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Exposure-inducible genes may
contribute to missingness in
RNAseq-based gene expression
analyses

OlgaY. Gorlova®?®, lvan P. Gorlov*>*?, R. Taylor Ripley?, Chao Cheng?, Yafang Li3, Bo Peng?,
Yanhong Liu!, Hee-Jin Jang?, Sung Wook Kang?, Claire Lee?, Priyanka Ranchod?,
Bryan M. Burt*, Hyun-Sung Lee? & Christopher I. Amos'3

Missing gene expression values are a common issue in RNAseq-based analyses of gene expression.
However, an analysis of genetic and environmental factors contributing to data missingness in
RNAseq-based assessment of gene expression has never been conducted. In this study we tried to
identify factors in RNAseq data missingness. We used RNAseq data from 66 lung adenocarcinoma
tumors and corresponding adjacent normal lung tissues. We found a strong negative association
between the gene expression level and missingness, supporting the idea that the borderline expression
level is a key contributor to missingness. In a more detailed analysis, the relationship between gene
expression and missingness was more complex: while the expected negative association between
missingness and the expression level was observed for genes with low missingness, mean expression
spiked at the right end of the distribution which included genes with very high missingness. We
hypothesized that genes with a high missing rate include not only genes with borderline expression
but also genes with high expression in some individuals but no expression in others (true biological
missingness, TBM). The results of the comparative analysis of missingness in smokers and nonsmokers,
an examination of the proportion of known tobacco smoke-sensitive genes by missing rate, and gene
enrichment analysis support the hypothesis. We argue that it would be beneficial first to check data
for the presence of genes with true biological missingness. The presence of highly expressed genes
with missingness is an indication of TBM related to inter-individual variation in gene expression level.
The results of our analysis call for caution in indiscriminatory imputation of missing values. When true
biological missingness is present, it is advisable to identify genes with true biological missingness and
analyze them separately because including such genes in imputation will lead to a bias: expression
values will be assigned to a subset of the genes that are not expressed.
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RNAseq technology revolutionized gene expression analysis allowing investigators to reliably quantify the
transcriptome®2. The basic idea behind using RNAseq for the assessment of gene expression is to count the
number of RNA fragments mapped to a given gene after accounting for the gene size and sequencing depth?.
The common issue with using RNAseq for gene expression analysis is the presence of missing values: in a
typical RNAseq study a considerable number of genes may have missing values*®. Genes with missing values
tend to be genes with low expression at or below a borderline level of detection for a given read depth®. Low
RNA counts sometimes are considered unreliable and are excluded from downstream analyses by setting some
minimal count threshold’. However, excluding genes with a high number of missing values from the analysis
is considered disadvantageous due to loss of information and suboptimal statistical power®’. A number of
statistical approaches were developed to impute missing values in RNAseq studies!'**2,
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Bulk RNAseq is commonly used to quantify gene expression!>. In RNAseq analysis the gene expression level
is assessed by the number of sequencing reads mapped to a given gene after processing of the sequencing data'®.
Data processing includes normalization steps that take into account inter-individual differences in library sizes
(the total number of reads) as well as differences in gene size!>°. It is common to have samples where for a given
gene, the number of mapped reads is zero — missing data'”!8. There is a general agreement that missing data
represent technical or analytical artefacts related to the borderline expression level. When the expression level
of the gene is low, the corresponding RNA is detected in some samples and not in others. It is generally accepted
that it is beneficial to impute missing data since it allows keeping all genes and samples in the analysis'®.

The goal of this study is to put forward the idea that missingness can be a real biological phenomenon related
to the inter-individual variation in gene expression. When samples are drawn from a heterogeneous group of
individuals some of which strongly expressed a given gene while others did not express it at all, it will result
in data missingness in the RNAseq analysis. We propose to call it a true biological missingness (TBM). Genes
with true biological missingness need to be excluded from imputation of missing data because assigning some
expression level to the genes that are NOT expressed will lead to biases in downstream analyses.

The results of this study call for caution in indiscriminate application of imputation in RNAseq analyses. We
seek to convince researchers to embrace a more prudent approach to imputation of missing data and propose
several intermediate steps to identify genes with natural biological missingness. It will be more beneficial to
analyze such genes separately and exclude them from imputation of the missing data.

The goal of our study was to analyze the relationship between missingness and gene expression to identify
sources of missingness in RNAseq analyses by using RNAseq data from tumor and corresponding normal tissue
samples obtained from surgically resected and well-characterized lung adenocarcinoma patients.

Methods
Samples
This study was performed in accordance with Institutional Review Board protocol at Baylor College of
Medicine (H-35782). Informed consent was obtained for the collection of clinical data and biospecimens. A
prospectively maintained, single-institution database was retrospectively queried. Eligible patients were patients
with histologically confirmed lung adenocarcinoma who underwent complete surgical resection from 2017 to
2021. We used samples from tumor and adjacent normal tissues acquired from the patients diagnosed with
stage I-IITA lung adenocarcinoma and surgically treated at Baylor College of Medicine. A total of 66 patients
with qualified paired tumor and adjacent non-neoplastic samples were selected for the study. Table 1 provides a
concise description of patient characteristics.

?Continuous variables, mean (SD); categorical, n (%).

RNA sequencing and data processing

Total RNA was extracted from lung tumors and adjacent normal tissues using the RNeasy Plus Kit (Qiagen,
Cat# 74134) following the manufacturer’s protocol. The quality of each RNA sample was thoroughly assessed to
ensure high purity and integrity. These RNA samples were then used to prepare sequencing libraries, which were
sequenced on the NovaSeq 6000 system (Illumina, San Diego) at the Human Genome Sequencing Core, targeting
a minimum of 80 million reads per sample. The samples underwent Illumina TruSeq Stranded Total RNA
with Ribo-Zero Globin depletion that removed rRNA and globin mRNA. The sequencing data were processed
using the STAR aligner® for alignment and the RSEM quantification tool?! for transcript quantification. For
constructing the index, we used the reference genome and corresponding annotation files (FASTA and GTF
formats) obtained from the GENCODE database (https://www.gencodegenes.org/human/). Gene expression
levels were quantified in transcripts per million (TPM) and fragments per kilobase of transcript per million
mapped reads (FPKM) units. These results were further integrated with gene annotation information, including
gene names, chromosome coordinates, and other relevant genomic features. To ensure accurate and comparable
results across samples, we applied quantile normalization using the scikit-learn library, adjusting the distribution

Characteristic | Statistics®
Age, mean (SD) | 66.7 (9.1)

Sex
Male 32 (48.5%)
Female 34 (51.5%)

Smoking status

Non-smokers 11 (16.7%)

Smokers 49 (74.2%)
Unknown 6(9.1%)
Stage

I 48 (72.6%)
1II 11 (16.7%)
A 7 (10.7%)

Table 1. Basic demographic characteristics of lung adenocarcinoma patients (n=63).
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of expression levels to minimize technical biases?’. Mean expression levels for all relevant categories were
computed, including only non-zero values to avoid skewing the results.

Definition of missingness

We considered expression as missing if no value was reported for the corresponding RNA in a sample, while at
least one sample in our set had a non-zero value reported for this RNA. Missing rate (for an RNA or an RNA
species) was defined as the number of samples with the missing value for the corresponding RNA over the total
number of samples. We also use the term missingness, which is defined as the number of samples with the
missing value for the corresponding RNA. To estimate correlation between missingness in tumor and adjacent
normal tissue for each gene we obtained the numbers of missing values separately for tumor and adjacent normal
tissue and computed Pearson’s correlation coefficient across all gene pairs. This was done separately for the four
most common RNA species (protein coding, IncRNA, processed and unprocessed pseudogenes).

Results

Different RNA species differ by missing rate

A total of 29 different RNA species (types) were detected in the study (Table 2). The four most common RNA
species were protein coding, long noncoding (Inc) RNA, processed pseudogenes, and unprocessed pseudogenes,
together accounting for 92% of all RNAs. We focus on the analysis of missingness in these 4 most common
RNA types. There is a significant variation in mean missingness across the four most common RNA species,
with protein coding RNA having the lowest missing rate, followed by IncRNA, processed and unprocessed
pseudogenes (see Table 2).

Mean number of samples with

missing values®
RNA type The total number of RNAs of the given type | Tumor Adjacent normal
protein coding 19,509 9.01+0.13 8.2+0.12
IncRNA 17,141 31.24+0.18 |29.52+0.18
processed pseudogene 9148 41.2+£0.24 |39.68+0.23
unprocessed pseudogene 1879 49.05+0.44 | 47.11+£0.45
misc RNA 1173 50.12+£0.54 | 49.08+0.53
TEC—to be experimentally confirmed 1011 23.83+0.75 |21.61+0.72
Transcribed unprocessed pseudogene 904 25.05+0.83 | 23.66+0.81
Transcribed processed pseudogene 489 25.89+1.08 |24.51+1.06
Transcribed unitary pseudogene 148 24.15+1.97 | 24.52+1.99
IG V pseudogene 134 61.55+£0.65 | 62.73+0.39
IG V gene 134 28.16+£1.92 | 30.14+2.03
TRV gene 105 36.03+1.71 |39.44+1.70
Unitary pseudogene 85 43.32+2.19 | 40.28+2.27
snRNA 56 63.51£0.55 | 63.21+£0.52
snoRNA 52 51.48+2.96 |52.28+3.06
TR V pseudogene 27 60.33+1.31 | 59.77+1.62
Artifact 25 29+4.71 | 30.64+4.86
IG C pseudogene 9 46.55+7.72 | 53.11£6.99
Pseudogene 6 38.83+10.63 | 41.66+10.78
IG C gene 6 5.66+2.84 7.33+£4.78
TR C gene 6 2.66+1.85 1+0.51
scaRNA-Small Cajal body-specific RNA 3 54.66+10.34 | 56.66+8.83
miRNA 3 59.33+1.33 | 63.33+1.33
Translated unprocessed pseudogene 3 19.33£7.96 | 18.66+9.17
Ribozyme 2 64 64
Translated processed pseudogene 2 325+15.5 29.5+8.5
IG pseudogene 1 65 66
IG ] gene 1 66 65
scRNA—A small conditional RNA 1 1 0
All groups 52,063 25.58+0.11 |24.28+0.11

Table 2. Mean missingness in tumor and adjacent normal tissue across different RNA species. *Mean
missingness was estimated as the number of samples with missing values in a given RNA type, averaged over
all RNAs of a given type.
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There is a strong positive correlation between gene expression in tumor and adjacent normal
tissues

We noted a significant positive association between mean expression of the genes in adjacent normal and tumor
tissues (Fig. 1). Pearson correlation coefficients between mean expressions in normal versus tumor tissues were
computed separately for four most common RNA species: protein coding (N=19,509), IncRNA (N=17,141),
processed pseudogenes (N=9,148), and unprocessed pseudogenes (N=1,879). The correlation measured
by Pearson’s p was high, varying from 0.82 for processed pseudogenes to 0.93 for protein coding RNAs; all
correlation coefficients are extremely significant with p<2.1x 10734,

There is a very strong positive correlation between missingness in tumor and adjacent normal tissue for
protein coding genes: Pearsons p=0.97, N=19,509, p<3.1x10~%. The corresponding correlation coeflicients
for IncRNA, Processed pseudogenes, and unprocessed pseudogenes were 0.98, 0.95 and 0.97, respectively. Based
on these observations, we studied the association between gene expression and missingness jointly for adjacent
normal and tumor tissues.

The distribution of missingness across different RNA species

For the four most common RNA species we estimated fractions of genes in each category of missingness.
Analysis was done jointly for tumor and adjacent normal samples. Figure 2 shows the distributions of coding,
IncRNAs, processed and unprocessed pseudogenes. For IncRNA, processed and unprocessed pseudogenes
the distributions are U-shaped, while for protein coding RNAs it is more L-shaped with a high proportion
of samples without missing data. The stratified analysis with tumor and adjacent normal samples analyzed
separately produced essentially same results (Figure S1 in Supplementary Materials).

Missingness is negatively correlated with the expression level

We categorized four major RNA species by the level of expression using 0.01 increment so the first category
included RNAs with the expression levels 0-0.01, second 0.01-0.02, third 0.02-0.03 and so on. As expected, we
observed a strong negative association between the missingness rate and expression when analyzing all RNA
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Fig. 1. Scatterplots of normalized gene expression in adjacent normal versus gene expression in tumor tissue.
Regression lines are shown in orange. Each dot represents a gene; expression is averaged across all the tumor
samples and all the adjacent normal samples.
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Fig. 2. Relative distribution (percent) of protein coding, IncRNA, processed pseudogenes, and unprocessed
pseudogenes by the number of missing values. Right panel is zoomed on the lower part of the distribution - Y
axis from zero to 5%, to provide details.

types together (Fig. 3, top panel). Similar negative relationships were observed in the analyses stratified by RNA
types: protein coding, IncRNA, and to a lesser extent processed and unprocessed pseudogenes (Fig. 3 panels
2-5). The results of stratified (adjacent normal and tumor samples analyzed separately) analysis (Figure S2 in
Supplementary Materials) are very similar to the results shown on the Fig. 3.

Expression in the genes stratified by number of missing values

We further examined the relationship between missingness and the level of the gene expression by stratifying
genes by the number of missing values. Figure 4 shows the results of the analysis. As expected, we found that
genes with zero missingness tended to have a higher expression level, and as missingness increases, the mean
expression level tends to decrease (left parts of the distribution). Surprisingly, we have observed a clear trend
towards a higher expression at the rightmost part of the distributions (genes with highest levels of missingness).
The trend is present in all four types of RNAs. In a separate analysis of tumor and adjacent normal tissue samples
(Figure S3 in Supplementary Materials) the results were essentially the same as the results shown on Fig. 4.

Modeling of effects of environmental exposures on missingness

We hypothesized that the unexpected spike in expression of the genes with the highest missingness can be
explained by the presence of genes whose expression level depends on environmental exposures in heterogeneous
population that includes exposed and non-exposed individuals. We considered three types of genes: highly
expressed, borderline expressed, and genes that are not expressed or extremely lowly expressed under normal
conditions (Fig. 5, panels a, b, and ¢, respectively). Gene expression values were modeled as random uniformly
distributed numbers. To reflect the effect of environmental exposure, expression values of the inducible genes
(half of the genes were assumed to be inducible) were further multiplied by a scaling coefficient to scale the
average expression level to the detection level (a higher expression level). Likewise, for genes downregulated
by exposure, the expression values were scaled down to the detection level. Under normal conditions (no
environmental exposure), the only source of missingness is the genes with low, borderline level of expression
(panel b). Since there is a natural variation in gene expression levels?, in some samples the expression will be
high enough to be detected (those above the detection threshold shown as orange bars) while the genes with the
expression level below the detection threshold will not be detected and will contribute to the missingness. In the
modeling process we assume that half of the study population undergoes environmental exposure that elevates
the gene expression level (middle panels, samples with the exposure are shown in green square). Induction of
the gene expression moves genes unexpressed under normal conditions to the category “expressed genes with
missing data” (compare panels ¢ and f). The bottom panels depict the situation when exposure suppresses gene
expression. In this situation the expression level of genes highly expressed under normal conditions may become
too low to be detected, so the overall missingness may increase.
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Fig. 3. The mean numbers of missing values in different gene expression categories. Vertical bars show
standard errors of means. Dots without standard error bars are based on a single value.

The exact effect of exposure-sensitive genes on missingness depends on how strongly gene expression changes
in response to the exposure, which in turn depends on individual variation in exposure sensitivity which can
be very high?*-%6. The only source of missingness in exposure-free individuals is the genes with expression
close to the detection threshold, since the exposure-sensitive genes are not expressed at all and therefore do
not contribute to missingness. On the other hand, in individuals with exposure, both genes with borderline
expression and exposure-sensitive genes contribute to missingness, and therefore, one can expect a higher
missingness in samples with exposure compared to individuals/samples without exposure. Also compared to
genes with the borderline expression level, environment exposure-sensitive genes are likely to have a relatively
high expression level (panels f and g) which can explain the observed spike in the gene expression level among
genes with missingness.
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Fig. 4. The normalized mean expression level for different RNA species in different categories of missingness
from 0 to 131. Vertical bars show standard errors of means.

Tobacco smoke exposure and missingness

Smoking is an obvious candidate for environmental exposure for lung tissue. It is well known that tobacco smoke
exposure leads to global changes in methylation and modulates gene expression in lung epithelium?”2%. The
analyzed study population includes smokers and nonsmokers (Table 1). Tobacco smoke-inducible genes will be
expressed only in smokers and expression level may be high?. There were 45 smokers and 14 never smokers. For
7 individuals smoking status was not available and they were excluded from the analysis.

To test the hypothesis of smoking-related missingness we compared missingness and gene expression in
smokers and nonsmokers. For each gene we estimated the percentage of missing values and for each sample
estimated mean percentage across all genes. This was done separately for smokers and nonsmokers and sample
type: adjacent normal versus tumor tissue. The results of the analysis are shown in the Table 3.

The percentage of missing values is higher in smokers compared to nonsmokers in all RNA species together
as well as in RNA type stratified analyses. The simplest explanation of the observation is that smoking increases
inter-individual variation in terms of gene expression. Some genes can be up- and other, downregulated in
response to tobacco smoke?*. There is also inter-individual variation in tobacco smoke sensitivity as well as
the intensity and duration of the exposure itself. Inter-individual heterogeneity in tobacco smoke exposure
contributes to the missingness>!32,

Additionally, we computed log ratios of mean expression in smokers versus nonsmokers and compared log
ratios for two approximately equally sized gene categories: genes without missing values and genes with at least

Scientific Reports |

(2025) 15:30889 | https://doi.org/10.1038/541598-025-14395-0 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

a) Highly expressed gene b)
No missing values
3 3
[} . . . ®
3 . e . 3
s ‘., . . . -.. =
=} . <}
@ . . 73
2 . ?
GEJ 20% o0 L I T O e ,.'. g
§ et e e 8
5 i . .o, o et )t o as
c c
3 Q
(O] [C]
1 1
)
Samples
d) Highly expressed gene e)
No missing values
.
.
T a4 o . ]
2 . . .': DRI H
L4 . .
£ s &% e . c
(=} . . (=}
3 P 2 -~ * e, . 2
. .
£, + . DS :
s ., * - . >
o we ' . 0 **
g 2 - o ° e N e 5
o . s . (G
. * .
. .
-
05
)
)
Samples
) Supression of a highly expressed gene drives h)
g the expression below the detection threshhold
35 in some sumples
° « * °
3 ot . 5
- = s
§ 25e . . §
2 e oo o%n N 2
o L) . . 2 2
5 w .o " o o e 5
) 2 Wi & oee® . 3
. L4 - L4 ° . * . .
2. . - D 2
; . . ¢
. & . -
0 1 . . . . 0.
. .
> . = . o
"R AlARSILIRSTB8IRREIBERS
Samples

Borderline expressed gene
There are missing values

Borderline expressed gene
There are missing values

Samples

Borderline expressed gene
There are missing values

()
~—

Gene expression level

Gene expression level

Gene expression level

Non-expressed gene
351 Gene expression is not detected and
as a result it will not be
;| listed on the RNAseq report

0 RN R DN 23 8 SO AN S 2

Samples
The gene becomes expressed in response to an

enviromental exposure (right part of the distribution)
contributing to missingness

Samples

Non-expressed gene

Further suppression of the gene enhances the
situation with no detection of expression so

3 the gene will not be listed on the RNAseq report

Fig. 5. Modeling of the effect of exposure-sensitive genes on missingness. Each dot represents a sample, the
orange horizontal bar shows the detection threshold, and the vertical green bar indicates samples/individuals
with environmental exposure. The top 3 panels depict the situation with no environmental exposure, the
middle panels show the situation when exposure increases the level of expression, and the bottom panels
illustrate the situation when exposure suppresses gene expression. Normal conditions: the only source of
missingness is borderline expressed genes (b). Environmental exposure that increases gene expression is
present in half of the study population (green square). There are two sources of missingness: borderline
expressed genes (e) and the genes that are not expressed under the normal conditions but are expressed in
response to an environmental exposure (f). Environmental exposure that decreases gene expression is present
in half of the study population (green square). There are two sources of missingness: borderline expressed
genes (h) and the genes that are highly expressed under the normal conditions but are suppressed in response
to an environmental exposure (g).

Adjacent normal Tumor
RNA type N kers | Smokers Comparison N kers | Smokers Comparison
All 37.04+-0.17 | 38.53+-0.17 | t=2.49, P=0.01 |35.93+-0.17 | 36.53+-0.17 | t=6.19, P=6.2x10-10
Protein coding 12.08+-0.18 | 13.21+-0.18 | t=2.51,P=0.01 | 12.78+-0.18 |13.32+-0.18 | t=2.37, P=0.02
IncRNA 43.69+-0.29 | 44.84+-0.28 | t=2.82,P=0.005 | 45.44+-0.29 | 47.41+-0.28 | t=4.87, P=1.12x10-6
Processed pseudogene 59.11+-0.39 | 60.15+-0.36 | t=1.98, P=0.04 | 60.38+-0.39 | 63.62+-0.29 | t=2.34, P=1.12x10-5
Unprocessed pseudogene | 71.04+-0.75 | 72.11+-0.68 | t=1.706 P=0.29 | 72.41+-0.67 | 74.05+-0.67 | t=2.00, P=0.04

Table 3. The percentage of missing values in smokers and nonsmokers.
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Fig. 7. Distribution of the genes with and without missing data by gene expression level. Blue dotted line
indicates the median expression in genes without missing data. Rugs with individual data points as vertical
lines are shown at the bottom: dark lines represent genes without missing data and red lines are the genes with
at least one missing value.

one missing value. Mean log ratios were significantly higher in genes with missing data compared to the genes
without missing data: -0.061 +0.01 versus 0.039 £0.03, t-test=43.9, df=19,659, p=1.5% 10742, Figure 6 further
illustrates comparative analysis of log ratios in smokers versus nonsmokers.

Analysis of genes with and without missingness in the context of the gene expression level

We stratified all protein coding genes into those without missing data (N=13,198) and with at least one missing
value (N=6,311) and computed mean expression values for each gene ignoring missing values. Figure 7 shows
the Gaussian kernel smoothed distribution for the genes from the two categories by mean expression values. One
can see that the distribution for the genes with missing data is shifted to the left — lower expression, while the
distribution for the genes without missing data is more spread to the right. The median gene expression value for
the genes without missing values was 1.024. Even though mean expression values for genes with missing values
clustered around the median (0.07), there are genes with high mean expression in this group. We wanted to look
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Fig. 8. Volcano plot of the gene enrichment analysis. The only biological function significant after adjustment
for multiple testing was “humoral immune response”

at the genes with high mean expression and missingness. As a threshold for high expression we selected median
expression in the genes without missingness. A total of 202 genes, or about 1% of all genes used in the study,
were identified as highly expressed with missingness genes (HEWM). The list of the HEWM genes can be found
in supplementary table S1.

Highly expressed genes with missingness are the top candidates for the true biological missingness because
missingness in those genes cannot be explained by a borderline low level of the gene expression. We wanted
to see if HEWM genes were somehow different from other protein coding genes. For this, we first compared
smokers and nonsmokers by expression levels. This was done for all protein coding genes used in the study. For
each gene we computed.

« LOG(p) as a measure of gene sensitivity to the smoking exposure. We found that the mean.

o LOG(p) for HEWM genes was 0.581 +0.042 while for non-HEWM genes it was 0.39+£0.003: the difference
is statistically significant, p=5.9x 10~ !%. We also checked if HEWM genes are enriched by the genes involved
in some specific biological function. We used WebGestalt®® for the gene enrichment analysis. We run 202
HEWM genes against all protein coding genes used in the study. The results of the gene enrichment anal-
ysis are shown on the Fig. 8. The most significant gene ontology function was humoral immune response
(FDR =0.004)”

Discussion

As expected, we found that genes with a low level of expression tended to have a higher missingness compared
to highly expressed genes (Fig. 3). The unexpected result of this study was that genes with high missingness tend
to have higher expression compared to what one can expect based on the negative association between gene
expression level and missingness (Fig. 4). We hypothesized that the gene expression spike in high-missingness
genes exists because the genes with extreme missingness include not only genes with low expression but also
genes whose expression depends on tobacco smoke exposure. Among the latter are genes that are not expressed
under normal conditions but become expressed in response to tobacco smoke exposure. A comparative analysis
of the missingness in smokers and nonsmokers, the observation that genes with missing data tend to have higher
expression in smokers compared to nonsmokers, enrichment of the genes with missing values by known tobacco
smoke inducible genes, and the results of the gene enrichment analysis provide strong support for the idea
that environmental exposure-inducible genes can contribute to the patterns of missingness in RNAseq-based
assessment of gene expression.

Though the majority of missing data in RNAseq analysis of the gene expression result from technical/analytic
artefacts and insufficient sensitivity to detect transcripts from low-expressed genes, for some genes missingness
can be a real biological phenomenon related to inter-individual variation in gene expression. We have identified
202 genes that are highly expressed but still have missing data. These genes show a stronger difference in the
expression levels between smokers and never smokers compared to other genes, which supports the idea that
in this case the tobacco smoke exposure may contribute to true biological missingness. We also found that
genes which are highly expressed but have missing values identified in our analysis are enriched by the genes
contributing to “humoral immune response”. Humoral immune response shows a strong association with
smoking in several studies*%. This provides further support to the idea that modulation of gene expression by
smoking may contribute to missingness in our sample that includes smokers and never smokers.

The results of our analysis call for changes in how missing gene expression values are treated in RNAseq
studies. There is a consensus that excluding genes with a lot of missing values may lead to loss of information
and reduce statistical power of downstream analyses®”. A number of computational methods were proposed to
impute missing gene expression values*~* see Baghfalaki et al. for review*!. The results of this study argue for
caution when using imputation. There can be a situation when genes with a high missingness rate include two
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distinct groups: (i) genes with very low expression level and (ii) genes that are not expressed in the majority
of individuals but are highly expressed in some individuals in response to environmental exposures or other
conditions.

An uncritical application of imputation in such situations will lead to a bias since we will wrongly assign
some expression to genes that are not expressed. A more prudent and productive approach will be to examine
the rightmost end of the missingness distribution. If there is a spike in expression level of the genes with
high missingness, it suggests the presence of environmental exposure- or another condition-inducible genes.
Indiscriminatory imputation of missing values for such genes will be misleading. A better approach can be to put
efforts towards identification of exposure/condition-inducible genes to understand how such genes are related
to the phenotype of interest.

We propose the following steps to identify genes with true biological missingness.

Stratify genes into those with and without missing data.

Identify the median gene expression in genes without missing data.

3. Identify genes with missing data and the expression level higher than the median in genes without missing-
ness — highly expressed with missingness (HEWM) genes.

4. Explore if HEWM genes differ from other genes in the study: is their expression observed in individuals with
an exposure or certain clinical features? A gene enrichment analysis can also be performed.

5. Exclude HEWM genes from imputation of missing data.

N —

Genes with true biological missingness need to be analyzed separately from other genes because the separate
analysis of the genes with TBM is likely to provide insight in the study of the phenotype of interest.

Data availability

The datasets used and analyzed in the current study are available from the corresponding author on reason-
able request. Gene expression data used in the study were deposited in the GEO database: accession number
GSE283245. Data can be downloaded using the following link: https://www.ncbi.nlm.nih.gov/geo/query/acc.cg
itacc=GSE283245.
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