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Abstract 

Genome-wide transcriptional profiling has emerged as a powerful tool for analyzing biological 

mechanisms underlying social gradients in health, but utilization in population-based studies has been 

hampered by logistical constraints and costs associated with venipuncture blood sampling. Dried blood 

spots (DBS) provide a minimally-invasive, low-cost alternative to venipuncture, and in this paper we 

evaluate how closely the substantive results from DBS transcriptional profiling correspond to those 

derived from parallel analyses of gold-standard venous blood samples (PAXgene whole blood and 

peripheral blood mononuclear cells; PBMC).  Analyses focused on differences in gene expression 

between African-Americans and Caucasians in a community sample of 82 healthy adults (age 18-70 

years; mean 35).  Across 19,679 named gene transcripts, DBS-derived values correlated r = .85 with both 

PAXgene and PBMC values.  Results from bioinformatics analyses of gene expression derived from DBS 

samples were concordant with PAXgene and PBMC samples in identifying increased Type I interferon 

signaling and up-regulated activity of monocytes and natural killer (NK) cells in African-Americans 

relative to Caucasian participants.  These findings demonstrate the feasibility of DBS in field-based 

studies of gene expression, and encourage future studies of human transcriptome dynamics in larger, more 

representative samples than are possible with clinic- or lab-based research designs.    
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Introduction 

The measurement of gene expression (messenger RNA; mRNA) in circulating blood allows 

investigators to study the pathways through which lifestyle and contextual factors impact physiological 

function and health (Finch et al. 2001; Weinstein et al. 2008). Venipuncture blood sampling is the current 

clinical standard for blood biomarker assessment, but the costs, participant burden, regulatory constraints, 

and logistics associated with venipuncture are major barriers to community-based research on the 

social/contextual determinants of health.  Dried blood spots (DBS)—drops of whole blood collected on 

filter paper following a simple finger stick—represent a low cost, “field-friendly” alternative that allows 

investigators to collect physiological information from large numbers of participants in naturalistic 

settings, and to integrate this information with rich contextual data in ways not possible with clinic-based 

research designs (McDade et al. 2007; Mei et al. 2001).  Several studies have shown that it is feasible to 

assay gene expression profiles in DBS samples (Ho et al. 2013; Khoo et al. 2011; Pappas et al. 2015; 

Resau et al. 2012; Slaughter et al. 2013; Wei et al. 2014).  However, little is known about how well the 

gene expression profiles derived from DBS samples correspond to those from “gold standard” 

venipuncture blood samples.   

Genome-wide transcriptional profiling (i.e., assaying all ~20,000 genes in the human genome) is 

particularly powerful when used in conjunction with bioinformatics techniques. The goal of these 

techniques is to extract biological themes based upon correlated changes in the expression of hundreds or 

thousands of genes.  By doing so, bioinformatic analyses can provide insights into the underlying 

“genomic programs” that are activated by social conditions and the cellular and molecular signaling 

pathways that mediate these programs (Cole 2010, 2013, 2014; Miller, Chen & Cole 2009; Miller & Cole, 

2010).   

One example of the utility of bioinformatics is provided by a line of research analyzing the 

molecular pathways that mediate the effects of adverse social conditions on health outcomes.  Over the 

past five years, studies have repeatedly identified a conserved transcriptional response to adversity 

(CTRA) that involves altered expression of three broad groups of genes:  up-regulated expression of pro-
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inflammatory genes, down-regulated expression of genes involved in innate antiviral responses (Type I 

interferon response genes), and down-regulated expression of genes involved in antibody synthesis (see 

review by Cole 2014). Bioinformatics analyses discovered this general pattern of gene regulation by 

assessing the transcription factors underlying observed changes in gene expression, such as increased 

activity of the pro-inflammatory transcription factor, nuclear factor kappa B (NF-B), and decreased 

activity of interferon response factors (IRFs) (Cole et al. 2007, 2011; Fredrickson et al. 2013; Miller et al. 

2008, 2009, 2014; Powell et al. 2013).  Additional bioinformatics analyses identified monocytes and 

dendritic cells as the key cellular mediators of these effects within the overall pool of white blood cells 

(which contains a variety of other cell types such as B cells, CD4+ and CD8+ T cells, and Natural Killer 

cells) (Cole et al. 2011; Powell et al. 2013).  The identification of these functional, regulatory, and cellular 

themes provided converging lines of insight into the biological mechanisms of the transcriptome profile, 

and ultimately allowed researchers to specify a set of 53 genes that could serve as canonical markers of 

the CTRA transcriptome profile (Cole et al. 2015; Fredrickson et al. 2013; 2015; Vedhara et al. 2015).  

Collectively, these alterations in the genomic activity of immune cells are thought to explain why 

social adversity increases vulnerability to health problems that involve excessive inflammation (e.g., 

coronary heart disease) and compromised host resistance (e.g., upper respiratory infections) (Miller, 

Chen, & Cole, 2009).  However, current CTRA research has been conducted only in the context of 

affluent western industrialized (so-called WEIRD; Henrich et al. 2010) populations that support the 

biomedical research infrastructure required for collection and processing of venipuncture blood samples.  

Substantive insights into the evolutionary origin and adaptive function of the CTRA genomic program 

would come from analyzing gene expression in other cultural and ecological conditions that capture a 

broader range of human variation, and that may be more representative of the human genome’s ancestral 

environment.   

The objective of this paper is to determine how closely bioinformatics results derived from DBS 

samples correspond to results from gold-standard venous blood samples that capture either whole blood 

or peripheral blood mononuclear cells (PBMC; the standard in immunology, involving centrifugation to 
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remove red blood cells and to produce samples containing lymphocytes, monocytes, and some residual 

granulocytes).  As a framework for making these comparisons, we analyze expression of the CTRA 

transcriptome profile and related bioinformatic inferences of transcription factor activation and cellular 

origin across two groups of participants:  self-identified African-Americans and Caucasians drawn from a 

community-based setting.  In the United States there are widespread and persistent disparities in health by 

race (Meyer et al., 2013).  Relative to Caucasians, African-Americans experience higher rates of 

morbidity and mortality in most disease categories (Braveman et al., 2010, Williams 2012), and there is 

preliminary evidence to suggest that alterations in immune cell function may underlie some of these 

disparities (Huang et al. 2011). The results of our study identify a consistent pattern of African-

American/Caucasian differences in gene expression, and show that individual gene expression estimates 

and bioinformatic inferences derived from DBS RNA samples correspond well with those derived from 

venipuncture blood samples. These findings demonstrate the feasibility of using DBS as a minimally-

invasive alternative to venous blood sampling for field-based studies of gene expression, and should 

encourage the application of DBS methods in larger, more representative samples than are possible with 

clinic- or lab-based research designs.    

 

 

Methods 

Sample 

We recruited a convenience sample of 82 adults from the greater Chicago, Illinois area. 

Recruitment was done via word of mouth, flyers posted in community settings, and advertisements on 

Craigslist. To qualify for the study, participants had to be 18-70 years of age, fluent in English, and not 

pregnant. Participants received a $25 gift card upon completion of the study. The protocol was approved 

by Northwestern University’s Institutional Review Board. 

 

Protocol 
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After participants had given written informed consent, they remained seated at rest for 

approximately 10 minutes, after which a phlebotomist collected DBS samples and venous blood samples.  

DBS samples were collected by pricking the tip of the middle digit with a sterile disposable lancet, and 

then allowing drops of blood to wick onto filter paper cards (Whatman #903, GE Healthcare, Pascataway, 

NJ) (McDade et al. 2007).  The cards were allowed to dry overnight at room temperature, and were then 

frozen at -20°C for batch processing.  Venipuncture samples were collected from the antecubital fossa 

with a butterfly needle.  Five mL of whole blood were first drawn into EDTA-coated vacutainer tubes.  

Immediately following collection, five drops of whole blood (50 uL each) were transferred by pipet to 

filter paper to make DBS samples.  An additional 2.5 ml of blood was drawn into PAXgene Blood RNA 

tubes (Qiagen, Valencia, CA), and then frozen at -20°C until batch processing. For PBMC samples, 8 ml 

of venous blood were drawn into Cell Preparation Tubes (Becton, Dickinson and Company, Franklin 

Lakes, NJ), which were centrifuged for 20 minutes at 1800 x g. The PBMC layer was then removed by 

pipette, PMBCs were pelleted by centrifugation in a 1.5 ml microcentrifuge tube, supernatant fluid was 

cleared by aspiration, and the remaining cell pellet was lysed in RNA stabilization buffer (RLT Plus, 

Qiagen), homogenized (QiaShredder, Qiagen), and frozen at -80 °C until batch processing.  

Following blood collection, participants were measured for weight and height to ascertain body 

mass index (BMI, kg/m2), and then completed questionnaire measures of demographic characteristics, 

medical history, and lifestyle factors. Data on medical history was obtained with items from the Medical 

Condition Survey of the National Health and Nutrition Examination Study, and included presence of and 

treatment for major diseases (CDC 2009). Smoking and alcohol use were ascertained with validated self-

reports, and quantified as cigarettes smoked per day and average number of alcoholic drinks per week. A 

drink was considered a bottle or can of beer, a glass of wine, or a shot of hard liquor (Miller et al. 2002). 

 

RNA Extraction and Profiling 

All samples were shipped on dry ice to the UCLA Social Genomics Core Laboratory for RNA 

extraction, quality assurance assays, and transcriptome profiling.  Total RNA was extracted from 
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PAXgene RNA tubes and PBMC pellets in RLT using an automated nucleic acid extraction system 

(Qiagen QIAcube) with the manufacturer’s standard protocol and reagents (PAXgene Blood RNA Kit 

IVD and RNeasy Mini QIAcube Kit, respectively), including DNAse treatment, yielding an 80 μL elution 

volume.  RNA mass and integrity were tested using Nanodrop ND1000 and Agilent 2200 TapeStation 

instruments.  

Total RNA was extracted from DBS samples produced from EDTA venous blood in order to 

conserve finger stick DBS samples for other validation purposes.  However, a subset of N=10 matched 

EDTA DBS and finger stick DBS samples were analyzed to confirm concordance of gene expression 

estimates (r = +.93, p < .0001).  Total RNA was extracted from DBS samples by cutting 2-4 blood spots 

from the 5-spot filter paper for each sample (using a separate razor blade for each sample to prevent 

contamination), depositing all filter paper spots from each sample into 370 μL of RLT in an RNAse-free 

sterile 1.5 ml microcentrifuge tube, incubating the tube for 30 min at 37° C with agitation (1000 rpm), 

transferring tube contents (including filter paper) into a QIAshredder column for 60 sec 

microcentrifugation at maximum speed, after which the 360 μL of remaining RLT was processed through 

the QIAcube nucleic acid extraction system using RNeasy Micro Kit reagents, the manufacturer’s 

standard operating protocol (including DNAse treatment), and a 20 μL elution volume.  No attempt was 

made to assess RNA mass or integrity in DBS samples because RNA quantity was expected to fall below 

the lower limit of detection for available assay systems. 

All available DBS RNA and 40 ng of RNA from PAXgene and PBMC samples were submitted 

to cDNA amplification using the NuGEN Ovation PicoSL WTA System, and 100 ng of the resulting 

cDNA was fragmented and fluorescently labeled using the NuGEN Encore BiotinIL Module for Illumina 

Whole Genome Expression BeadChips.  The resulting fluorescent target sample was assayed using 

Illumina Human HT-12 v4.0 BeadChips, following the manufacturer’s standard protocol for cDNA 

hybridization, with scanning on an Illumina iScan instrument in the UCLA Neuroscience Genomics Core 

following the manufacturer’s standard protocol.  The raw data are deposited in Gene Expression Omnibus 

(Accession # GSE75511). 
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Statistical Analyses  

 Transcriptome data analysis followed methods employed and validated in our previous research. 

Briefly, raw gene expression data were quantile-normalized and log2 transformed for analysis. 

Preliminary analyses examined cross-sampling mode consistency of expression values across all 19,679 

named gene transcripts assayed by the HT-12 v4 (i.e., excluding unnamed open reading frames and 

provisional LOC, HS., and KIAA transcripts).  Differential gene expression was assessed using standard 

linear statistical models including effects of age (years), gender (1/0), BMI (kg/m2), history of heavy 

alcohol consumption (1/0), history of smoking (1/0), educational attainment (years) and a four-category 

race/ethnicity variable (1/0 indicators for African-American, Asian-American, and Other Minority, with 

Caucasian serving as the reference category). In secondary analyses, we also adjusted for relative 

proportions of monocytes, CD4+ and CD8+ T lymphocytes, B lymphocytes, and Natural Killer cells by 

including as covariates mRNAs encoding eight canonical markers of these cell types (CD14, CD3D, 

CD3E, CD4, CD8A, CD19, FCGR3A/CD16, NCAM1/CD56). Differentially expressed genes were 

defined by ≥1.20-fold difference between Caucasians and African-Americans.  No gene-specific 

statistical testing or False Discovery Rate analyses were performed because previous research has found 

these procedures to yield less replicable results than does mapping differentially expressed genes based on 

point-estimates of fold-difference (Cole et al. 2003; Shi et al. 2008; Witten & Tibshirani 2007), especially 

when substantive interest lies in higher-order bioinformatics results derived from lists of differentially 

expressed genes (Fredrickson et al. 2013).  As such, lists of differentially expressed genes reported here 

serve only as point-estimate inputs into higher-order bioinformatics analyses and should not be 

interpreted as statistically significant at the level of the individual gene transcript.    

Three types of higher-order bioinformatics analysis were conducted in parallel across gene 

expression data derived from DBS, PBMC, and PAXgene (whole blood) samples.  In each case, analyses 

tested whether African-American/Caucasian differences identified based on DBS samples corresponded 

to results derived from the PBMC “gold standard” and to results from PAXgene whole blood samples.  

The latter is arguably a more appropriate comparison point because the PAXgene system captures the 
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same total blood cell population as does DBS.  In all analyses, standard errors for observed point 

estimates of bioinformatics statistics were derived from 200 cycles of bootstrap resampling of linear 

model residual vectors (accounting for potential correlation among residuals across transcripts) (Efron & 

Tibshirani 1993; Vedhara, et al. 2015). 

The first bioinformatics analysis sought to determine whether African-Americans showed altered 

expression of the CTRA gene expression profile relative to Caucasians.  Analyses used an a priori-defined 

contrast among differential gene expression estimates for 53 canonical CTRA indicator genes (Cole et al. 

2015; Fredrickson et al. 2013; 2015; Vedhara et al. 2015), including 19 pro-inflammatory genes (IL1A, 

IL1B, IL6, IL8, TNF,PTGS1, PTGS2, FOS, FOSB, FOSL1, FOSL2, JUN, JUNB, JUND,NFKB1, NFKB2, 

REL, RELA, RELB), 28 genes involved in Type I interferon response (GBP1, IFI16, IFI27, IFI27L1-2, 

IFI30, IFI35, IFI44, IFI44L, IFI6, IFIH1, IFIT1-3, IFIT5,IFIT1L, IFITM1-3, IFITM4P, IFITM5, IFNB1, 

IRF2, IRF7-8, MX1-2, OAS1-3, OASL), and three genes involved in antibody synthesis (IGJ, IGLL1, 

IGLL3).  Parameter estimate signs were reversed for the antiviral and antibody-related gene sets to reflect 

their inverse relationship to the overall CTRA profile (Cole et al. 2015; Fredrickson et al. 2013; 2015; 

Vedhara et al. 2015) 

The second bioinformatics analysis sought to test the activity of a priori specified transcription 

control pathways as potential mechanisms of the observed African-American/Caucasian differences in 

gene expression using a 2-sample variant of the Transcription Element Listening System (TELiS; Cole et 

al., 2005). TELiS quantified the prevalence of specific transcription factor-binding motifs (TFBMs) for 

pro-inflammatory transcription factors (NF-B, GATA, and AP-1), Type I interferon response factors 

(ISRE, STAT), and neuroendocrine-related transcription factors (CREB, GR) within promoters of all 

genes showing ≥1.20-fold up-regulation in African-Americans vs. Caucasians compared to all genes 

showing ≥1.20-fold down-regulation in African-Americans vs. Caucasians. We analyzed aggregate (log) 

prevalence ratios for TFBMs in up- vs. down-regulated promoters pooled across 9 alternative technical 

specifications involving parametric variations of promoter length (-300 bp, -600 bp, -1000 to +200 bp) 

and TFBM detection stringency (MatSim .80, .90, .95) (Cole et al. 2005).   
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The third bioinformatics analysis sought to identify specific cell types that contribute to the 

empirically observed differences in gene expression by applying Transcript Origin Analysis (TOA) (Cole 

et al., 2011) to all genes showing ≥1.20-fold difference in average expression between African-Americans 

and Caucasians.  TOA tested for significant over-representation of genes preponderantly expressed by a 

specific subset of PBMCs (i.e., monocytes, dendritic cells, CD4+ T cells, CD8+ T cells, B cells, or 

Natural Killer cells) using cell-specific reference transcriptomes derived from previous research (Su et al. 

2004).   

 

Results 

Characteristics of the 82 participants are described in Table 1. As can be seen, the sample was 

diverse with respect to age, gender, race/ethnic background, and educational attainment. As a group they 

were in relatively good health, with only three heavy smokers (3.7 percent), and a mean BMI in the 

slightly overweight range. Almost half the sample (46.3 percent) had BMI in the normal range (under 25); 

the others were overweight (BMI 25 to <30; 32.9 percent) or obese (BMI 30 or greater; 20.7 percent). 

There was no history of stroke, diabetes, or HIV/AIDS in the sample. One participant had a previous 

myocardial infarction (13 years prior), and four participants had a history of cancer (none in active 

treatment during the past year).  One participant declined to provide data on race/ethnicity, resulting in a 

final analyzed sample of N = 81 in analyses of differences in gene expression across race/ethnicity.  

 

Individual gene-level correspondence 

In preliminary analyses, we assessed the correlation between individual gene expression values 

derived from DBS, PAXgene, and PBMC samples.  Across the 19,679 named gene transcripts assayed in 

82 participants, DBS-derived values correlated r = +.85 with PAXgene whole blood samples and r = +.85 

with PBMC samples (both p < .0001).  This correlation compared reasonably well with the r = +.92 

correlation between the gold standard PAXgene and PBMC samples.  For each sample type, we also 

estimated differences in expression of each gene across African-American and Caucasian participants, 
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controlling for age, gender, BMI, alcohol and cigarette use, and educational attainment.  DBS-based 

estimates of differential gene expression correlated r = +.48 with those derived from PAXgene (p < 

.0001), which compares favorably with the r = +.31 (p < .0001) correlation between African-American 

vs. Caucasian gene expression differences estimated using PAXgene vs. PBMC. (Consistency of all 

difference estimates fell below the r = .85 consistency of single gene expression values due to the fact that 

the variance of a difference score is inherently greater than the variance of its constituent components.)  

Reasonable consistency at the level of individual gene expression values and differential expression 

estimates suggested that it would be viable to pursue this study’s primary aim of estimating the 

consistency of higher-order bioinformatics results derived from DBS vs. PBMC and PAXgene samples.   

 

Bioinformatics 1: CTRA gene expression 

Our first comparison of high-level bioinformatics results assessed whether African-Americans 

showed different levels of CTRA gene expression than Caucasians, using an a priori defined contrast of 

19 pro-inflammatory, 31 antiviral, and 3 antibody-related transcripts (Cole et al. 2015; Fredrickson et al. 

2013; 2015; Vedhara et al. 2015).  In analyses of DBS samples, African-Americans showed a 0.85-fold 

lower expression of the overall CTRA contrast (Table 2, column 1; p = .001), counter to our initial 

hypothesis of higher levels of CTRA expression in African-Americans.  Separate analyses of the 

inflammatory, antiviral, and antibody-related components (Table 2, column 1, rows 2-4) found no 

significant differences in inflammatory or antibody-related gene expression, but a significant 1.27-fold 

up-regulation of Type I interferon antiviral gene expression in African-Americans relative to Caucasians 

(p = .003).  (Note that Type I interferon responses are an inverse component of the CTRA profile.)  

Parallel analyses of PBMC and PAXgene samples yielded convergent results (Table 2, columns 2-3), 

with overall CTRA gene expression profiles showing 0.87-fold (p < .001) and 0.85-fold (p < .001) 

differential expression, respectively.  Antiviral gene expression was up-regulated by 1.29-fold in PBMC 

(p < .001) and by 1.28-fold in PAXgene samples (p = .003).  Similar results emerged in ancillary analyses 
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that additionally controlled for gene transcripts indicating the relative prevalence of major leukocyte 

subsets (Table 2, rows 5-8).  

 

Bioinformatics 2: Transcription factor activity  

Our second comparison of high-level bioinformatics results assessed whether African-Americans 

and Caucasians showed different levels of activity in seven major transcription control pathways that have 

been implicated in social environmental influences on gene regulation, including three pathways involved 

in pro-inflammatory gene expression (AP-1, NF-B, and GATA factors), two pathways involved in 

interferon-related antiviral signaling (ISRE and STAT family factors), and two pathways involved in 

neuroendocrine signaling (CREB and glucocorticoid receptor [GR] signaling).  Table 3 (column 1) 

reports results from TELiS analysis of 291 genes identified as up-regulated ≥ 1.20-fold and 540 genes 

identified as down-regulated ≥ 1.20-fold in African-Americans relative to Caucasians based on analyses 

of DBS RNA.  Results indicated relative activation of five of the seven analyzed pathways in African-

Americans relative to Caucasians, including two pro-inflammatory transcription factors (AP-1: 1.27-fold, 

p = .019; GATA: 1.48-fold, p < .001), both interferon responsive factors (ISRE: 2.22-fold, p = .008; 

STAT: 1.40-fold, p = .015), and one of the two neuroendocrine pathways (CREB: 1.46-fold, p = .023). In 

parallel analyses of 211 genes identified as up-regulated and 223 genes identified as down-regulated 

based on PAXgene whole blood samples, results concurred for four of the five transcription control 

pathways found to be significant in DBS-based analyses (Table 3, column 2: AP-1, GATA, ISRE, and 

STAT).  In parallel analyses of 170 genes identified as up-regulated and 76 genes identified as down-

regulated based on PBMC samples, results concurred for two of the five transcription control pathways 

found to be significant in DBS-based analyses (Table 3, column 3: ISRE and STAT; CREB was indicated 

significant, but in the opposite direction).   

In a follow-up set of analyses, we added statistical controls for cellular heterogeneity. Each class 

of white blood cells—granulocytes, monocytes, and lymphocytes—has distinct immunologic functions, 

enabled in part by different gene expression patterns. There is considerable person-to-person differences 
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in the abundance of these cell classes, so their relative balance is important to consider as a potential 

explanation for any observed transcriptional differences.  When covariates reflecting cellular 

heterogeneity were added to the models, the overall pattern of consistency between RNA sampling modes 

reported above was maintained (i.e., DBS vs. PAXgene vs. PBMC). However, the covariates did affect 

which specific transcription control pathways yielded statistically significant indications of difference 

across African-American and Caucasian participants.  Leukocyte subset-adjusted analyses based on DBS 

RNA (Table 3, column 1, rows 8-14) indicated relative activation of three of the seven targeted pathways 

in African-Americans, including two interferon-related pathways (ISRE: 2.67-fold, p < .001; STAT: 1.47-

fold, p = .003) and one neuroendocrine pathway (GR: 2.20-fold, p = .002). However, these covariates 

rendered non-significant the indications of group differences in inflammatory transcription factor activity. 

Parallel subset-adjusted analyses based on PAXgene RNA (Table 4, column 2, rows 8-14) verified all 

three of the significant adjusted results from DBS. However, none of these three subset-adjusted results 

were found in PBMC analyses.  Instead, PBMC analyses indicated disparities in activation of three pro-

inflammatory pathways that were not identified by analyses of either DBS or PAXgene RNA (AP-1, NF-

B, and GATA).  

 To summarize, the analyses of TF activity revealed substantial convergence between DBS and 

PAXgene results, even when adjustments for cellular heterogeneity were performed. There was much less 

correspondence between DBS and PBMC at the level of TF activity. As we explain in the Discussion, 

these patterns could reflect the similar cellular composition of DBS and PAXGene samples relative to 

PBMC and/or differences in specimen processing duration that act to delay cell lysis and thereby facilitate 

additional gene expression dynamics in PBMC. 

 

Bioinformatics 3: Cellular origins 

Our third comparison of high-level bioinformatics results assessed the cellular sources of  

differences in gene expression using Transcript Origin Analysis (Cole et al. 2011). These analyses made 

use of reference data from isolated monocytes, dendritic cells, CD4+ T cells, CD8+ T cell, B cells, and 
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Natural Killer cells (Su et al., 2004).  Results from DBS samples (Table 4, column 1) implicated 

monocytes and Natural Killer cells as predominate cellular sources of differences between African-

Americans and Caucasians in gene expression (all p < .001).  The same conclusions emerged from 

analyses of PAXgene samples (Table 4, column 2) and PBMC (Table 4, column 3).  Results from 

PAXgene and PBMC additionally suggested that dendritic cells contribute to the observed transcriptional 

differences across groups.  Similarly consistent results also emerged in analyses that adjusted for mRNA 

markers of leukocyte subset prevalence (Table 4, rows 7-12).   

 

Discussion 

This study demonstrates that genome-wide transcriptional profiling of RNA derived from DBS 

samples can yield bioinformatic inferences that correspond well to those derived from gold-standard 

venipuncture blood samples.  These results establish the feasibility of using DBS as a minimally-invasive 

alternative to venous blood sampling for field-based studies of gene expression, particularly when 

research interests focus on higher-order bioinformatic analyses of the general molecular and cellular 

processes that drive broad patterns of variation in gene expression.  By capitalizing on the statistical 

advantages of aggregating across many individual transcripts, these bioinformatics analyses revealed 

common abstract biological themes that were generally evident across specimen types. These themes 

included significant differences between African-American and Caucasian adults in the CTRA profile, 

patterns of transcription factor activation (e.g., TELiS analyses of inflammatory, antiviral, and 

neuroendocrine signaling pathways), and the types of cells that contribute to such disparities (e.g., TOA 

implication of monocytes and Natural Killer cells). The convergence of these findings with results from 

venous blood suggests that DBS methods will be a useful tool for expanding social genomics research to 

sampling contexts in which clinic-based assessments are infeasible. This would include large, population-

based cohorts, and field-studies in diverse cultural and ecological settings. 

 Although bioinformatics analyses yielded broadly similar results across DBS and venipuncture 

blood samples, there were areas of relatively stronger vs. weaker convergence that merit consideration.  
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One dimension of variation involved the specific bioinformatic parameters analyzed, with good 

consistency across sampling modalities for the 53-gene CTRA contrast (and its inflammatory, antiviral, 

and antibody-related components) and TOA inferences regarding cell type. Results were more variable 

for TELiS inferences of transcription factor activity, with some transcription control pathways showing 

highly consistent results (e.g., interferon/antiviral and inflammatory signaling pathways) and others 

showing less uniform findings (e.g., neuroendocrine signaling). Nevertheless, the overall pattern of 

transcription factor inferences was broadly consistent (e.g., 5 out of 7 comparisons yielded consistent 

findings for the most biologically valid comparison of DBS vs. PAXgene whole blood samples).   

The sampling modality used as reference point also affected the consistency of results, with DBS 

results corresponding more closely to PAXgene samples than to PBMC samples.  This asymmetry was 

expected, due to the fact that the PAXgene whole blood sample matches the cellular composition of DBS 

more closely than does the PBMC sample (which is depleted of red blood cells and most granulocytes).  

DBS and PAXgene samples also result in rapid cell lysis following sample collection (stopping any 

subsequent RNA transcription), whereas blood drawn for PBMC isolation may continue to undergo 

transcriptional dynamics during transport and laboratory processing (Baechler et al. 2004; Debey et al. 

2004; Fan & Hegde 2005; Lyons et al. 2007; Rainn et al. 2002; Tanner et al. 2002).  Both factors would 

lead to greater transcriptome disparity between PBMC and DBS than between PAXgene and DBS. This is 

supported by the fact that PAXgene and PBMC also showed notable disparities in some bioinformatic 

characteristics (particularly TELiS indications of transcription factor activity).   

It is also notable that several instances of inconsistency arose because PAXgene or PBMC 

samples yielded significant results that were not evident in DBS.  This may be explained by the greater 

noise in DBS gene expression estimates resulting from their notably smaller initial RNA content (around 

1/100th that of venipuncture samples) and additional stochastic variation introduced by enzymatic 

amplification of cDNA.  Both sources of noise would result in a consequent decline in statistical power.  

This implies that bioinformatic analyses of DBS RNA may be more likely to incur conservative false 

negative errors than erroneous declarations of substantive effect (false positive errors).  Given the 
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greater sampling variability of DBS RNA assessments, somewhat larger samples would be 

required to maintain statistical power at levels comparable to PBMC.  For example, given the 

slightly lower reliability of CTRA assessment using DBS vs. PBMC (Cronbach’s alpha = .88 vs 

.90), sample sizes would need to increase by approximately 5% to maintain equivalent statistical 

power (assuming a simple 2-group comparison targeting a small effect size of d = .2-.3). 

A limitation of our validation is the use of DBS samples derived from venous whole 

blood applied to filter paper, rather than finger stick whole blood. There is no a priori reason to 

expect different patterns of results across these samples, and our comparison of 10 matched 

venous and finger stick whole blood samples revealed no bias, and very high level of agreement.  

We are therefore confident that our results generalize to finger stick DBS samples.    

All of the comparative results examined here were based on analyses of differential gene 

expression across African-American and Caucasian participants, and controlled for differences in gender, 

BMI, alcohol and cigarette use, and educational attainment. This context limits the scope of the present 

study’s conclusions; analyses of other substantive effects may well indicate greater consistency (e.g., if 

biological effect sizes are larger than those assessed here) or greater inconsistency (e.g., if biological 

effect sizes are smaller than those observed here, or if they occur on different biological dimensions from 

those selected for comparative testing). However, the analysis of group differences also represents a 

substantively important dimension of human transcriptome regulation.  Discrimination and other forms of 

social inequity place African-Americans at increased risk for a wide variety of adverse health outcomes 

relative to Caucasians (Braveman et al. 2010; Meyer et al. 2013; Williams et al. 2012), and the findings 

from this study join others (Huang et al. 2011) in identifying potential biological pathways that may 

mediate these outcomes.  Notably, we found no indication of significantly elevated pro-inflammatory 

signaling in African-Americans vs. Caucasians (e.g., CTRA and TELiS NF-B).  This may stem from our 

control for inflammation-related risk factors such as BMI and SES (educational attainment) that are 

differentially distributed in the African-American vs. Caucasian participants in our sample.  It may also 
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reflect idiosyncrasies of this study, as this was not a population-representative sample.  Future research 

using more broadly representative samples of participants across socio-demographic groups will be 

required to verify and extend these results.   

The most striking observed difference involved a marked up-regulation of interferon signaling in 

African-Americans relative to Caucasians (i.e., the general CTRA contrast and its interferon component, 

and TELiS indications regarding interferon responsive transcription factors).  TOA bioinformatics 

implicated monocytes and Natural Killer cells as cellular sources of group differences in gene expression, 

but statistical control for mRNA markers of monocyte and Natural Killer cell prevalence failed to 

eradicate the indicated differences in interferon activity.  This pattern of findings suggests a marked state 

of Type I interferon-related cellular activation in the blood transcriptome of this study’s African-

American participants, which would be consistent with TELiS indications of increased AP-1 and GATA 

factor signaling (both of which mediate general immunologic activation beyond the more focally pro-

inflammatory transcription factor, NF-B).  The robustness and origin of these effects remain to be 

determined in future research, and the present bioinformatics findings (consistent across three different 

RNA sampling modalities) establish a clear set of molecular and cellular targets for future analyses.  

Nevertheless, it is important to underscore that the present results were derived from group differences in 

a specific environmental context, and there is no guarantee that similar findings would be observed in 

other social or cultural contexts.  It is also worth noting that interferon signaling has long been observed 

to constitute one of the most prominent dimensions of naturally occurring individual differences in human 

blood cell gene expression (Eady et al. 2005; Radich et al. 2004; Whitney et al. 2003).   

 The low cost and technical burden of DBS sampling facilitates the collection of blood from large 

numbers of participants in diverse community-based settings, and it opens up new lines of research into 

the pathways through which social, behavioral, and other contextual factors “get under the skin” to shape 

physiological function and health (Finch et al. 2001; McDade et al. 2007; Weinstein et al. 2008). 

Genome-wide transcriptional profiling generates insight into critical intra-cellular dynamics that regulate 

these processes, and it provides unprecedented opportunities for unbiased discovery as well as the 
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interrogation of candidate biological pathways.  At a per sample cost of approximately $150, 

transcriptome profiling may be out of reach for large studies, but costs are projected to decrease 

over the next few years and broader applications in a wide variety of field-based settings may 

thus become feasible.  Our aim is to bring these approaches together to promote innovative 

research at the biosocial interface that bridges concepts and methods from the population and 

biological sciences.    
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Tables 

 

Table 1. Characteristics of the study sample (n=82). 

 

Characteristics N (%) or Mean (SD) 

Female gender 52 (63.4%) 

Age (years) 34.8 (13.7) 

Race/ethnicity:  White 52 (62.2%) 

                          African-American 16 (19.8%) 

                          Asian 7 (8.6%) 

                          Other or multiple 6 (7.4%) 

Education   

    High school degree or less 23 (28.1%) 

    Associates degree 7 (8.5%) 

    Bachelor’s degree or more 52 (63.4%) 

Full-time employment 45 (54.9%) 

Body Mass Index (kg/m2) 26.4 (5.5) 

Heavy smoker (> 10 cigarettes per day) 3 (3.7%) 

Heavy drinker (> 10 alcoholic drinks per week) 11 (13.4%) 
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Table 2.  Linear model parameter estimate (SE) differences in CTRA contrast scores for African-

American participants relative to Caucasian participants.   

 

 RNA sample* 

 DBS PAXgene PBMC 

Primary analysis 

CTRA contrast -0.226 (0.065)  p = 0.001 -0.231 (0.060)  p < 0.001 -0.198 (0.048)  p < 0.001 

Inflammation -0.039 (0.050)  p = 0.450 -0.044 (0.029)  p = 0.143 +0.086 (0.063)  p = 0.188 

Interferon +0.347 (0.106)  p = 0.003 +0.340 (0.104)  p = 0.003 +0.368 (0.071)  p < 0.001 

Antibody +0.160 (0.095)  p = 0.235 +0.293 (0.122)  p = 0.138 +0.238 (0.101)  p = 0.143 

    

Adjusted for leukocyte subsets 

CTRA contrast -0.285 (0.063)  p < 0.001 -0.197 (0.048)  p < 0.001 -0.149 (0.050)  p = 0.004 

Inflammation -0.039 (0.045)  p = 0.404 -0.037 (0.022)  p = 0.114 +0.092 (0.060)  p = 0.140 

Interferon +0.446 (0.097)  p < 0.001 +0.290 (0.079)  p = 0.001 +0.291 (0.071)  p < 0.001 

Antibody +0.180 (0.097)  p = 0.205 +0.250 (0.104)  p = 0.137 +0.203 (0.093)  p = 0.161 
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Table 3.  Linear model parameter estimate (SE) for log2 ratio of TFBM prevalence in promoters of genes 

that are relatively up-regulated vs. down-regulated in African-American participants relative to Caucasian 

participants.  

 

 RNA sample* 

 DBS PAXgene PBMC 

Primary analysis    

AP-1 +0.350 (0.148)  p = 0.019 +0.368 (0.184)  p = 0.047 +0.135 (0.324)  p = 0.678 

NF-kB +0.624 (0.352)  p = 0.078 -0.155 (0.332)  p = 0.641 +1.715 (0.430)  p < 0.001 

GATA +0.570 (0.142)  p < 0.001 +0.393 (0.162)  p = 0.016 +0.485 (0.323)  p = 0.134 

ISRE +1.149 (0.428)  p = 0.008 +1.592 (0.459)  p = 0.001 +1.017 (0.414)  p = 0.015 

STAT +0.481 (0.197)  p = 0.015 +0.781 (0.248)  p = 0.002 +0.765 (0.352)  p = 0.031 

CREB +0.542 (0.237)  p = 0.023 -0.386 (0.342)  p = 0.260 -0.989 (0.445)  p = 0.028 

GR -0.243 (0.290)  p = 0.403 +0.818 (0.354)  p = 0.022 +0.200 (0.506)  p = 0.694 

    

Adjusted for 

leukocyte subsets    

AP-1 +0.234 (0.159)  p = 0.144 +0.300 (0.203)  p = 0.140 +1.183 (0.261)  p < 0.001 

NF-kB +0.257 (0.382)  p = 0.502 -0.158 (0.328)  p = 0.630 +0.694 (0.336)  p = 0.040 

GATA +0.281 (0.154)  p = 0.069 +0.186 (0.185)  p = 0.318 +0.885 (0.292)  p = 0.003 

ISRE +1.419 (0.348)  p < 0.001 +1.77 (0.437)  p < 0.001 +0.781 (0.445)  p = 0.081 

STAT +0.557 (0.183)  p = 0.003 +0.729 (0.272)  p = 0.008 +0.435 (0.296)  p = 0.143 

CREB +0.082 (0.227)  p = 0.719 -0.606 (0.322)  p = 0.062 -0.178 (0.461)  p = 0.700 

GR +1.140 (0.354)  p = 0.002 +0.788 (0.368)  p = 0.034 +0.295 (0.541)  p = 0.586 
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Table 4. Linear model parameter estimate (SE) for TOA diagnosticity scores (which are inherently 1-

tailed) for genes differentially expressed in African-American participants relative to Caucasian 

participants.  

 

 

 RNA sample* 

 DBS PAXgene PBMC 

Primary analysis    

Monocyte +1.786 (0.173)  p < 0.001 +1.909 (0.475)  p < 0.001 +2.007 (0.485)  p < 0.001 

Dendritic cell -0.032 (0.083)  p = 0.651 0.318 (0.132)  p = 0.008 +0.385 (0.135)  p = 0.002 

Natural killer cell +1.408 (0.295)  p < 0.001 +2.386 (0.681)  p < 0.001 +4.421 (0.952)  p < 0.001 

CD4+ T cell -0.403 (0.034)  p = 1.000 -0.347 (0.056)  p = 1.000 -0.249 (0.078)  p = 0.999 

CD8+ T cell -0.202 (0.032)  p = 1.000 -0.284 (0.054)  p = 1.000 -0.188 (0.073)  p = 0.995 

B cell -0.145 (0.051)  p = 0.998 -0.123 (0.061)  p = 0.977 +0.038 (0.093)  p = 0.341 

    

Adjusted for 

leukocyte subsets    

Monocyte +1.088 (0.142)  p < 0.001 +2.019 (0.469)  p < 0.001 +1.360 (0.279)  p < 0.001 

Dendritic cell +0.085 (0.087)  p = 0.164 +0.352 (0.140)  p = 0.006 +0.161 (0.144)  p = 0.131 

Natural killer cell +1.811 (0.212)  p < 0.001 +2.370 (0.487)  p < 0.001 +3.842 (0.836)  p < 0.001 

CD4+ T cell -0.381 (0.034)  p = 1.000 -0.317 (0.061)  p = 1.000 -0.317 (0.058)  p = 1.000 

CD8+ T cell -0.180 (0.032)  p = 1.000 -0.285 (0.048)  p = 1.000 -0.293 (0.070)  p = 1.000 

B cell -0.154 (0.048)  p = 0.999 -0.097 (0.054)  p = 0.963 +0.073 (0.083)  p = 0.190 

    

 

  

 


