotation for CLPB, it might function as a regulatory ATPase and be370

related to secretion/protein trafficking process, involved in mitochondrial-mediated371

antiviral innate immunity, and activated RIG-I-mediated signal transduction and372

production of IFNB1 and proinflammatory cytokine IL6 [29]. Moreover, the hub gene373

of MLLT3 was a component of the superelongation complex and co-operated with374

DOT1L, which di/trimethylates H3K79 to promoted transcription [30, 31]. Recently,375

Vincenzo Calvanese, et.al, found MLLT3 could govern human haematopoietic376

stem-cell self-renewal and engraftment [32]. From above, NUDT7 and OXNAD1377

both had an important role in cellular metabolism and aging, which was consistent378

with our finding of PBMC aging analyses, while the role of CLPB and MLLT3 in379

immune aging or senescence was unclear. Thus, by using co-expression networks, we380

identified new genes that were likely important in PBMC aging in Asian and381

Caucasian ancestry, opening new avenues of enquiry for future studies.382

By WGCNA analyses, aging-specific regulatory modules and hub genes were383

identified in bulk PBMCs in Caucasian and Asian. Although this approach was384

effective in annotating the aging signatures, it was prone to biases in the differences of385

data quality and formats. Besides, as we had much smaller sample sizes for both386

PBMCs in Asian and the other ancestry groups, we used a nominal P-value threshold387

(p<0.05) in these specific sub-analyses. Larger sample sizes will ultimately be needed388

to fully understand the transferability of the aging-transcriptome signatures. And more389

importantly, further studies were needed to verify the important molecules, identified390

here (NUDT7, CLPB, OXNAD1 and MLLT3) as aging specific biomarkers of391
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immune system aging. Future studies might be needed to describe these race392

differences at single-cell resolution and in sorted cells and to establish their functional393

implications. Taken together, these findings indicated that aging played a critical role394

in human immune system aging and should be taken into consideration while395

searching for molecular targets and time frames for interventions/therapies to target396

aging and age-related diseases.397

Conclusion398

Through WGCNA analysis of 153 cases of transcriptomic expression profile data, we399

find that there are two module gene sets that are significantly related to human400

immune aging. And interestingly, these two modules shows that the first peak of401

age-related gene expression changes occurs around 40 years old, and the second peak402

occurs around 70 years old. In addition, the influence of race on the expression of403

immune aging genes has clinical application value for the diagnosis and interpretation404

of immune aging. Thus, by using WGCNA analysis, we also focus on the similarities405

and differences in the changes in gene expression profiles of 19 Asian and 113406

Caucasian PBMCs during aging. Finally, the hub genes NUDT7, CLPB, OXNAD1407

and MLLT3, which are common shared in the aging process of Asian and Caucasian408

PBMCs. Finally, in this study, we focus on the effects of age and race on the gene409

expression of human peripheral blood mononuclear cells, which may provide410

important insights for future research on how to deal with immune decline.411

Methods412

Human Subjects413

All studies were conducted following approval by the Ethics Committee of Jinan414

University (Approval #:KY-2020-027). Following informed consent, blood samples415

were obtained from 31 healthy volunteers residing in the Guangzhou, China region416

recruited by the First affiliated Hospital of Jinan University and Guangzhou First417

People’s Hospital. For selecting the older adults 65 years and older, the eligibility418

criteria were in line with the 2019 NIH Policy on Inclusion Across the Lifespan419

(NOT-OD-18-116) [7]. Subjects were carefully screened and excluded if undergoing420

potentially a history of diseases and medications, as well as frailty according to the421

eligibility criteria [7]. Besides, smoking history data were also excluded in our study422
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and all donors were asked for consent for genetic research. Fresh blood was collected423

into heparin tubes and PBMCs were isolated by density gradient centrifugation using424

Ficoll-Paque Plus (GE) and washed with Ca/Mg-free PBS twice.425

RNA-seq Library Generation and Processing426

A total amount of 1 µg RNA per sample, isolated from PBMCs using the TRIzol427

(Invitrogen, United States), was used as input material for the RNA-seq sample428

preparations. Sequencing libraries were constructed using NEBNext® UltraTM RNA429

Library Prep Kit for Illumina® (NEB, USA) following manufacturer’s protocols.430

Final libraries were assessed on a Bioanalyzer DNA High Sensitivity Chip (Agilent431

Technologies). Paired-end sequencing (2 × 150 bp) of stranded total RNA libraries432

was carried out in Illumina NovaSeq 6000. The FASTQC tool was used to assessed433

the quality of the raw sequencing data , which computed read quality using summary434

of per-base quality defined using the probability of an incorrect base call. According435

to our quality criteria, reads with more than 30% of their nucleotides with a Phred436

score under 30 were removed, whereas samples with more than 20% of such437

low-quality reads were dropped from analyses. Reads from samples that passed the438

quality criteria were quality-trimmed and filtered using trimmomatic. High-quality439

reads were then used to estimate transcript abundance using RSEM. Finally, the440

estimate transcript abundance (read counts) were renormalized to include only441

protein-coding genes and all the downstream analyses were based on high quality442

data.443

Microarray Data Acquisition444

The microarray-based expression from 10 KIP provided by Lu et al. [8], was445

downloaded from the 10,000 immunomes project (10KIP,446

https://comphealth.ucsf.edu/app/10kimmunomes). This dataset contained quantile447

normalized genome-wide expression profiles of 153 adult human PBMC samples448

from young to old adults, including samples from 65 young (ages 21~40: 24 men, 41449

women), 40 middle-aged (ages 41~64: 18 men, 22 women), and 48 older subjects450

(65+: 20 men, 28 women) and containing three races including 19 Asian, 113451

Caucasian and 21 Black or Africa American.452

453

454

http://10kimmunomes.org/)
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Identification of Key Co-expression Modules Using WGCNA455

WGCNA R software package was applied to identify the co-expression modules of456

highly correlated genes among samples and related modules to external sample traits457

[9]. And a more detailed description of the WGCNA method was described in our458

previous study [10] .In brief, sample was clustered to recognize and remove outlier459

samples by the average linkage method. And then the optimum soft thresholding460

power (β) was selected to obtain a scale-free topology fitting index of >0.8. The soft461

thresholding power β=6 was used in the analysis of 153 microarray data set. Similarly,462

the soft thresholding power β=5 was in 113 Caucasian data set and the power β=6 in463

19 Asian (Chinese). By using the soft thresholding power (β), the topological overlap464

matrix (TOM) and the corresponding dissimilarity matrix (1-TOM) were calculated,465

which was further used to classify the similar gene expressions into different gene466

co-expression modules [9]. Afterwards, highly similar dynamic modules were merged467

into larger ones at the cutline of 0.2. The module eigengenes (ME) was the first468

principal component of the expression matrix which represented the gene expression469

profile of the entire module. Afterwards the correlation between MEs and previously470

sample traits were assessed to identify the most relevant clinically significant module471

by Pearson’s correlation analysis. Meanwhile, the most significant module was also472

validated by calculating the gene significance (GS) and module membership (MM)473

[9]. In our study, the gene expression data profiles of microarray data and RNA-seq474

profile were collected seperately to consturct gene co-expression networks by using475

the WGCNA package.476

Screening the Differentially Expressed Genes and Comparing with the Gene477

Modules of Interest478

In order to find the differentially expressed genes (DEGs) between Asian and479

Caucasian, “limma” R package was applied in the Asian RNA-seq and Caucasian480

dataset to screen out DEGs, with the cut-off criteria of |logFC| ≥ 0.50 and adjusted p<481

0.05 [11]. The DEGs of the Asian and Caucasian dataset were visualized by a volcano482

plot. Subsequently, the overlapping genes between DEGs and co-expression modules,483
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listed by the Venn diagram using the R package VennDiagram, were used to identify484

potential prognostic genes [12]. Benjamini-Hochberg p-value correction was used to485

select differentially expressed genes at an FDR adjusted p-value of 5%.486

Functional Annotation for the Modules of Interest487

For genes in each module, Gene Ontology (GO) and Kyoto Encyclopedia of Genes488

and Genomes (KEGG) enrichment analyses were conducted to analyze the biological489

functions of gene modules. The clusterProfiler package offered a gene classification490

method, namely groupGO, to classify genes based on their projection at a specific491

level of the GO corpus, and provided functions, enrichGO and enrichKEGG, to492

calculate enrichment test for GO terms and KEGG pathways based on hypergeometric493

distribution [13]. In our study, clusterProfiler package was used to perform the gene494

ontology (GO) and KEGG pathway enrichment analysis. Significant GO terms were495

defined with a adjusted p < 0.05 and count > 6. For the KEGG pathway analysis, the496

enrichKEGG function was utilized and adjusted p < 0.01 was set as a cutoff. We used497

the Benjamini-Hochberg FDR multiple test correction to assess significance of498

hypergeometric p-values.499

Network Analysis of Module Genes/Hub Genes500

The hub genes were identified based on protein interaction evidence from the501

STRING database (version 11.0; http://string-db.org/) [14]. The evidence of protein502

interaction network for key modules from the STRING database were retrieved by an503

interaction score with highest confidence (0.9). The Cytoscape plugin cytoHubba was504

used to rank nodes (genes) based on the Maxial clique centrality (MCC) topological505

method [15], and the top-5 genes were selected as hub genes for verification. MCC506

assumes that the node network is an undirected network; given a node v, S(v) is the507

set of the maximal cliques containing v, and (| C | −1)! is the product of all positive508

integers less than | C |. The calculation is as follows:509

MCC(V)=∑C∈S(v)(|C|−1)!510

Validation of the Hub Genes511

In order to confirm the reliability of the hub genes, we tested the expression patterns512

of the hub genes from healthy individuals including 7 young (ages: 23~30) and 5 old513

(ages: ≧74). The expression level of each hub gene between young and old514
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individuals was plotted as a violin graph. Total RNA from PBMCs was extracted by515

TRIzol (Invitrogen, United States). Synthesis of cDNA was performed by using 1μg516

of total RNA with PrimeScriptTM Reverse Transcriptase (Takara) according to the517

manufacturer’s instructions. Specific primers used for qPCR were listed in the518

supplementary table 11. ACTB (NM_001101.5) was used as a reference gene for519

normalization. Quantitative real-time PCR was performed using the SYBR® Premix520

Ex Taq Kit (Takara) in a CFX96 Real Time PCR System (Bio-Rad Laboratories,521

Hercules, CA, United States) for at least three independent experiments. The relative522

gene expression levels was normalized to ACTB (NM_001101.5), and quantified523

using the 2-ΔΔCT method.524
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Figure legend698

Fig. 1 Age and race influenced the transcriptomic variations over human adult699

lifespan. WGCNA approach was applied for gene module consturction for the700

transcriptome data of 153 healthy human subjects in 10KIP. Principal component701

analyses (PCA) were calculated individually. a Cluster dendrogram. Each branch702

represented one gene and each color below denoted one co-expression gene module.703

The two colored rows below the dendrogram represented the original and merged704

modules, respectively. b Eigengene adjacency heatmap of different modules. Each705

module showed independent validation to each other, and higher correlation indicated706

higher co-expression interconnectedness. c Heatmap of the Pearson's correlation707

coefficient between trait (age, race and gender) and module eigengenes (ME, n=22).708

The column and row corresponded to ME and trait, respectively. Each cell contained709

the value of Pearson's correlation coefficient. The table was color-coded by710

correlation according to the color legend. The p-value < 0.05 represented statistical711

significance. d-e The characteristic gene expression changed during PBMC aging.712

The left and right-hand Y-axis represented the eigengene expression of each module,713

and trend line for each individuals, respectively. f-g Principal component1 scores714

(PC1) were calculated for each individual from principal component analyses (PCA).715

PC1 scores from transcriptomic data were differentially expressed among different716

races. Wilcoxon rank-sum test was used to compare data from Asian (n = 19) and717

Caucasian (n = 113) or African American subjects. Dot plot represented median and718

IQR values; ****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05, n.s.:719

non-significant.720

Fig. 2 The characteristic gene expression of PBMC aging in Asian (Chinese).721

Transcriptome data of 19 healthy human subjects in Guangdong China were analyzed,722

and gene modules were constructed by WGCNA. a Principal component analyses.723

Young and old individuals were largely separated according to the principal724

component1 scores (PC1). b Cluster dendrogram. Each branch represents one gene725

and each color below denotes one co-expression gene module. The two colored rows726

below the dendrogram, represented the original and merged modules, respectively. c727

Heatmap of the Pearson’s correlation between trait (age and gender) and module728

eigengenes (ME, n=40). The column and row corresponded to trait and ME,729

respectively. The color in each cell represented corresponding correlation, and scaled730

in the color legend. d Hierarchical cluster analyses of four interested modules. Based731
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on the module-trait’s Pearson’s r and p value (absolute r > 0.5, p< 0.05), three732

modules (cyan, darkturquoise, and orange) showed relatively lower expression in733

young PBMC groups and high expression in the aged, while the brown modules734

showed the opposite result. Each dot represented an individual. e The histograms of735

the eigengene expression in the four age-related modules from young to old.736

Fig. 3 Novel and known age-associated genes and pathways associated with PBMC737

aging in Asian (Chinese). Gene Ontology (GO) and KEGG pathway enrichment738

analyses were conducted to analyze the biological functions of modules. Module739

eigengene (ME) was defined as the first principal component of the expression matrix740

of the corresponding module and was considered as a representation of the gene741

expression profiles in a module. a The transcriptomic expression of age related742

modules changed significantly among young and old individuals. Based on ME743

expression profile of the four interesting modules, the expression of cyan,744

darkturquoise and orange modules were downregulated, while brown module showed745

the opposite results. Box plots represent mean ± standard deviation (SD). The746

p-value was calculated by the student’s t-test, n=19, *p < 0.05, **p < 0.01, ***p <747

0.001, ****p < 0.0001. b-c Top 10 GO biological process functional annotation (B)748

and KEGG pathway enrichment (C) analyses for the brown and darkturquoise749

modules. The Benjamini-Hochberg FDR multiple test correction was also applied to750

assess significance of hypergeometric p-values at a false discovery rate (FDR) of 5%.751

The color represented the adjusted p-values. d-e Hub gene detection for the752

darkturquoise (D) and brown (E) modules. PPI network of the brown and753

darkturquoise modules were based on the STRING database. And each node754

represented a protein-coding gene and the size of each node was mapped to its755

connectivity (also known as degree). f-g The verification of the hub genes. The top of756

three genes in brown and darkturquoise modules were selected and its mRNA757

abundance of these hub genes were detected in young and old individuals. Box plots758

represent mea±standard deviation (SD). The p-value was calculated by the student’s759

t-test, young=9, old=10, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.760

Fig. 4 Aging-related changes in PBMC transcriptomes in Caucasian and its hub gene761

detection. Transcriptome data of 113 healthy Caucasian subjects in 10KIP were762

analyzed and gene modules were constructed by WGCNA. a Module-trait763

relationships. Row and column corresponded to module eigengenes and clinical trait764

(age and gender), respectively. Each cell contained the corresponding Pearson’s765
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correlation coefficient and p-value. b The histograms presentation of the eigengene766

expression in the brown and turquoise modules from young to old. c Comparison of767

eigengene expression of the brown and turquoise modules between young and older.768

The transcriptomic expression of age related modules changed significantly among769

young and old individuals. Box plots represent mean±standard deviation (SD). The770

p-value was calculated by the student’s t-test, n=113, *p < 0.05, **p < 0.01, ***p <771

0.001. d-e Gene Ontology (GO) and KEGG enrichment analyses for the genes in the772

brown and turquoise modules. The top 10 of the GO enriched biological process and773

enriched KEGG pathway were shown. The Benjamini-Hochberg FDR multiple test774

correction was also applied to assess significance of hypergeometric p-values at a775

false discovery rate (FDR) of 5% in GO and KEGG enrichment analyses. The color776

represented the adjusted p-values, and the size of the bars represented the gene777

number. f The Venn diagram showed the overlapping genes among differential778

expression genes (DEG) and co-expression modules. In total, 50 and 177 overlapping779

genes were listed in the intersection of DEG lists and two co-expression modules,780

respectively. g Hub genes detection for the brown and turquoise modules by using the781

STRING database. h The verification of the hub genes. The top of genes in brown and782

turquoise modules were selected and mRNA abundance of these hub genes were783

detected in young and old individuals. Box plots represent mean±standard deviation784

(SD). The p-value was calculated by the student’s t-test, young=33, old=41, *p < 0.05,785

**p < 0.01, ***p < 0.001, ****p < 0.0001.786

Fig. 5 Shared transcriptomic signatures of PBMC aging between Caucasian and Asian787

(Chinese). The brown module from Asian (Chinese), the turquoise module from788

Caucasian and its differentially expressed genes (DEGs) were compared and listed. a789

The Venn diagram of genes among turquoise module from Caucasian and brown790

module from Asian (Chinese). Despite thousands of race-specific gene associated791

with aging corresponding to 2623 and 1688 genes in Asian (Chinese) and Caucasian,792

95 genes in Asian (Chinese) and Caucasian significantly overlapped. b-c GO and793

KEGG enrichment analyses for the 95 common shared genes. d Hub genes detection794

for 95 genes by using the STRING database, and visualized by the cytoscape. e The795

Venn diagram of differentially expressed genes (DEGs) with the age-related modules796

in White and Caucasian revealed two aging-specific gene markers. f The two797

overlapping genes (OXNAD1 and MLLT3) were both downregulated, as shown in the798

volcano diagram for the DEG genes in Asian and Caucasian dataset.799
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Fig. 6 Validation of expression levels of the common hub genes involved in PBMC800

aging. The validation in Asian (Chinese) and Caucasian were performed using801

additional samples and 10KIP data, respectively. a-b Gene expression value of the802

hub genes among young and old samples in 19 Asian (Chinese) (A) and 153803

Caucasian (B). The data were expressed as the mean± standard deviation (SD).804

Student’s t-test was used for statistical analyses. In Asian (Chinese), young n=9, old805

n=10; in Caucasian, young n=33, old n=40, *p < 0.05, **p < 0.01, ***p < 0.001,806

****p < 0.0001. c Gene expression of hub genes among samples of man and woman807

during their lifespan, n=124, including 19 Asian and 105 caucasian. d Quantification808

of the four hub genes was confirmed and presented by the qPCR assay. The data were809

expressed as the mean±standard deviation (SD). The p-value was calculated by the810

student’s t-test. Young n=7; old n=5, *p < 0.05, **p < 0.01.811

812



Figures

Figure 1

Age and race in�uenced the transcriptomic variations over human adult lifespan. WGCNA approach was
applied for gene module consturction for the transcriptome data of 153 healthy human subjects in 10KIP.
Principal component analyses (PCA) were calculated individually. a Cluster dendrogram. Each branch



represented one gene and each color below denoted one co-expression gene module. The two colored
rows below the dendrogram represented the original and merged modules, respectively. b Eigengene
adjacency heatmap of different modules. Each module showed independent validation to each other, and
higher correlation indicated higher co-expression interconnectedness. c Heatmap of the Pearson's
correlation coe�cient between trait (age, race and gender) and module eigengenes (ME, n=22). The
column and row corresponded to ME and trait, respectively. Each cell contained the value of Pearson's
correlation coe�cient. The table was color-coded by correlation according to the color legend. The p-
value < 0.05 represented statistical signi�cance. d-e The characteristic gene expression changed during
PBMC aging. The left and right-hand Y-axis represented the eigengene expression of each module, and
trend line for each individuals, respectively. f-g Principal component1 scores (PC1) were calculated for
each individual from principal component analyses (PCA). PC1 scores from transcriptomic data were
differentially expressed among different races. Wilcoxon rank-sum test was used to compare data from
Asian (n = 19) and Caucasian (n = 113) or African American subjects. Dot plot represented median and
IQR values; ****p < 0.0001, ***p < 0.001, **p < 0.01, *p < 0.05, n.s.: non-signi�cant.



Figure 2

The characteristic gene expression of PBMC aging in Asian (Chinese). Transcriptome data of 19 healthy
human subjects in Guangdong China were analyzed, and gene modules were constructed by WGCNA. a
Principal component analyses. Young and old individuals were largely separated according to the
principal component1 scores (PC1). b Cluster dendrogram. Each branch represents one gene and each
color below denotes one co-expression gene module. The two colored rows below the dendrogram,
represented the original and merged modules, respectively. c Heatmap of the Pearson’s correlation



between trait (age and gender) and module eigengenes (ME, n=40). The column and row corresponded to
trait and ME, respectively. The color in each cell represented corresponding correlation, and scaled in the
color legend. d Hierarchical cluster analyses of four interested modules. Based on the module-trait’s
Pearson’s r and p value (absolute 732 r > 0.5, p< 0.05), three modules (cyan, darkturquoise, and orange)
showed relatively lower expression in young PBMC groups and high expression in the aged, while the
brown modules showed the opposite result. Each dot represented an individual. e The histograms of the
eigengene expression in the four age-related modules from young to old.



Figure 3

Novel and known age-associated genes and pathways associated with PBMC aging in Asian (Chinese).
Gene Ontology (GO) and KEGG pathway enrichment analyses were conducted to analyze the biological
functions of modules. Module eigengene (ME) was de�ned as the �rst principal component of the
expression matrix of the corresponding module and was considered as a representation of the gene
expression pro�les in a module. a The transcriptomic expression of age related modules changed
signi�cantly among young and old individuals. Based on ME expression pro�le of the four interesting
modules, the expression of cyan, darkturquoise and orange modules were downregulated, while brown
module showed the opposite results. Box plots represent mean ± standard deviation (SD). The p-value
was calculated by the student’s t-test, n=19, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. b-c Top 10
GO biological process functional annotation (B) and KEGG pathway enrichment (C) analyses for the
brown and darkturquoise modules. The Benjamini-Hochberg FDR multiple test correction was also
applied to assess signi�cance of hypergeometric p-values at a false discovery rate (FDR) of 5%. The color
represented the adjusted p-values. d-e Hub gene detection for the darkturquoise (D) and brown (E)
modules. PPI network of the brown and darkturquoise modules were based on the STRING database. And
each node represented a protein-coding gene and the size of each node was mapped to its connectivity
(also known as degree). f-g The veri�cation of the hub genes. The top of three genes in brown and
darkturquoise modules were selected and its mRNA abundance of these hub genes were detected in
young and old individuals. Box plots represent mea±standard deviation (SD). The p-value was calculated
by the student’s t-test, young=9, old=10, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.



Figure 4

Aging-related changes in PBMC transcriptomes in Caucasian and its hub gene detection. Transcriptome
data of 113 healthy Caucasian subjects in 10KIP were analyzed and gene modules were constructed by
WGCNA. a Module-trait relationships. Row and column corresponded to module eigengenes and clinical
trait (age and gender), respectively. Each cell contained the corresponding Pearson’s correlation
coe�cient and p-value. b The histograms presentation 766 of the eigengene expression in the brown and



turquoise modules from young to old. c Comparison of eigengene expression of the brown and turquoise
modules between young and older. The transcriptomic expression of age related modules changed
signi�cantly among young and old individuals. Box plots represent mean±standard deviation (SD). The p-
value was calculated by the student’s t-test, n=113, *p < 0.05, **p < 0.01, ***p < 0.001. d-e Gene Ontology
(GO) and KEGG enrichment analyses for the genes in the brown and turquoise modules. The top 10 of the
GO enriched biological process and enriched KEGG pathway were shown. The Benjamini-Hochberg FDR
multiple test correction was also applied to assess signi�cance of hypergeometric p-values at a false
discovery rate (FDR) of 5% in GO and KEGG enrichment analyses. The color represented the adjusted p-
values, and the size of the bars represented the gene number. f The Venn diagram showed the
overlapping genes among differential expression genes (DEG) and co-expression modules. In total, 50
and 177 overlapping genes were listed in the intersection of DEG lists and two co-expression modules,
respectively. g Hub genes detection for the brown and turquoise modules by using the STRING database.
h The veri�cation of the hub genes. The top of genes in brown and turquoise modules were selected and
mRNA abundance of these hub genes were detected in young and old individuals. Box plots represent
mean±standard deviation (SD). The p-value was calculated by the student’s t-test, young=33, old=41, *p <
0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.



Figure 5

Shared transcriptomic signatures of PBMC aging between Caucasian and Asian (Chinese). The brown
module from Asian (Chinese), the turquoise module from Caucasian and its differentially expressed
genes (DEGs) were compared and listed. a The Venn diagram of genes among turquoise module from
Caucasian and brown module from Asian (Chinese). Despite thousands of race-speci�c gene associated
with aging corresponding to 2623 and 1688 genes in Asian (Chinese) and Caucasian, 95 genes in Asian



(Chinese) and Caucasian signi�cantly overlapped. b-c GO and KEGG enrichment analyses for the 95
common shared genes. d Hub genes detection for 95 genes by using the STRING database, and
visualized by the cytoscape. e The Venn diagram of differentially expressed genes (DEGs) with the age-
related modules in White and Caucasian revealed two aging-speci�c gene markers. f The two overlapping
genes (OXNAD1 and MLLT3) were both downregulated, as shown in the volcano diagram for the DEG
genes in Asian and Caucasian dataset.

Figure 6



Validation of expression levels of the common hub 800 genes involved in PBMC aging. The validation in
Asian (Chinese) and Caucasian were performed using additional samples and 10KIP data, respectively. a-
b Gene expression value of the hub genes among young and old samples in 19 Asian (Chinese) (A) and
153 Caucasian (B). The data were expressed as the mean ±standard deviation (SD). Student’s t-test was
used for statistical analyses. In Asian (Chinese), young n=9, old n=10; in Caucasian, young n=33, old
n=40, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. c Gene expression of hub genes among samples
of man and woman during their lifespan, n=124, including 19 Asian and 105 caucasian. d Quanti�cation
of the four hub genes was con�rmed and presented by the qPCR assay. The data were expressed as the
mean±standard deviation (SD). The p-value was calculated by the student’s t-test. Young n=7; old n=5, *p
< 0.05, **p < 0.01.
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