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Methods

Study population

One hundred and twenty African American and Hispanic children, ages 7-11 years, with
obese asthma (OA, n=59) or normal weight asthma (NwA, n=61) were recruited from
clinics at Children’s Hospital at Montefiore between 7/2013 to 8/2016. A validation cohort,
including 20 obese and 20 normal-weight asthmatic and 15 obese and 15 normal-weight
non-asthmatic children, was recruited between 1/2017 and 8/2018. Obesity was defined
as Body Mass Index (BMI) >95% percentile for age and sex according to the Center for
Disease Control guidelines (1). Asthma was classified based on the clinical diagnosis
made by a health care provider that was confirmed from electronic medical records. As
previously described (2), all participants underwent anthropometric measurements, skin
prick testing for atopic sensitization, and fasting phlebotomy. Pulmonary function testing,
including spirometry and lung volume quantification using the nitrogen washout technique,
performed according to the American Thoracic Society guidelines, were abstracted from
the medical charts (2). Percent predicted values for spirometry indices were calculated
using the National Health and Nutrition Examination Survey (NHANES) prediction
equations and lung volume indices were calculated using equations developed by the
American Thoracic Society workshop (3, 4). The Institutional Review Board at Albert

Einstein College of Medicine approved the study.
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Study measures

Isolation of CD4+ T (Th) cells and quantification of metabolic measures

Given that we previously observed an association between insulin resistance and Th1
polarization (5), we processed fasting blood for cell and serum separation. Peripheral
blood mononuclear cells (PBMCs) were separated using the Ficoll Hypaque method.
CD4+ T (Th) cells were isolated from the PBMCs by negative selection using magnetic
beads (Easy Sep, Stem Cell Technologies, Tukwila, WA) to avoid any ex vivo Th cell
stimulation (2). Th cell purity was 95-98% as confirmed by flow cytometry (2). Th cell
proportions in PBMCs did not differ between obese (25.1£6.9%) and normal-weight
(24.616.8%) samples. Fasting serum was used for insulin quantification using
radioimmunoassay (Millipore Corporation) on a Wizard2 gamma counter (Perkin Elmer
Corporation) and for lipid quantification using an enzymatic immunoassay analyzed on

an AU400 chemistry autoanalyzer (Beckman-Coulter Corporation).

Quantification of CD4+ T cell transcriptome using Directional RNA-Seq assay

As previously described, 2.5 ug of RNA extracted from 2x10% unstimulated Th cells
underwent directional RNA-seq based library preparation to quantify the obese and
normal-weight Th cell transcriptomes (2). All samples underwent quality control testing
(2100 Bioanalyzer, Agilent Technologies, Santa Clara, CA) and 112 samples with RNA
integrity number of 8 or greater underwent processing for directional RNA-seq library
preparation. After removal of ribosomal RNA with the Ribo-Zero rRNA removal kit
(lumina Inc., San Diego, CA), reverse transcription was performed using the

SuperScriptlll First-Strand Synthesis system, followed by second strand cDNA synthesis
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using dUTP (Thermo Fisher Scientific, Waltham, MA). The double stranded cDNA was
fragmented with Covaris (200-300 bp target length), end-repaired, dA tailed, and adaptors
added for the lllumina sequencer to allow multiplexing of 8 samples per lane. To maintain
directional information, i.e. transcribing strand-specific information (6), a combination of
dUTP incorporation and uracil-DNA glycosylase were used. All libraries underwent
Bioanalyzer testing for quality control and were sequenced on lllumina HiSeq 2500 as
100 bp single-end reads. All bioinformatics analyses, including quality control analysis,
and alignment to the Ensembl reference genome were performed on a high performance
computing cluster at Albert Einstein College of Medicine, as previously described (2).
Picard-tools v 1.119 (7) was used to generate FastQ files, which were trimmed for poor
quality bases and adaptor sequences using Trim Galore! v.0.3.7. (8) and aligned to
Ensembl release 83 (9) using STAR v.2.5.1b (10) to generate gene counts that were
normalized using DESeq (11) on R statistical software, version 3.2.2. Of the initial 120
samples, RNA and RNA-seq libraries from 48 obese and 55 normal-weight asthmatic

samples passed QC analysis and were included in the analysis.

Quantification of Th cell subtype proportions using the CD4+ T cell transcriptome

We analyzed the publicly available single-cell RNA-seq reference dataset on naive
(CD4+CD45RA+CD25-), regulatory (CD4+CD25+) and memory (CD4+CD45R0O+) Th
cells from 10X Genomics (12), using the Seurat R package (13) and identified 7 clusters
[Fig. E1a, b]. After eliminating rRNA, mitochondrial genes, those associated with HLA
antigens, and sex chromosome genes, we selected genes which were expressed by at
least 30% cells in each cluster, the log-transformed fold change between clusters was

greater than 0.32 using the FindAlIMarkers function of the Seurat R package, and then
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calculated the median expression value of the genes in each cluster. Cluster 0 overlapped
with naive Th cells while clusters 1, 2 and 3 overlapped with memory Th cells mapped
using the 10X Genomics reference dataset. Cluster 4 overlapped with memory and T
regulatory cells. Cluster 5, for which several of the top 30 genes overlapped with NK cells,
was absent in our samples and Cluster 6 was distinct from the three major Th cell subsets
with several of the top 30 genes corresponding to B cells and their precursors. For these
reasons, we excluded Clusters 5 and 6 from our further analysis. The signature gene
expression of each cluster is summarized in Table E1. Using these gene signatures for
each cell subtype cluster, the cell subtype proportion estimate for each sample was

performed using the CIBERSORT function (14) [Fig. E1c].

Quantification of CD4+ T cell DNA methylation using the HELP-tagging assay

Th cell DNA methylation was quantified in 104 samples using the enzyme digestion-
based HELP-tagging assay, as previously described (15). One microgram of Th cell
genomic DNA, digested by Hpall, was purified and ligated at the cohesive end to the first
adaptor including a restriction enzyme site that was then digested by EcoP15I followed
by ligation of the second adaptor that was lllumina sequencer compatible. These adaptors
served as priming sites for ligation-mediated PCR amplification. To generate longer
flanking sequences, a T7 polymerase was added and followed by a reverse transcription
step. The libraries were sequenced using lllumina 2500 sequencer at the Einstein
Epigenomics Core facility and compared with a reference human Mspl library. While Mspl
digestion is methylation insensitive and cuts the DNA at all CCGG sites, Hpall digestion
is methylation sensitive, and cuts DNA only at CCGG sites where the central CG is

unmethylated at the cytosine nucleotide. Comparison of Hpall count to Mspl count for
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each locus thereby allows quantification of DNA methylation. The angle obtained by
plotting Hpall count on the y-axis and Mspl count on the x-axis provides a quantitative
measure of locus-specific methylation. A higher angle formed when Hpall count is high
relative to Mspl is evidence of relative hypomethylation while a smaller angle is evidence
of hypermethylation (16). We quantified percent methylation as the inverse of the
methylation angle value. With regards to annotating the CGs, we marked a CG to be
located in the gene promoter when it was within 1 kb from the transcription start site, as
defined by Ensembl release 83, and in the gene body if it was in the remainder of the
gene. The CG was classified to be in a non-promoter cis-regulatory region (enhancer or
open chromatin region) as defined in the Ensembl regulatory build (17) or Assay for
Transposase Accessible Chromatin followed by high throughput sequencing (ATAC-seq)
conducted on Th cells (18). CGs in enhancers were linked to the gene with the closest
transcriptional start site, no further than 50,000 bp away. When overlaps of annotation
arose, CGs were designated to be only promoter, enhancer, or gene body, in this
respective order. In downstream analyses, CGs within promoters and gene bodies were
linked to their respective genes. We quantified methylation at 1.4x10° of the 2.4x108 CGs
identified by Mspl. Of these 135,947 CGs mapped to a gene promoter, 685,377 CGs
mapped to a gene body, and 55,924 CGs mapped to an enhancer or open chromatin
region. Of the 104 samples, HELP-tagging libraries from 45 obese and 54 normal-weight

asthmatic samples passed QC analysis and were included in the analysis.
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Identification of expression quantitative trait loci (eQTLs) and methylation quantitative trait

loci (meQTLs) in the CD4+ Th study samples

One microgram of genomic DNA isolated from 2x106 PBMCs remaining after Th cell
separation was genotyped on the Infinium® Multi-Ethnic Genotyping Array, an array that
is enriched for genetic variants associated with complex diseases across diverse
ethnicities (19). For all 112 genotyped samples, the signal intensities of the X and Y
chromosome were examined for mislabeled samples [Fig. E3a]. Array probes perfectly
mapping to multiple genomic loci (multi-mapping) and those that do not fully match any
locus (missing) were removed. Additionally, for each plate, probes with no calls (NC) in
greater than 5% of the samples or whose distribution did not follow the Hardy—Weinberg

equilibrium model (p-value < 0.00005) were filtered and removed.

For downstream expression quantitative trait loci (eQTL) and DNA methylation QTL
(meQTL) analyses, variants were converted to the Watson (+) strand using the Genome
build and Allele definition Conversion Tool (GACT) to correspond to the RNA-seq and
HELP-tagging datasets (20). The mbv function of QTLtools v1.1 was implemented to
confirm matching between samples with their RNA-seq and HELP-tagging datasets (21).
We also examined the relatedness among samples by observing the shared alleles using
PLINK v1.90b identity-by-descent [Fig. E3b], and only one half-sibling or closely-related
individual out of the pair was retained (22). The genetic diversity and accuracy of self-
reported ethnicity was assessed using EIGENSOFT v6.0.1 to perform principle
component analysis on samples used for eQTL and meQTL discovery [Fig. E3c] (23,
24). Variants were further pruned for the 91 and 76 individuals in eQTL and meQTL

analyses, respectively. For both sets, only autosomal variants were retained. All

E7



individuals were missing less than 10% of genotype calls, and variants could only have
missing calls for less than 10% of individuals. Finally, variants with a minor allele
frequency of less than 0.1 or did not follow the Hardy-Weinberg equilibrium (p-value <

0.000001) were removed.

Validation analyses

To verify RNA-seq findings, we used PAK3 as a representative biologically relevant gene,
since it was differentially expressed between obese and normal-weight samples and was
not influenced by Th cell subtype proportions. We also verified RPS27L since it was the
one e-gene differentially expressed between obese and normal-weight asthmatics. We
quantified their expression by quantitative PCR (qPCR) using the TagMan gene
expression assay with commercial qPCR primers (Thermo Fisher Inc, Waltham, MA) and
analyzed by the AACT method. RPLPO was used as the reference gene. Validation was
conducted for PAK3 in a separate cohort of 20 obese and 20 normal-weight asthmatic
children, which were compared to 15 obese children and 15 normal-weight children
without asthma, to identify the independent contribution of obesity and asthma alone to

differential gene expression.

To determine the biological relevance of the differentially expressed and methylated
biological pathways in the non-atopic obese asthma phenotype, we conducted functional
studies by silencing CDC42, the RhoGTPase most closely linked with PAK3 function (25).
Using Amaxa nucleofector, we nucleofected CDC42 and control siRNA (Thermo Fisher
Inc, Waltham, MA) in primary human Th cells. Using gPCR, we quantified gene

expression of IFNy and TNF as pertinent Th1 cytokines, and IL-4, as the pertinent Th2

E8



cytokine, before and after CDC42 silencing. TRAF3 and HHEX expression were
quantified as measures of off-target effects of nucleofection. The experiment was done in

triplicate.

Statistical Analysis

In this multi-omics analysis conducted on R version 3.2.2 [Fig. 1], we quantified
differences between the obese and normal-weight asthmatic Th cell transcriptome and
Th cell methylome, including the influence of Th cell subtype proportions on these
differences. We then investigated the overlap between the obese asthmatic Th cell
transcriptome and methylome. To quantify the contribution of genetic variants, we
identified the overlap between eQTLs and meQTLs (and their target e-genes and me-

genes respectively) with the obese asthmatic Th cell transcriptome and methylome.

Clinical characteristics were compared between obese and normal-weight asthmatics
using the Student’'s T test for continuous variables and x? or Fisher-exact test for
categorical variables on STATA version 14. Using R version 3.2.2., we conducted
principal component analysis (PCA) to investigate the contribution of biological (age, sex,
ethnicity, insulin, and lipid levels) and technical covariates (preparation batch, sequencing
batch, percent duplicate reads, total reads and protein coding reads) in the variance of
normalized gene expression counts. All except percent duplicate reads, total reads and
protein-coding reads were assessed for their contribution to variance of percent DNA
methylation. Technical factors, including total number of reads, protein coding reads,
percent duplicate reads, and sequencing batch, in addition to insulin, were found to

significantly contribute to gene expression variance. The library preparation batch and
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sequencing batch, in addition to insulin and LDL, were associated with variance in DNA
methylation. We also conducted PCA to quantify the contribution of the Th cell subtypes
to variance of gene expression and DNA methylation. In light of the contribution of these
biological and technical variables to both gene expression and DNA methylation, we
conducted linear regression analysis first without and then with the Th cell subtype
proportions to identify their contribution to gene expression and DNA methylation
adjusting for the other biologic and technical factors. Age, sex and self-reported ethnicity
were included in the model for their demographic relevance. Genes identified by
multivariable analysis to be differentially expressed among obese asthmatics with a
between-group p-value <0.05 and a false discovery rate (FDR) g-value of <0.05 were
retained for further analysis. The CG sites with a between-group methylation difference
of 10%, a p-value <0.05, and a g-value of <0.05 were retained as differentially methylated
CGs for further analysis. The NetworkAnalyst software (26), with Search Tool for the
Retrieval of Interacting Genes/Proteins (STRING) database v.10(27) were used to identify
relationships and Gene Ontology (GO) pathways enriched in the differentially expressed

and differentially methylated genes.

For eQTL discovery, the Reads Per Kilobase Million (rpkm) values were quantified using
the QTLtools quan command, and the influence of biological and technical covariates on
gene expression principle components (PCs) was investigated [Fig. E4a] (28). Based on
these covariate contributions to the dataset, we included the first ten PCs of gene
expression and the first two PCs of genotype in the cis-eQTL linear model. Variants within
1 Mb of a gene’s transcription start site were tested for their association to the gene’s

expression level. Adjusted p-values were calculated by running 10,000 permutations
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using QTLtools cis, and the final eQTL set was defined by a conditional pass (28). The
discovered eQTLs were then tested for enrichment within genomic regions annotated by
an integrative and discriminative epigenome annotation system (IDEAS) for primary T

helper naive cells from peripheral blood (29).

A similar strategy was employed to detect meQTLs. Again, DNA methylation PCs were
explored for significant covariate influence [Fig. E4b]. The first two genotype PCs and
the following DNA methylation PCs were incorporated in the meQTL model: 1-4, 6-10,
and 12. Using QTLtools permutation and conditional passes, cis-meQTLs were found by
10,000 permutations and testing variants within 1 Mb of a CpG. Both eQTLs and meQTLs

are plotted on Manhattan plots.

To investigate the clinical relevance of differential gene expression, a permutation
analysis including 1,000 permutations was conducted to determine the mean number of
genes, with a non-zero expression value, that were randomly associated with FEV/FVC
and/or ERV, the two pulmonary function variables most consistently associated with
obesity-related asthma [Fig. E2a-c]. The mean and maximum number of genes randomly
associated with FEV4/FVC and/or ERV were compared with the number of differentially
expressed genes associated with these pulmonary function indices, with the latter being
marked by the red line in Figure E2a-c. Pearson correlation analysis using log-
transformed normalized gene count value was then used to quantify the strength of
association of a representative set of differentially expressed genes with FEV,/FVC and

ERV among obese and normal-weight children with asthma [Fig. 6 a-i].
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The gene expression, DNA methylation and genotyping data, and patient characteristics

are available at dbGAP study ID 33254.
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Legends

Figure E1. Quantification of Th cell subtype proportions using the CD4+ T cell
transcriptome. a) The t-SNE plot summarizes the separation of naive, memory and
regulatory Th cells based on publicly available 10x Genomics single-cell RNA-Seq
reference datasets. b) Seven Th clusters were identified within the reference naive,
memory and regulatory Th cells, of which 6 were quantified in our samples. c)
Comparison of the proportion of cells in Th cell clusters between obese and normal-
weight asthmatics revealed fewer naive (cluster 0) and more memory (cluster 1) cells in

obese asthmatic samples.

Figure E2. Permutation analysis to quantify enrichment of the association of differential
gene expression with pulmonary function. A 1000 iteration permutation analysis was
conducted to quantify the maximum number of genes whose expression may be randomly
associated with pulmonary function indices. As summarized in the bar graphs, where the
bars represent the number of times that number of genes were randomly associated with
FEV4/FVC ratio, ERV or both, the maximum number of genes randomly associated a)
with FEV4/FVC was 36, b) with ERV was 19, ¢) and with both FEV,/FVC and ERV was
9. Compared to these, as indicated by the red line, of the 157 differentially expressed
genes in obese asthmatics a) 55 were associated with FEV/FVC b) 39 were associated
with ERV, and c) 24 were associated with both FEV+/FVC and ERV. The mean number
of genes randomly associated with FEV4/FVC, ERV or both FEV,/FVC and ERV was
significantly lower (p<0.001) as compared to those associated from within the 157
differentially expressed genes suggesting that the differentially expressed genes are

enriched in their association with FEV1/FVC, ERV or both FEV,/FVC and ERV.
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Figure E3. Genetic array quality control. a) To screen for mislabeled samples, the mean
log R ratio (LRR) for the probes on the X and Y chromosomes for each array plate were
plotted and colored by the recorded sex on file. One mislabeled sample was identified
and removed from downstream analysis. b) To avoid genetic similarity confounding our
analyses, the probability of 0 (Z0) or 1 (Z1) alleles being identical by descent between a
sample pair is plotted to identify closely-related children, potentially not recorded in
sample metadata. ¢) The Bronx-based population is primarily of African or Hispanic
descent, clustering within the AFR and AMR superpopulation 1000 Genome Project
(1000G) distributions when plotting the first two principle components (PC1,PC2) of the
genotype data. Additionally, the participant’s self-reported ancestry (Study: African
American or Hispanic) mostly matches with their ancestry, as determined via principle
component analysis. (AFR=African, AMR=Ad Mixed American, EAS=East Asian, EUR=

European, SAS=South Asian)

Figure E4. Contribution of covariates within expression and methylation QTL datasets.
The extent to which technical and biological covariates influence the expression (eQTL)
and methylation (mQTL) datasets is captured in this principle component heatmap. The
first 20 principle components are separately modeled against each covariate, and
significance is denoted by increasingly darker shades of blue (-log of p-value). The
percentage of variance that each principle component comprises of the entire dataset is
also noted. The identification of principle components, accounting for larger proportion of
the overall variance as well as significantly influenced by covariates, informed which

components to include in the QTL models.
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E2a. Enrichment for association with FEV./ FVC
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E3a. Assessement of correct sample coding
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