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Differential expression analyses are ubiquitous in the realm of

statistical genomics, used to estimate functional differences be-

tween genomes of groups of subjects. However, differences in

tissue composition between groups may contribute to changes in

gene expression, potentially obscuring the detection of function-

ally significant genes of interest. Deconvolution techniques allow

researchers to estimate the abundance of each cell type assumed

to be in a tissue. While deconvolution is a useful tool to esti-

mate composition, several crucial considerations must be made

when setting up and employing such a workflow in an analysis.

We perform a deconvolution on GTEx coronary artery data us-

ing CIBERSORT and discuss the challenges and limitations in

order to highlight future areas of improvement in the deconvo-

lution framework.
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Introduction

Whole tissue sequencing measures the gene expression of a

diverse array of cell types which may exist in a variety of

states. Tissue composition is an influential factor in the result

of bulk RNA-seq experiments on whole tissues. Often in such

studies we are interested in studying functional differences

between experimental groups. However, if we do not account

for tissue composition, we may confound these effects due to

differences in form (1–8).

Deconvolution methods have been developed to identify the

compositional abundance of cell types present in complex tis-

sues. The most common methods either rely on cell refer-

ence profiles or cell type specific markers for component cell

types. CIBERSORT (9) is a popular method, which uses cell

reference profiles to estimate cell type proportions in whole

blood expression data. Subsequently, this method has been

extended to tissue samples; however, reference profiles are

not precomputed for tissue data and must be estimated using

user-supplied cell type data. These reference profiles are used

to identify genes that distinguish between cell types and are

used to perform a deconvolution of tissue expression data to

identify the relative abundance of each cell type in the tissue.

In contrast, reference-free methods, such as TOAST (10, 11),

rely on sets of marker genes for each cell type to identify the

composition of complex tissues.

Single cell RNA-seq technology provides an alternative

method to identify functional differences between specific

cell types. Methods based on single cell RNA-seq, such as

MuSiC (12), seek to identify the cell type specific expres-

sion profile of cell types in this way. While these methods

are effective, single cell data does not necessarily describe

the gene expression of cells as they exist in a human subject.

The method of isolating single cells can potentially influence

gene expression. For example, culture effects are a potential

hazard of growing cells in vitro, while harvesting cells from

tissue may damage them, altering expression.

The Genotype Tissue Expression (GTEx) study was de-

signed to identify expression quantitative trait loci (eQTLs)

in 54 normal human tissues using paired DNA and RNA-

sequencing data from rapid autopsies of >900 individuals

(13). Additional information collected as part of the GTEx

study includes digitized images of adjacent tissue, along with

rich phenotypic and technical variables. GTEx has been enor-

mously successful in meeting its objectives while providing

a rich resource for ancillary studies (14–21).

Among the tissues collected by GTEx, coronary artery tis-

sue is an obvious target for the application of deconvolution

methods. In healthy subjects, these tissues consist of a va-

riety of cell types that vary in their abundance between tis-

sue samples. Additionally, cardiovascular disease often man-

ifests in the coronary artery in the form of an atheroscle-

rotic plaque. Atherosclerosis disease progression is charac-

terized by the formation and potential growth of an eccentric

plaque composed of variable amounts of inflammatory cells,

lipids, cholesterol crystals, calcification, extracellular matrix

material, and mesenchymal cells (22). These compositional

changes may obscure functional changes within component

cell types that are also associated with disease progression.

While deconvolution methods are useful to gain insight into

the composition of whole tissue sequencing data, there are

several crucial considerations that must be made during their

use and further application in downstream analyses. In this

paper we highlight some of the challenges that investigators

should consider when applying deconvolution methods to

whole tissue sequencing data and using the composition esti-

mates in downstream analyses. We use the analysis of coro-

nary artery RNA-seq data to demonstrate these challenges

and suggest potential paths forward.

Methods

Obtaining GTEx data. The Genotype Tissue Expression

(GTEx) study provides histological images and RNA-seq

data for hundreds of coronary artery tissue samples. These

samples include a diverse population of atherosclerotic tis-

sues. To access the histological images for these samples,
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we used the histology viewer webtool on the GTEx Portal.

We then obtained the corresponding RNA sequencing data

using the recount3 Bioconductor package (23, 24). Coro-

nary artery samples were obtained by first downloading the

“BLOOD_VESSEL” labeled data as a SummarizedExperi-

ment object and then selecting samples labeled as “Artery –

Coronary” in the gtex.smtsd field of the column data.

Obtaining SRA data. Deconvolution with CIBERSORT re-

quires a set of reference expression profiles for each of

the cell types assumed to be in the tissue. We also use

the recount3 package to access reference samples from the

Sequence Read Archive (SRA) for relevant cell types that

were initially identified using the MetaSRA (25) tool by

searching for cell types found in coronary arteries: smooth

muscle, endothelial, macrophage, lymphocyte, erythrocyte,

plasma, serum, foam cells, adipocytes and cardiac muscle

cells. The SRP numbers associated with the search results

from MetaSRA for each cell type were used to access these

samples through recount3.

Processing GTEx data. The GTEx coronary artery data

provided by recount3 contains 253 RNA sequencing sam-

ples of 63,856 transcripts. These data were filtered to ensure

that all samples were obtained from unique subjects. Five

of these samples were from duplicated subjects and were re-

moved. We filtered the number of features by removing all

transcripts from which we observed counts less than 1,000

in all samples. After this filtering step, 12,642 transcripts re-

mained. The counts were transformed according to the scal-

ing procedure employed by the transform_counts function of

the recount3 package.

Processing SRA data. The initial set of cell type refer-

ence data was filtered to remove samples with <1 million

total reads and those mischaracterized by cell type. An ex-

ploratory analysis suggested that many samples did not match

the cell type described by the search results. After consulting

the metadata on SRA itself, we corrected the cell types when

applicable or eliminated samples that did not match any of the

desired cell types. We then batch corrected using the RUVr

function from the RUVSeq package (26) with k = 68.

Quantification of atherosclerosis in GTEx coronary

artery histopathology. Each GTEx coronary artery se-

quencing dataset is paired with a histology image depicting

generally two segments of tissue. The digitized images were

scored for atherosclerotic plaque type using the scheme of

Virmani et al. (22) by a cardiovascular pathologist. Fig. 1

provides examples of the many of the different plaque scores

across the tissues. In addition to the plaque score, each sam-

ple was scored for the degree of inflammatory cells: 0 - No

inflammation; 1 - Any inflammatory cells; 2 - Heavy Inflam-

mation, adipose tissue: 0 - No Fat (< 10% of the wall); 1 -

Slight Fat (10 − 25% of the vessel wall); 2 - Moderate Fat

(25−100% of the vessel wall); 3 - Extensive Fat (> 100% of

the vessel size), and myocardium tissue: present or absent in

the histology. If the plaque scores of the different pieces of

Fig. 1. Atherosclerotic plaque types among the GTEx coronary artery samples. Ar-
rows point to the histopathology or unexpected finding. A) normal coronary/intimal
thickening; B) intimal xanthoma C) pathological intimal thickening D) fibrous cap
atheroma E) calcified nodule F) thin fibrous cap atheroma G) high power view of
the thin fibrous cap H) fibrocalcific plaque I) plaque rupture (with hemorrhage into
atheroma) J) adjacent myocardium. All images from the GTEx tissue collection.

tissue in an image disagreed, the maximum of the two scores

was assigned to the sample.

Identifying high confidence samples with both

histopathology and RNA-seq. The presence of two pieces

of tissue per histology image, often with different plaque pat-

terns, precluded certainty as to which piece best represented

the gene expression data. To resolve this, we selected sam-

ples according to a combination of plaque score and a con-

structed macrophage score. Macrophage expression levels

were determined by summing the expression counts in each

sample across the macrophage marker genes listed in Table 1.

These sums were then centered by their mean and scaled by

their standard deviation to form a pseudo z-score.

Let yij denote the count of marker gene i from subject j. For

each cell type k ∈ {1,2, . . . ,K}, let Xjk =
∑nk

i=1
yij where

nk denotes the number of marker genes for cell type k. Let

µ̂k and σ̂k denote the mean and standard deviation of Xjk

for each k, respectively. We then define the cell type score of

cell type k by

sjk =
Xjk − µ̂k

σ̂k

(1)

The control group is defined as the samples with a plaque

score of zero and a macrophage score below the median

value, while the atherosclerosis group is defined as the sam-

ples with a non-zero plaque score and a macrophage score

above the median value.

Estimating composition of GTEx coronary artery. Com-

position estimates for each of the cell types assumed to be in

the coronary artery samples were estimated using CIBER-

SORT. GTEx coronary artery samples and our curated refer-

ence cell type data were uploaded to the CIBERSORT web

tool. CIBERSORT was run with a kappa of 999, q value of

0.3, a minimum of 50 and maximum of 150 barcode genes

per cell type, and without the quantile normalization step.

Power analysis for RNA-seq data. Power analyses were

performed with the PROPER method (27). This method as-

sesses the marginal power of a study to detect differentially

expressed genes according to several prespecified datasets

with a diverse range of inherent biological variability. Of

these prespecified datasets, we used the one with the great-

est amount of biological variability between samples. These
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analyses were performed with 20 simulations for each set of

conditions, where the data is simulated to have 1, 5, or 10%

of genes be differentially expressed.

Composition adjusted differential expression analy-

sis. To perform a composition-corrected differential expres-

sion analysis on the GTEx coronary artery data, we utilized

the DESeq2 package (28). To account for the composition

of the tissues, we considered two models: (1) a model that

used CIBERSORT estimates of composition or (2) a model

that used pseudo z-scores defined by Eq. S.

To place the CIBERSORT estimates on a similar scale to

those obtained through the gene expression itself, we cen-

tered the estimates by their mean and scaled them accord-

ing to their standard deviation as we did with the expression-

based estimates. These estimates were then included as co-

variates in the DESeq2 model, except for the macrophage and

lymphocyte estimates due to their strong correlation with the

plaque scores used to define the groups of interest. Addition-

ally, CIBERSORT estimates for erythrocyte composition of

the artery samples were not useable in this framework as they

were essentially all estimated to be zero. Thus, we included

the expression-based estimates for erythrocyte composition

in both DESeq2 models. Additional covariates in the mod-

els were the subjects’ sex, age, and the year during which a

sample was sequenced. Age is an important factor in these

samples as older subjects have had more time for atheroscle-

rotic plaques to develop in the artery, while sequencing year

was included to account for technical variation introduced by

sequencing these samples from 2012 to 2017.

Results

Processing GTEx data. In our initial exploratory analyses,

we sought to identify any subpopulations of interest in the

GTEx data. We performed a principal components analysis

to first check for any dominating factors that would influence

the downstream analyses. Supplementary Fig. 1 shows the

first two components of this PCA after selecting the top 100

most variable genes in terms of absolute fold change between

groups of high and low plaque samples in the GTEx data.

The second component separates the sex of the subjects in

the GTEx data. The primary genes associated with this split

were Y chromosome genes and XIST. This motivated the

need to include the subjects’ sex as a covariate in the down-

stream differential expression models. After sex correction,

we found a small group of samples that clustered together in

a t-distributed Stochastic Neighbor Embedding (t-SNE) (29–

31) dimension reduction plot shown in Supplementary Fig. 2.

Histologic review of these samples indicated these were car-

diac vein samples based on the presence of at least one of

the two tissues being venous. As we were only interested in

coronary artery tissue, these 12 samples were removed, leav-

ing 235 for downstream analyses.

Processing SRA reference data. The MetaSRA search

identified 5,188 samples. An exploratory analysis of clus-

tering in a multidimensional scale reduction plot showed that

Fig. 2. Finalized reference data set clusters by cell type following t-SNE. The cell
types shown are smooth muscle cells (SMC), endothelial cells (END), erythrocytes
(RBC), lymphocytes (LYM), macrophages (MAC), adipocytes (ADI), and cardiomy-
ocytes (CMC). Dimension reduction was performed using the Rtsne package with
perplexity of 40.

many samples did not cluster with their designated cell types.

A manual check of the metadata for each sample found a

substantial number of discrepancies between the cell types

reported by MetaSRA and the cell types recorded in SRA.

Hand curation validated with batch correction using RUVSeq

resulted in a final reference set of 790 samples (Fig. 2). These

samples represent 7 main cell types: smooth muscle cells

(SMC), endothelial cells (END), erythrocytes (RBC), lym-

phocytes (LYM), macrophages (MAC), adipocytes (ADI),

and cardiomyocytes (CMC). These data were used as refer-

ence data to deconvolute the coronary artery samples using

CIBERSORT. We similarly filtered the transcripts found in

the reference data by removing all transcripts with counts less

than 1,000 in all samples. The filtered reference data contains

19,329 transcripts that passed this condition.

Identifying high confidence samples with both

histopathology and RNA-seq. For each GTEx coronary

artery sample that underwent RNA sequencing, there are

often histological images of two segments of coronary

artery. The plaque scores for these two segments often

differed, complicating their use in a differential expression

analysis to detect gene expression changes associated with

plaque score. The presence of macrophages is highly cor-

related with atherosclerotic plaques, thus samples with ad-

vanced atherosclerosis should have elevated expression of

macrophage genes. Therefore, we selected the 138 samples

with agreement between atherosclerosis score and expres-

sion of macrophage gene markers. Of these 138 high con-

fidence samples, 53 were deemed free of atherosclerosis (0

plaque score and below median macrophage expression), and

85 were identified as atherosclerotic (non-zero plaque score
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Fig. 3. Difference in composition between tissues drives variance in expression.
Expression of marker genes in GTEx coronary artery for macrophage (MAC), lym-
phocyte (LYM), smooth muscle cell (SMC), endothelial cell (END), adipocyte (ADI),
cardiomyocyte (CMC), and red blood cells (RBC). Macrophage scores correspond
to the quantiles of the macrophage expression score described by equation 1. (0 –
[0, 2.5]; 1 – (2.5, 25]; 2 – (25, 50]; 3 – (50, 75]; 4 – (75, 97.5]; 5 – (97.5, 100])

CELL TYPE GENE

SMC ACTA2, TAGLN, TPM1, MYH11, NOTCH3, MYL9, MYLK, TPM2

END PECAM1, VWF, CD34, TIE1

RBC HBA1, HBA2, HBB

ADI ADIPOQ, ADIPOQ-AS1, LEP

CMC MYH6, MYH7, MYL3, MYL4, MYL7, MYLK3, MYBPC3,

ACTN2, TTN, TNNT2, XIRP1

LYM CD2, CD3D, CD4, CD8A, CD19, CD22, CD69, CD79A,

CD79B, BANK1, BCL11A, JCHAIN, CCL5, GZMK, FGFBP2, PRF1,

ADGRG1, SPOCK2, IL32, IL7R, TRBC1, TRBC2, TRAC

MAC C1QA, C1QB, C1QC, MSR1, APOC1, APOE

Table 1. Marker genes used to define smooth muscle cells (SMC), endothelial cells
(END), erythrocytes (RBC), adipocytes (ADI), cardiomyocytes (CMC), lymphocytes
(LYM), and macrophage (MAC) cell types. These genes were obtained through a
combination of the literature on single-cell studies of atherosclerosis (32) and con-
firmed for specificity using the Tabula Sapiens reference in the cellxgene webtool
(33).

and above median macrophage expression).

We then explored cell composition expression patterns across

the GTEx samples (Fig. 3) using known cell type specific

genes (Table 1). Cardiac muscle cells and red blood cells

identify individual samples noted by generally consistent ex-

pression across samples with few outliers expressing abnor-

mally high cardiac muscle genes. Likewise, there are numer-

ous samples with elevated expression of adipose tissue. Note

that the distribution of cardiac muscle cells, red blood cells,

and adipocytes are unrelated to plaque or macrophage score.

Conversely, genes from lymphocytes and macrophages have

little relative expression in plaque type 0, while the samples

with the highest expression are typically found in more severe

plaque types. For lymphocytes, marker genes of T-cells are

relatively higher than those of B-cells, which have more of

a binary off/on pattern like cardiac muscle and erythrocytes.

There appears to be less similarity between the samples par-

Fig. 4. Deconvolution of GTEx data with CIBERSORT. Composition estimates of
macrophage (MAC), lymphocyte (LYM), smooth muscle cell (SMC), endothelial cell
(END), adipocyte (ADI), cardiomyocyte (CMC), and red blood cells (RBC) in GTEx
coronary artery. Each strip on the x-axis is one sample from GTEx, and each strip
describes the percentages of each cell type in the sample.

titioned according to histologic plaque type than expected,

consistent with the observed discrepancy between gene ex-

pression data and adjacent histology.

Estimating composition of GTEx coronary artery. We

used CIBERSORT to estimate the composition of each coro-

nary artery tissue (Fig. 4). As expected, smooth mus-

cle cells were the predominant cell type in most samples,

with endothelial cells as second most abundant cell type.

Macrophage estimates were greater than lymphocyte esti-

mates, consistent with their known higher abundance in

atherosclerotic plaques. Adipocyte cell signals were widely

variable across samples, indicating variation in the amount

of adventitial tissue. Notably, this signal did not correspond

well to histology-based estimates of the proportion of adi-

pose Supplementary (Fig. 3). Despite general consistencies

with expected results, we highlight some concerns with these

estimates.

First, as noted in Fig. 3, cardiac muscle is rarely seen, yet

from CIBERSORT, muscle cells appeared as generally ex-

pressed in all samples. The histological assessment does not

support the presence of cardiac muscle tissue with such high

frequency. We believe this occurs because of similarities that

smooth muscle and cardiac muscle cells have as muscle tis-

sue, leading to some correlation of genes for these cell types

in the CIBERSORT signature matrix. The range of these esti-

mates seems appropriate; however, more mass in their distri-

bution should be shifted towards 0. Adipose tissue estimates

appear robust at the lower boundary of estimates but appear

overexpressed at the upper boundary region. While adipose

tissue can occupy a large amount of area in these samples,

adipocytes have a relatively small amount of RNA per unit
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Fig. 5. Comparison of CIBERSORT composition estimates with gene expression
derived composition estimates.

area due to their structure. Erythrocytes are almost always

given a proportion estimate of 0. However, Fig. 3 clearly

demonstrates numerous samples with substantial expression

of RBC-specific hemoglobin genes: HBA1, HBA2 and HBB.

Finally, lymphocytes are underrepresented in these estimates.

From Fig. 3, it is clear this cell type is expressed by many

samples and generally in strong correlation with macrophage

expression.

Fig. 5 demonstrates the relationship between the composi-

tion estimates obtained from CIBERSORT and the composi-

tion estimates derived from the expression of marker genes

for the cell types found in the coronary artery tissue. Due

to a large proportion of zeros, the RBC estimates were omit-

ted from this Figure and instead are shown in Supplementary

Fig. 5. The CIBERSORT estimates of lymphocyte composi-

tion fail to capture the variation described by the expression

scores in the sample. In contrast, cardiac muscle estimates

exhibit too much variance that is not present in the expres-

sion data. Smooth muscle cell estimates with largely average

expression have a considerable amount of variability within

the CIBERSORT estimates. Finally, there is a negative cor-

relation between the endothelial cell estimates from CIBER-

SORT and the endothelial cell expression scores.

A deconvolution of tissue gene expression via CIBERSORT

requires an initial list of cell types assumed to be in the tis-

sue; however, there are no well accepted methods for deter-

mining the list of cell types needed to use for deconvolu-

tion. Adjacent histological images can be used to identify

cell types present in tissues; however, this is resource inten-

sive and subject to user bias. To demonstrate the effect of

component cell type selection, we compared CIBERSORT

estimates including or excluding the red blood cell refer-

ence samples. CIBERSORT estimated that all GTEx samples

lacked erythrocyte composition, suggesting that RBCs were

Fig. 6. Correlation between cell type composition estimates. Correlation of compo-
sition estimates from CIBERSORT between macrophage (MAC), lymphocyte (LYM),
smooth muscle cell (SMC), endothelial cell (END), adipocyte (ADI), cardiomyocyte
(CMC), and red blood cells (RBC) in GTEx coronary artery.

an extraneous cell type that did not need to be accounted for

in the mixture. Therefore, the results should largely be the

same whether RBCs were included in the deconvolution or

not. However, the CIBERSORT composition estimates were

dramatically different depending on whether RBCs were in-

cluded in the model (Fig. 7). Most importantly, there was a

substantial reduction in the estimated contribution of smooth

muscle cells to the tissue when red blood cells were not in-

cluded in the deconvolution, with the median estimate falling

from 70.7% to 27.8%. The smooth muscle cell signature is

generally the largest of all the cell types in the initial results,

but it becomes largely outweighed by the endothelial cell es-

timates which see an increase in median estimated composi-

tion from 13.5% to 52.9%. Previously, and like the erythro-

cytes in question, lymphocytes were largely estimated to have

no presence in the tissue composition, with the largest esti-

mated percentage to be 2.6%. In the updated estimates, the

median contribution is still 0%, however the maximum has

jumped from 2.6% to 62.8%. Cardiac muscle cell composi-

tion was similarly affected, seeing a relatively stable median

composition estimate of 4.8% holding throughout, but a max-

imum estimate jumping substantially from 26.7% to 86.2%.

These differences highlight how significantly the composi-

tion estimates from CIBERSORT can change and the need

for a rigorous assessment of the cell types assumed to be

present in tissues that we wish to deconvolute.

Power analysis for RNA-seq data. Power analyses were

completed using the PROPER package to simulate experi-

ments under several conditions. We consider cases when 1,

5, and 10% of 12,642 transcripts are differentially expressed

with a log2 fold change (l2fc) 0.585 or 1. Each condition con-

siders two groups of subjects with 53 and 85 samples in each
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Fig. 7. Shift in CIBERSORT composition estimates when erythrocyte cells are not
included in the deconvolution.

group, as in our GTEx data, and a nominal false discovery

rate (FDR) of 0.1. Of the 6 different combinations of param-

eters, 5 of the simulation results met the desired power of 0.8,

while the one failing to meet this condition had a marginal

power of 0.779. The full results are shown in table 2.

% DE LFC FDR Marginal Power Avg TD Avg FD

1 0.585 0.098 0.812 13.75 1.85
5 0.585 0.095 0.779 86.85 10.80

10 0.585 0.081 0.809 177.25 18.55
1 1 0.098 0.819 11.05 1.85
5 1 0.095 0.800 64.65 10.80

10 1 0.081 0.842 128.35 18.55

Table 2. Power analysis results from PROPER.

Composition adjusted differential expression analy-

sis. We performed a DESeq2 analysis with two separate sets

of composition estimates: (1) those obtained from CIBER-

SORT and (2) those obtained by generating pseudo z-scores

directly from the expression data. We additionally performed

a DESeq2 analysis with no composition correction to account

for a composition agnostic approach. After removing any

transcripts with a base mean below 500, we filtered the re-

sults tables to include transcripts with an adjusted p-value

below 0.1. The CIBERSORT adjusted model was most con-

servative, finding 2,180 significant transcripts, while the ex-

pression adjusted model found 3,575. The model which did

not adjust for composition found 4,528.

Supplementary Fig. 6 displays the distribution of log2 fold

change estimates from the DESeq2 results in each model. Of

the transcripts mentioned above, we selected the top 400 in

absolute fold change that were significant in each model and

then took a selection of 100 transcripts from the cumulative

list. The general effect of including composition estimates

within the DESeq2 model results in a shrinkage towards zero

on the fold changes observed in the results.

We must note that each of the methods used to estimate com-

position are dependent on the GTEx data we are analyzing

with DESeq2. This dependence between the composition co-

variates and data inflates the false discovery rate, making any

inference on these results problematic.

Discussion

In this paper we have performed a complete deconvolution

workflow with CIBERSORT on the GTEx coronary artery

data. We have found that while deconvolution methods are

useful tools for estimating the composition of tissues from se-

quencing data, there are numerous considerations to be made

when undertaking such an analysis that have a profound ef-

fect on the composition estimates and gene expression differ-

ences. In particular, we highlight the difficulties encountered

while working with public data to prepare for, undertake,

and assess a deconvolution workflow using CIBERSORT and

DESeq2.

Preparing the data. We have worked with two sets of data

in this paper, the SRA reference set of cell type specific ex-

pression counts and the GTEx coronary artery set of whole

tissue expression counts. Both sets of data featured specific

challenges.

When acquiring public data, there are many repositories and

processing techniques that may be employed to process sam-

ples. Metadata collection and reporting is rarely aligned be-

tween different experiments, and identifying samples of in-

terest can be particularly challenging when reviewing these

data to ensure accuracy and completeness of sample informa-

tion. Additionally, batch correction methods have long been

used to account for technical artifacts between experiments;

however, when analyzing publicly available cell type data,

often all the data from a given experiment comes from the

same cell type, potentially confounding batch and cell types.

Adjacent histology for sequencing data can be an effective

tool for assessing the potential composition of tissue sam-

ples, however these images are not without limitations. As

we have seen with the GTEx data, if images contain multiple

examples of tissue available for sequencing, it can be difficult

to determine which piece is closest to the sequenced sample.

In our case particularly, the degree of atherosclerosis in the

sequencing data may be difficult to determine if the plaque

types between two samples are substantially different. Other

histological factors may aide in determining which piece is

the likely candidate.

Further, by histology, some samples labeled as coronary ar-

teries were in fact veins. These samples also showed gene

expression patterns that were distinct from the true artery

samples (Supplementary Fig. 2), indicating another cause for

concern when using GTEx data (17).

Performing a deconvolution with CIBERSORT. Perhaps

the most critical step of the deconvolution process is deter-

mining which cell types should be assumed present in the

tissues. As we have shown in this work, small and seemingly
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inconsequential changes to the set of possible cell types can

result in substantial shifts in the distribution of estimates that

we observe, as with the red blood cell example. How distinct

do the different cell types of consideration need to be? Here

we use fairly broad classifications of cell types, grouping all

lymphocytes together. In this case, such cell types are con-

sidered different enough from others like smooth muscle cells

that this should be sufficient. However, if there is interest in

differences between immune cell composition or activity, one

may wish to further separate lymphocytes into B cells and T

cells or even finer subsets. Additionally, similarities between

cardiomyocyte and smooth muscle cell gene expression ap-

pears to have made it difficult for CIBERSORT to assign a

zero value to the estimates for cardiomyocytes, as suggested

by histology and marker gene expression Fig. 3.

Employing composition in analyses. With composition

estimates, we must consider that there are different effects of

correlation to account for. We can broadly group the causes

of these correlations into those of biological origin and tech-

nical origin. Correlations that are biological in nature re-

sult from cases like similar biological function, e.g. immune

cells, muscle cells, etc. A technical source of correlation is

introduced by the sum to one constraint of the composition

estimates. With atherosclerosis in particular, macrophages

are so strongly correlated with the condition of interest and

lymphocytes are so strongly correlated with macrophages

that the inclusion of either of these two cell types in the DE-

Seq2 analysis is suspect.

Finally, inferential procedures that utilize cell type compo-

sition estimates as we have obtained them pose a challenge.

The estimates that we have obtained are based on the GTEx

data itself, and as such they are effectively present on either

side of the regression equation that differential expression

methods are based on, increasing the type I error rate (34).

Conclusion. We have described several challenges in

any deconvolution-based analysis of differential expression

through a case-study of atherosclerotic vessels among GTEx

data. Not all cell specific expression datasets are properly

annotated and the use of these samples requires additional

validation. Histological images in GTEx or other tissue col-

lections do not faithfully indicate the same composition as

the material collected for RNA expression studies. CIBER-

SORT is particularly sensitive to the cell types included in

the matrix, where even having a cell type (RBC) that showed

no expression profoundly affected composition estimates. In

conclusion, we expect this study will raise awareness of some

specific considerations when performing tissue deconvolu-

tion analyses.
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Supplementary Information

Supplementary Note 1: Subject sex driver of expression diversity in GTEx data

After selecting for the top 100 genes in absolute log fold change, we found that the sex of the subjects in the GTEx coronary

artery data was a primary driver of separation along the second principal component of the data.

Supplementary Figure 1. Initial PCA attributes largest differences to subjects’ sex.
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Supplementary Note 2: Vein tissue among coronary artery samples

During exploratory analysis we discovered an outlier cluster of GTEx samples which are likely vein tissue. From a prior review

of the histology, we knew that several pieces of tissue placed within the coronary artery samples were in fact vein tissue.

Supplementary figure 2 displays the results of a tSNE dimension reduction plot from which we identified two subgroups of

interest for further review. One cluster displays abnormally high levels of expression of the ADIPOQ gene relative to the other

subjects in these data. Consistent to our prior observation of poor correlation of heterogenous elements between histology and

gene expression in GTEx, this ADIPOQ level did not correlate with the extent of adipose on the imaged sample (Ref! McCall

AJHG). A review of the matched histology for the other highlighted subgroup of samples demonstrated that most exhibited

features of vein tissue (thin-walled vessels with generalized collapse and no atherosclerosis) in at least one tissue segment in

the image. In further study we sought to identify meaningful markers of vein tissue to identify whether the sequencing data

for these samples comes from the artery or vein tissue in the histology, but no such markers were found. Without being able

to be certain about which piece was selected for sequencing, as with samples that show one artery and one vein segment in the

images, we chose to remove any potential vein samples from the analysis.

Supplementary Figure 2. Dimension reduction on GTEx data suggests subgroups of samples with high adipose tissue composition
and samples which are vein rather than artery.
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Supplementary Note 3: GTEx coronary artery histopathology

Supplementary Figure 3. Distribution of CIBERSORT adipose estimates within histology groups.

Supplementary Figure 4. Distribution of CIBERSORT myocardium estimates within histology groups.
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Supplementary Note 4: CIBERSORT composition estimates neglect red blood cells

A notable omission from the CIBERSORT composition estimates is seen in the red blood cell type. These results do not reflect

the expression of the genes specific to red blood cells, such as HBA1, HBA2, and HBB, in the GTEx data. These genes are

entirely specific to red blood cells, so their expression signifies that they are in fact present in the tissues. Supplementary Fig. 5

shows the overall distribution of the VST expression counts of these genes in the GTEx tissues. We can clearly see that these

genes are not only expressed in each of the tissue samples, but that there is a substantial degree of variance in these counts that

should be reflected in the estimates as well.

Supplementary Figure 5. Distribution of hemoglobin genes in SRA and GTEx data.
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Supplementary Note 5: Distribution of effect sizes among DESeq2 results

Supplementary Figure 6. Distribution of effect sizes among transcripts found to be significant in at least one of the DESeq2 models,
ordered to be increasing in the model that does not account for composition.
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