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Introduction  
The National Longitudinal Study of Adolescent to Adult Health is an ongoing, nationally-representative, 
longitudinal study of the social, behavioral, and biological linkages in health and developmental 
trajectories from early adolescence into adulthood. The cohort was drawn from a probability sample of 
132 middle and high schools and is representative of American adolescents in grades 7-12 in 1994-1995. 
The adolescent cohort has been followed for 25 years with in-home interviews in 1995 (Wave I), 1996 
(Wave II), 2001-02 (Wave III), 2008 (Wave IV), and 2016-2018 (Wave V). Wave V was conducted when 
respondents are aged 32-42. The study design included an embedded genetic sample of pairs of identical 
twins, fraternal twins, full siblings, half siblings, and adolescents who grew up in the same household but 
have no biological relationship. The study population is a multiracial and multiethnic sample with 
substantial numbers of individuals with Hispanic and Asian ancestry. For more information about the 
design of Add Health see Harris 2010 and Harris et al. 2013.  

 

Background 
Social genomics is a rapidly emerging area of research that connects social experiences with gene 
expression and, in turn, morbidity and mortality. This field has focused on mRNA transcription profiles of 
leukocytes (white blood cells) and their implications for human health. Such research (including 
experimental human studies) has revealed that social experiences (e.g., social status and stressors) have 
the capacity to modify the expression and regulation of genes. This gene expression profile is highly 
significant for population health because leading causes of morbidity and mortality—cardiovascular 
diseases (including hypertension and diabetes), autoimmune disorders, neoplasias, and depression—are 
determined by dynamic gene expression. Thus, social genomics examines a major mechanism by which 
social experiences get under the skin. However, social genomic studies are limited by small, 
unrepresentative samples; cross-sectional designs; and a paucity of social measures. This gene expression 
study addresses these limitations by leveraging an existing venous blood draw in Wave V of the National 
Longitudinal Study of Adolescent to Adult Health. 

 

Study Aims 
Sample collection. Aim 1: Collect an additional 2.5 ml of blood from ~14,000 Add Health respondents at 
Wave V for gene expression profiling and biobanking of these specimens for follow-up analyses. 

Transcriptional profiling. Aim 2: Extract and quality check mRNA and conduct genome-wide transcriptional 
profiling on the specimens from a large representative subsample of 5,000 respondents. 

Dissemination. Aim 3: Prepare quality-curated transcriptome data and technical documentation of the 
5,000 respondents for dissemination and deposit into the NIH database of genotypes and phenotypes 
online repository (dbGaP) for public use. 

Demographic linkage. Aim 4: Conduct analysis of basic attributes of the transcriptome profiling data on 
the 5,000 subsample of Addhealth respondents, including how leukocyte gene expression profiles are 
distributed in the population according to sex, race/ethnicity, and socioeconomic background.  
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Biology of Gene Expression 
Transcription refers to the process by which genes encoded by DNA are selectively expressed as RNA and 
ultimately translated into proteins which mediate cellular function, physiology, and disease. RNA 
polymerase 2 is an enzyme that binds to the promoter region of a gene and synthesizes messenger RNA 
(mRNA, molecules that convey genetic information from the DNA template). The promoter region includes 
response elements, or specific DNA sequences which bind molecular flags known as transcription factors. 
Once a transcription factor binds to a target response element, it can promote or block the recruitment of 
the polymerase (i.e., alter gene expression/transcript abundance). This altered expression leads to 
quantitative increases or decreases in the abundance of specific proteins, and thus allows cells to both 
maintain physiological function and homeostasis and to respond to changing environmental conditions. 

 

Methods 
Sampling 
Venous blood was collected using a bar-coded room temperature PAXgene™ Blood RNA tube designed to 
draw 2.5 ml of blood into the BD Hemogard™-capped, plastic tubes (BD, Franklin Lakes, NJ). Typically, 2.5 
ml PAXgene RNA tubes yield 1,000-8,000 ng of total RNA. Transcriptome profiling by Illumina HT12 bead 
arrays consumed approximately 360 ng of sample, and the remaining 900-7,900 ng of RNA was returned 
to Laboratory for clinical Biochemistry Research at University of Vermont (LCBR) for long-term archival 
storage. Each PAXgene RNA tube contained a proprietary reagent that lyses cells and stabilizes 
intracellular RNA. Complete blood draws took about 10 seconds and were followed immediately by 
inversion 8 to 10 times. Samples were then shipped within 24 hours of collection by FedEx to the LCBR. On 
arrival, samples were scanned into the laboratory data management system and stored at -70C. Samples 
have been shown to retain integrity for up to 2 freeze-thaw cycles and 50 months at -70C. 5,000 
specimens were shipped in three batches over a 36-month data collection period to the UCLA Social 
Genomics Core Laboratory for sequencing analysis.  

 

Collection of Other Relevant Data 
Clinical covariates 
Survey questions were asked at the time of blood collection to address potential clinical confounders. 
Such data included respondents’ compliance with physicians’ requests to avoid caffeinated beverages and 
foods, heavy physical activity, smoking, and alcohol intake preceding biomarker measurements; time since 
last ingestion of food; pregnancy, recent infection, and other conditions under which measurements were 
made.  

Medication inventory  
A medication inventory was also generated to record potential pharmacological confounders. Data on 
medications were crucial because many therapeutic classes of medications affect gene expression. 
Collection of medication data in Wave V closely followed the efforts at Wave IV in which a general 
internist and cardiovascular epidemiologist with expertise in medication classification manually assigned 
therapeutic classes using two on-line coding databases (Lexi-Comp® On-LineTM, Lexi-Comp®, Inc.; Hudson, 
OH and MICROMEDEX® 1.0, Thomson Reuters Healthcare, Inc; Philadelphia, PA). 
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Transcriptome Sequencing  
Genome-wide mRNA expression profiles were assayed in 360 ng of 30 ng/ul total RNA. RNA was extracted 
under RNAse-free/PCR clean BSL2 conditions using automated nucleic acid extraction systems (Qiagen 
QIAcube) and deposited into 96 well plates. RNA concentration and purity was assessed by 
spectrophotometry (Nanodrop ND1000) and RNA integrity was assessed using an Agilent Bioanalalyzer 
(Agilent, Palo Alto CA). Genome-wide transcriptional profiles were obtained using target cRNA synthesis 
(Ambion TotalPrep) and hybridization to Illumina Human HT-12 bead arrays in the UCLA Neuroscience 
Genomics Core Laboratory following the manufacturer’s standard protocol (Illumina, San Diego CA). 
Importantly, cDNA synthesis was conducted using the Lexogen QuantSeq 3’ FWD library preparation 
chemistry which amplified only the final 65 nucleotides of each transcript. Resulting sequencing reads 
were separated by sample based upon barcode, paired with their mate, filtered for Phred quality scores 
below Q30, and adaptors were trimmed using trimmomatic. Reads were then mapped to a reference 
genome Hg38 using Star aligner 2.6.  

 

Post Transcriptomic Sequencing Analysis 
Mapping rates 
Mapping rates were calculated to determine the percentage of reads that mapped uniquely to one gene, 
multiply to greater than one gene or to no genes at all.  

Gene count matrix 
The number of reads assigned to each gene was reported in a gene count matrix with rows containing 
each gene and columns containing addhealth participants.  

Expression correlation 
Average sample profile correlation was calculated on the gene count matrix to determine the correlation 
of any given sample to all other samples by Pearson Correlation. r<0.85 for any sample was flagged. 
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Samples  

Year 1 samples 
Year 1 samples included plates 1 – 12 comprising 1126 unique addhealth participants. See table 1 for 
demographic breakdown.  

Year 2 Samples 
Year 2 samples included plates 13 – 15 and plates 16 – 30 comprising 1468 unique addhealth participants. 
See table 1 for demographic breakdown. 

Year 3 Samples 
Year 3 samples included plates P1 - P23 comprising 2110 unique addhealth participants. See table 1 for 
demographic breakdown. 

IIV Samples 
83 samples derived from secondary blood draws from the same participant at an appointment one to two 
weeks later. These samples were referred to as intra individual variation samples (IIV) and were used for 
concordance analysis. Year 1 included 11 IIV samples, year 2 included 72 IIV samples, and year 3 included 
24 IIV samples. 

TABLE 1: DEMOGRAPHIC BREAKDOWN 

  year1 year2 year3 
age <=34 98 14 47 

 35 150 105 153 
 36 182 175 274 
 37 216 184 321 
 38 209 291 372 
 39 189 230 396 
 40 70 190 336 
 41 10 89 160 
 >=42 2 19 48 
     

sex female 680 796 1250 
 male 452 505 860 
     

race white 762 860 1304 
 black 198 253 417 
 other 7 11 29 
 asian 51 50 136 
 hispanic 114 127 224 
     

twin no 1097 1258 2059 
 yes 35 43 51 
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Genes 
Gene identifiers 
Genes were reported as Ensembl identifiers (ENSG00000…) and contained 60677 genes in the raw data 
file. Many of these identifiers refer to isoforms arising from the same gene but were nonetheless reported 
as independent due to their heterogeneity at the 3’ end of the coding region of the transcript. In the final 
data file, HUGO identifiers were used.  

Types of genes  
Mitochondrial, ribosomal subunit, and small RNA genes were included despite their limited biological 
utility.  

Omitted genes 
Histone genes were lacking from this data set due to their lack of polyadenylation signals at the 3’ end of 
their transcripts.  

Hemoglobin genes 
76% of the reads corresponded to three hemoglobin genes: hemoglobin A1, hemoglobin A2, and 
hemoglobin B. Typically a globin reduction is conducted prior to sequencing to remove these non-
informative genes (Krjutskov 2016). Globin transcripts are overwhelmingly collected from anucleated red 
blood cells and do not reflect the expression profile of the leukocytes that are being studied. 
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Measures of Quality 
Sample quality 
RNA concentration 
RNA was extracted from whole blood as described above. Concentrations of extracted RNA ranged from 
6.70 ng/ul to 142 ng/ul for year 1, 4.40 ng/ul to 266 ng/ul for year 2, and 0.17 ng/ul to 60.54 ng/ul for year 
3. Median RNA concentrations for year 1 was 36.50 ng/ul, for year 2 was 33.50 ng/ul, and for year 3 was  
ng/ul. The raw distribution of RNA concentrations can be seen in figure 1. For samples with concentrations 
less than 30 ng/ul, RNA was concentrated using minelute columns. This accounts for 142 samples in year 
1, 492 in year 2, and 1613 in year 3. Previous literature has shown successful RNA sequencing has been 
conducted with samples as low as 0.250 ng/ul (Sheng 2017). No filter was used to censor samples with low 
RNA concentration. 

 

FIGURE 1. RNA CONCENTRATION FROM BLOOD DRAWS 

 

RNA purity 
RNA purity can be assessed by measuring the ratio of optical absorbance at 260 nanometers to optical 
absorbance at 280 nanometers. At the 260 nanometer wavelength, nucleic acids absorb light while the 
aromatic amino acid side chains of proteins absorb light at 280 nanometers. The ratio of the two is an 
indication of how much protein is contaminating the RNA sample. Illumina, the manufacturer of the 
sequencing instrument used, recommends a ratio of 260/280 of 1.7 or higher for samples to be 
sequenced. No filter was applied based upon RNA purity. 

RNA integrity 
RNA integrity is assessed by examining the ratio of 28 svedberg unit ribosomal RNA to 18 svedberg unit 
ribosomal RNA. Ribosomal RNA comprises over 80% of RNA in the cell and can be divided into these two 
sizes (2 kilobases and 5 kilobases) depending upon whether it is derived from the small or large subunits. 
There is a theoretical expectation that the abundance of 28S ribosomal RNA will be greater than 2 times 
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the abundance of 18S ribosomal RNA. Deviation from this ratio can be largely explained by degradation of 
the larger species of ribosomal RNA. Because messenger RNA is closer in size to the larger 28S species, 
degradation of 28S ribosomal RNA is an indication that there is degradation of messenger RNA. Literature 
values of this ratio span from 0.5 to 2.5 (Imbeaud 2005). In year 1, the minimum, median and maximum 
28S/18S ratios are 0.2, 1.5 and 3.7. In year 2, the minimum, median and maximum 28S/18S ratios are 0.2, 
1.5 and 2.8. In year 3, these values were not reported. A filter of 28S/18S = 0.5 was applied to censor 
samples with low RNA integrity. 

RNA quality 
The Agilent tapestation instrument measures RNA integrity and quality using a numerical score of 1-10 
called the RNA integrity number (RIN). This measure uses an electrophoretic approach to determine the 
homogeneity of the size of the RNA in the sample. This measure frequently is used to augment 
information provided by the 28S/18S ratio because the previous measure determines degradation while 
this measure describes the homogeneity of remaining RNA after degradation. Illumina recommends only 
running samples with RIN scores of greater than 7. In year 1, the minimum, median and maximum RIN 
scores were 3.1, 7.8 and 9.2. In year 2, the minimum, median and maximum RIN scores were 3.1, 8 and 
9.3. In year 3, the minimum, median and maximum RIN scores were 1.1, 8.1, and 10. RIN scores below the 
Illumina threshold account for 119 participants in year 1, 146 participants in year 2, and 6 participants in 
year 3. The full distribution of RIN scores may be seen in figure 2. A filter of RIN=3 was applied to censor 
samples with low RNA quality. 

 

 

FIGURE 2: RNA INTEGRITY SCORES OF INPUT SAMPLES 
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Reads 
Number of reads 
The number of reads produced from the transcriptomic sequencing is highly dependent upon the 
instrument used and the sample quality. Deviations from median numbers of reads for any given sample 
may be an indication that the reads arising from that sample are skewed in some way either due to an 
amplification jackpot event or preferential amplification of certain sequences (kmer content). 
Alternatively, low numbers of reads arising from a sample may be due to poor sample quality or sample 
contamination. It is therefore important to identify participants whose sample produced unusual numbers 
of reads. In year 1, the minimum, median and maximum numbers of reads produced were 0.15, 12.33 and 
30.85 * 10 ^6 reads. In year 2, the minimum, median and maximum numbers of reads produced were 
0.13, 12.75 and 50.19 * 10^6 reads. In year 3, the minimum, median and maximum numbers of reads 
produced were 0.86, 13.51, and 800.60 reads. A full distribution of the number of reads can be seen in 
figure 4. Typically, outliers are pruned from the data set to avoid the potential introduction of 
questionable data. In year 1, there was 1 sample with <10^6 reads and no other extreme outliers. In year 
2, there were 4 samples with <10^6 reads. In year 3, there were 1 samples with <10^6 reads. The full 
distribution of numbers of reads per sample can be seen in figure 3. A filter of 1 * 10^6 reads was applied 
to censor samples producing unexpectedly low numbers of reads. 

 

 

FIGURE 3: READS PER SAMPLE 
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Mapping of reads 
The number of reads that map to genes is of utmost importance to determine if certain samples should be 
excluded. The percent of reads failing to map at all, mapping to multiple genes or mapping to a single gene 
were calculated and can be seen in figure 4. In year 1, the minimum, median and maximum percentages of 
reads mapping were 67.4%, 95.20% and 98.7%. In year 2, the minimum, median and maximum 
percentages of reads mapping were 8.95%, 95.9% and 98.45%. In year 3, the minimum, median and 
maximum percentages of reads mapping were 74.68%, 98.80% and 99.40%. The same measures for 
uniquely mapping reads were 48.50%, 75.6% and 87.3% for year 1; 6.86%, 75.1% and 90.24% for year 2; 
and 40.72%, 78.96%, and 91.11% for year 3. The discrepancy of mapped reads compared to uniquely 
mapped reads can be explained by reads that mapped to multiple sites. The minimum, median and 
maximum percentage of reads mapping to multiple genes were 10.3%, 19.1% and 32.4% for year 1; 2.09%, 
19.37% and 35.79% for year 2; and 7.59%, 19.78%, and 56.28% for year 3. There was one sample in year 2 
that had a mapping percent of less than 8.95%. There were 2 plates in year 2 that had unmapped 
percentages of reads of about 25%(see figure 4). Typically, 70-90% of reads map to a gene (Conesa 2016). 
A full distribution of mapping percentages can be seen in figure 4.  A filter of percent uniquely mapping 
reads < 25% was applied to censor samples that contained the majority of their reads failing to map to the 
human genome. 

 

FIGURE 4: MAPPING OF READS 
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Intersample correlation 
Correlogram 
Average correlograms are used to determine if any given sample is substantially different than all other 
samples. Correlograms are calculated by determining if a vector of gene expression values for all genes in 
the genome correlates with the average value for every other sample. The correlation minimum, median 
and maximum was 80%, 95% and 97% for year 1; 70%, 92.15% and 96.2% for year 2; and 60.62%, 88.03%, 
and 92.85% for year 3. A cutoff of 80% would yield 4 samples in year 1, 52 in year 2, and 162 in year 3. A 
full distribution of correlogram values can be seen in figure 5. A flag value of average correlogram < 0.80 
was applied and samples that had substantially different gene expression profiles from the rest of the 
study were annotated. 

 

 

FIGURE 5: CORRELATION BETWEEN SAMPLES 
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Raw Data Processing 

Preprocessing filtering 
RNA sequencing and subsequently mapping of reads against a reference genome produces a gene count 
matrix of reads for each gene in the reference genome. However, there may not be any reads or a 
statistically significant number of reads for any given gene. Therefore, it is common practice to filter the 
data set to remove genes for which there are no or few reads. To accomplish this, an R package called 
Limma, Voom and EdgeR were used.  

Conversion to differential gene expression object 
The raw gene count matrix for year 1, year 2, and year 3 contained 60676 genes for 1143, 1542, and 2110 
samples, respectively. The 3 hemoglobin genes were removed for each of the two matrices and the 
remaining data sets were converted to differential gene expression (DGE) objects using the EdgeR 
operation “DGEList”. DGE objects contain the gene count matrix as well as a complete listing of the 
samples by identifier, their group association, library size and normalization factor. 

Low read filtering. The DGE objects for each year were then filtered to remove genes with low expression. 
Limma contains an operation called “filterByExpr” which calculates the “log2 counts per million” value for 
each gene consisting of the number of reads for that gene divided by the total number of reads for its 
sample. Then Limma removes any genes for which the log2 cpm is less than 0.2 in 3 or greater samples. 

Normalization of reads 
Read counts for each gene fail to account for the library size so an operation must be conducted to 
normalize read numbers for the individual’s library size. This is done using the Limma voom R package. 
First, normalization factors are calculated from the DGE object “samples” metric using 
“calcNormFactors(method=’TMM’)” in the Limma package. This generates a normalization factor for each 
sample. Then the Limma Voom package is used to calculate a normalized pseudocount for each gene for 
each sample. Voom retains the gene count variance for each sample and converts the expression value 
such that all libraries are artificially the same size and level of gene expression can be compared between 
libraries.  The Voom package generates a data object that contains the DGE sample data set with updated 
normalization factors, an updated expression matrix, a matrix of weights calculated from the 
normalization factor, and a list of samples. The Voom expression matrix is used for further analysis. 
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Batch Correction 
The SVA R library was used to batch correct for year of collection. The ComBat correction method was 
used as shown in the processing code below. 

Concordance in paired IIV samples 
As an internal control, there were 83 samples from participants who contributed samples one to two 
weeks after their initial collection. Individuals who were flagged for RNA quality, RNA integrity, RNA purity, 
mapping problems, misidentification, or poor blood sample were removed. The degree of similarity 
between these repeated samples was observed and quantified by Spearman correlation. When compared 
to unmatched samples, these pairs were substantially more similar (figure 6). 

 

 

FIGURE 6: GENOME WIDE CORRELATION BETWEEN MATCHED IIV PAIRS 

 

Genome wide expression correlation 
Gene expression correlation was analyzed for paired samples as compared to samples from participants 
that were also in the IIV subsample. An ordered vector of expression values representing all filtered and 
normalized genes was compared for each year. A Spearman correlation was done for each comparison in 
this restricted, normalized and filtered data set to see how similar the vector of gene expression values for 
each pair was as compared to the rest of the IIV subsample. The mean Spearman r correlation value for 
year 1 was 0.82 and 0.87 for unmatched and matched pairs respectively. The mean Spearman r correlation 
value for year 2 was 0.83 and 0.93 for unmatched and matched pairs respectively. This can be seen in 
figure 6. 

IIV correlation of expression in individual genes 
Correlation between paired IIV samples was also analyzed for individual genes. Linear models were 
constructed for each gene for each pair of IIV samples, relating the expression value of the second visit to 
the expression value of the first.  This can be seen in figure 7. 
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FIGURE 7: CORRELATION BETWEEN MATCHED BLOOD DRAWS IN MOST VARIABLE GENES 
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Processing raw data into final data 
# load libraries 
library(limma) 
library(edgeR) 
library(sva) 
 
# process RNA read counts 
y <- DGEList(counts=raw) 
 
# filter for low expression 
keep <- filterByExpr(y) 
y <- y[keep, keep.lib.sizes=FALSE] 
 
# create normalization factors based on library size 
y = calcNormFactors(y, method = "TMM") 
  
# convert expression from read counts to counts per million 
y = cpm(y,normalized.lib.sizes=T) 
 
#construct design matrix 
design = model.matrix(~1, data=meta) 
 
# remove heteroscedasticity 
v=voom(y, design, plot = F) 
 
#batch correct 
v$E=ComBat(v$E, meta$batch) 
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