1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

&

WEALTH 4
of P
e

/ HHS Public Access

Author manuscript

j Cell. Author manuscript; available in PMC 2021 October 01.

Published in final edited form as:
Cell. 2020 October 01; 183(1): 269-283.€19. d0i:10.1016/j.cell.2020.08.036.

A Quantitative Proteome Map of the Human Body

Lihua Jiang!-3, Meng Wang?!:3, Shin Lin2, Ruigi Jianl, Xiao Lil, Joanne Chan!, Guanlan
Dong?, Huaying Fang?!, Aaron E. Robinson?, GTEx Consortium, Michael P. Snyderl4*
1Department of Genetics, Stanford University School of Medicine, Stanford, CA 94305, USA

2Division of Cardiology, University of Washington, Seattle, WA 98195, USA
3These authors contributed equally

4Lead Contact

SUMMARY

Determining protein levels in each tissue and how they compare with RNA levels is important for
understanding human biology and disease as well as regulatory processes that control protein
levels. We quantified the relative protein levels from over 12,000 genes across 32 normal human
tissues. Tissue-specific or tissue-enriched proteins were identified and compared to transcriptome
data. Many ubiquitous transcripts are found to encode tissue-specific proteins. Discordance of
RNA and protein enrichment revealed potential sites of synthesis and action of secreted proteins.
The tissue-specific distribution of proteins also provides an in-depth view of complex biological
events that require the interplay of multiple tissues. Most importantly, our study demonstrated that
protein tissue-enrichment information can explain phenotypes of genetic diseases, which cannot be
obtained by transcript information alone. Overall, our results demonstrate how understanding
protein levels can provide insights into regulation, secretome, metabolism, and human diseases.
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In Brief

Proteomics analysis across human tissues from the GTeX resource reveals insight into tissue-
specific pathways and phenotypes arising from genetic diseases.

INTRODUCTION

Measuring RNA and proteins expressed within each tissue is fundamental for understanding
human biology and disease. To date, most efforts have focused on RNA measurements.
However, protein levels often correlate poorly with transcript levels (Liu et al., 2016; Payne,
2015; Vogel and Marcotte, 2012), and a detailed study of proteins, which reside downstream
of transcription and participate more directly in vital cellular activities, is expected to help
our molecular understanding of complex tissues. Such studies could complement
transcriptomic studies and provide insights into post-transcriptional regulatory mechanisms,
as well as into human biology and disease.

Previous studies of protein levels have been performed. Mass spectrometry analysis of
different cell lines and human tissues has identified approximately 85% of the proteins
encoded by the ~20,000 human protein-coding genes (Wilhelm et al., 2014; Kim et al.,
2014; Becket al., 2011). However, most of these studies focused on in-depth protein
identification and proteogenomic analysis, and the protein quantitation was primarily based
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on spectra counting, which is less quantitative, or on intensity-based absolute quantitation
from disparate datasets (Li et al., 2012). Moreover, most samples do not have the
corresponding RNA information from the same tissue, making the direct comparison of
RNA and protein levels difficult. The Human Protein Atlas project (HPA) generated a tissue-
based map of the human proteome on the basis of transcriptome data and antibody staining
and classified tissue-specific expression based on RNA (Uhlen et al., 2015). Although
antibodies can provide local and cell-type-specific information, quantitation can be
challenging, isoforms are not distinguished, and antibody specificity is an important
concern. A very recent study performed label-free mass spectrometry analysis of 29 different
tissue samples (Wang et al., 2019a). However, only one biological sample for each tissue
type was analyzed, thereby limiting the generalization of the findings, and many tissues were
not analyzed. Although each of these studies has greatly advanced the tissue protein
identification and provided a useful resource, a broader study with data at both protein and
RNA level on the same healthy tissues, along with accurate quantitation information, is
valuable to study the protein-level differences with transcripts. In addition, although
valuable, none of the previous studies used proteomics data and tissue-specific protein
expression to systematically examine human biological processes and diseases.

The diverse tissue resources from the GTEX project make it possible to use advanced mass
spectrometry and quantitation methods to study many human tissues with multiple
biological replicates and match them to RNA levels in the same tissues. By profiling 201
samples covering a wide range of tissues for which there is matched RNA data, we
presented tissue-specific protein expression in many tissues not analyzed by existing studies
as well as many biological insights into human biology and disease that cannot be obtained
from transcript data. Notably, many RNA transcripts do not always show concordant tissue-
enriched or tissue-specific patterns with their encoded proteins. Examples include many
vesicular transport proteins that are involved in neurotransmitter function and cell-cell
signaling highly enriched in the brain but do not exhibit RNA enrichment. Conversely,
tissue-enriched/-specific RNA transcripts can be found in tissues with no corresponding
protein enrichment. For the first time, we used the protein/RNA concordant enrichment
information to suggest proteins that undergo constitutive or regulated secretion and the
possible locations of synthesis and action of many secreted proteins.

The tissue-specific distribution of proteins also provides an in-depth view of complex
biological events that require the interplay of multiple tissues. For example, the branched-
chain amino acid (BCAA) pathway components that are extremely important in metabolism
were found to be differentially expressed in multiple organs, indicating a coordinated
systemic control of energy utilization. Examination of many tissue-specific proteins also
revealed that they are associated with specific diseases and provide a molecular explanation
for the underlying defects that cannot be interpreted from transcriptome level. Overall, these
results provide a valuable resource and demonstrate that understanding protein levels can
provide insights into metabolism, regulation, secretome, and human disease.
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Protein Profiling across Tissues

The Genotype-Tissue Expression (GTEX) project collected samples from 54 tissues of 948
post-mortem donors and characterized their transcriptomes (Carithers et al., 2015; GTEx
Consortium, 2015; Project and eGTEX Project, 2017). For this study we quantitatively
profiled the proteome of 201 GTEx samples from 32 different tissue types of 14 normal
individuals (Figure 1A), covering all major organs (Table S1). The proteome data were
acquired with a tandem mass tag (TMT) 10plex/MS3 mass spectrometry strategy (Figure
1B), which enables 10 isotopically labeled samples to be analyzed in a single experiment
(McAlister et al., 2014). To increase the proteome coverage, each TMT 10plex sample was
extensively fractionated (Figure 1B). To facilitate cross-tissue comparison and to reduce the
influence of technical variation between mass spectrometry runs, we randomized the tissue
samples such that each TMT 10plex consists of an assortment of tissues and a reference
sample.

A database search using spectra from each TMT run separately at a peptide FDR of 1%
identified proteins encoded by 13,813 genes across all tissue samples (10,196 proteins were
identified when using pooled data [1% protein FDR]) (Table S1 and S4A). The relative
levels of 12,627 proteins were quantified after applying strict filters (Table S2). On average,
the relative abundance of more than 7,500 proteins was measured in each tissue type (Figure
1C; Table S2), and 6,357 proteins were present in all 32 tissue types (Figure 1D). These
results indicate that most (85%) of the proteins detected in a given tissue are expected to be
found across tissue types and that individual tissues are not characterized by the simple
presence or absence of proteins but rather by their relative abundance (Wilhelm et al., 2014;
Geiger et al., 2013).

To determine types of proteins that were not detected in this study, we compared the RNA
abundance of both the identified and unidentified proteins. As shown in Figure 1E, low-
abundance transcripts are often undetected at the protein level. However, when the RNA
TPM is higher e.g., above 32, some proteins are still not detected (16% protein-coding
genes); detection of these proteins is not significantly affected by RNA abundance (Table
S1). Undetected proteins could be due to post-transcriptional regulation, degradation of
proteins, or limitations of mass spectrometry. Membrane proteins were underdetected across
the entire RNA expression abundance level; of the 5,500 predicted membrane-bound
proteins and 3,000 secreted proteins (Uhlén et al., 2015), we detected 3,143 membrane and
1,848 secreted proteins, respectively (Figure 1F).

Identification of Tissue-Enriched and Tissue-Specific Proteins

To identify tissue-enriched and tissue-specific proteins, we determined their relative levels in
each tissue as the normalized log ratio of each protein to the corresponding protein in the
common, pan-tissue, reference. Normalization used an algorithm designed to allow for
disparate compositions of proteins across different tissues (Wang et al., 2019b). Hierarchical
clustering of the protein levels revealed that samples clustered by tissue types, indicating that
protein variation between tissue types exceeds that between individuals (Figures 2A and S1).
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As expected, samples from physiologically related tissues, such as arteries from different
parts of the body as well as heart and skeletal muscles, clustered together (Figures 2A and
S1). The few exceptions are logical: esophagus mucosa layers, high in epithelial cells
clustered with skin instead of other esophagus samples. Interestingly, lung tightly clustered
with spleen despite their seemingly distinct functions (Figures 2A and S1), likely due to a
common group of 78 immune proteins enriched in these tissues (Table S4). The lung has
recently been found to host many immune cells (Hartl et al., 2018), likely explaining the
lung-spleen clustering.

The enrichment of each protein across tissues was defined by a tissue specificity (TS) score
(Figures 2B and S3; STAR Methods). We define a protein as tissue enriched if its TS score
reaches 2.5 (SD from the mean of the population distribution) in at least one tissue.
Similarly, if the TS score of a protein is greater than 4 in a tissue and is at least 1.5 higher
than the protein’s TS scores in any other tissue, this protein is considered tissue specific. In
total, we observed 3,967 (31.4%) enriched proteins and 1,595 (12.6%) tissue-specific
proteins (Tables S2 and S4). Brain was found to have the largest number of enriched and
specific proteins, followed by liver, heart, and muscle (Figure 2C; Tables S2 and S4). The
tissue-enriched/-specific expression of 11 important proteins in diverse pathways described
below was validated by western blot analysis (Figure S5).

The functional enrichment of proteins that are enriched in one tissue or tissue group is
presented in Figure 2D and matches expectations (Table S5). For example, proteins involved
in the nervous system and synaptic transmission are highly enriched in brain. We also found
interesting common enrichment of proteins across several different tissue types. For
example, a large group of proteins involved in oxidation and reduction are enriched in
multiple metabolically active tissues such as heart, muscle, brain, liver, and stomach (Figure
2D; also see the metabolism section below). Although ribosomal proteins are present in
almost all organs, they are enriched in organs active in protein synthesis, notably in pancreas
followed by liver and stomach. The stomach has not been generally reported as metabolic
active, but the enrichment of ribosomal proteins and those involved in oxidation and
reduction is consistent with this interpretation.

Interestingly, even across similar tissues we found differentially enriched proteins. For
example, proteins involved in mitochondrial translation are only enriched in heart, whereas
proteins in proteolysis are enriched in skeletal muscle (Table S5). Sarcomere proteins, such
as myosin, tropomyosin, and troponin, are highly enriched in both heart and skeletal muscle,
but they utilize different gene isoforms (Table S7). The left ventricle is enriched in proteins
involved in energy production, whereas the atrial appendage is abundant in peptide
hormones (NPPA, NPPB) and specific myosin isoforms (Figure S5; Table S7). Surprisingly,
in many of these cases the RNAs of the genes are enriched in all the relevant tissues,
suggesting differential regulation at the post-transcriptional level (Table S3). Overall, the
common and tissue-specific distributions of proteins across tissue types mirror the function
of the proteins and tissues.

Proteins that are present in all tissues and not enriched in any of them are defined as
housekeeping (HK) proteins. Of the 6,357 proteins identified in all 32 tissues, 1,565 proteins
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were classified as HK proteins (Figure 1D; Table S4). Functional analysis showed that the
HK proteins are mainly involved in basic cell activities such as RNA processing, gene
expression, and protein localization (Table S5).

Comparison with Other Studies

We sought to compare our results with those of other quantitative studies. Uhlen et al.
performed tissue enrichment/specificity at the RNA level but did not provide protein tissue-
specific data beyond a coarse (low, medium, high) metric based on antibody staining. We
directly compared our protein-enrichment data to the most recent Wang et al. (2019a) study,
which used label-free mass spectometry to quantify 13,640 proteins and classified tissue
enrichment by using a fold-change metric. In our study, we quantified 12,627 proteins by
using the TMT labeling method and used TS score for tissue-enrichment analysis. For
proteins that are quantified in both studies, 1,080/1,438 tissue-specific proteins from our
study were also enriched or enhanced in the Wang et al. (2019a) study (Table S2). However,
because only 16 tissue types are in common between our study and theirs, Q11 some
proteins (n = 342) that are specific in our study showed different tissue enrichment in their
study due to the lack of the same tissue types in their study (skin, skeletal muscle, and
arteries, etc.). For the same reason, some tissue-specific proteins (n = 497) in their study
were enriched differently in our study. Although there is good agreement for the tissue-
specific proteins, there is less agreement at other enrichment categories, which could be due
to the different criteria we used to define tissue enrichment (detailed information is in Table
S2). The fact that more biological replicates for most tissues (rather than one in Wang et al.,
2019a) and TMT/MS3 quantitative measurement in our study should yield more accurate
and generalizable results. Overall, our study provides extensive quantitative results
concerning tissue-specific and tissue-enriched proteins in humans.

Correlation between RNA and Protein Levels

Our study offers a good opportunity to characterize the correlation between protein and
RNA because the transcriptome and proteome data were generated from the same tissue
specimens. We computed the correlation between the protein and RNA abundance across 32
tissues for each gene (Figure 3A; Table S4) and found the median Spearman correlation is
0.46 (interquartile range of 0.24-0.65), consistent with previous findings (Payne, 2015;
Vogel and Marcotte, 2012). For 6,228/12,627 genes, their protein levels are statistically
significantly and positively correlated with RNA levels (BH-adjusted p value < 0.1), and a
very small number (60) showed negative correlations (Table S4).

We also compared the protein- versus RNA-enrichment pattern in each tissue. The TS score
of RNA expression was calculated analogously to that of protein expression (Figures S2 and
S4; Table S3). Concordance was defined as both protein and RNA enriched in the same
tissue as determined by outlier analysis; for discordance, only protein or RNA was tissue
enriched, and enrichment is at least 1.5 away from each other (see STAR Methods). Among
5,562 proteins that show tissue specificity or enrichment, 2,695 were concordantly enriched
at the RNA level over all the tissues. Discordance was also widely observed; for example,
many gene products (3,088) are highly enriched at the protein but not RNA level (Table S4;
note proteins that are concordant in some tissues could be discordant in other tissues).
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Among all the tissues, brain hosts the largest number of genes that are only enriched at the
protein level (Figure 3B). These proteins participate in many key functions in brain such as
neurotransmitter transport, cell-cell communication, and signal transduction. Proteins in the
oxidation reduction pathway were also only enriched at the protein level. Surprisingly, for
many protein-enriched/-specific genes, their RNAs are ubiquitously distributed and defined
as HK RNAs; one example is Rab proteins, which are specifically enriched in brain (TS
score >4) (Figures 3C and 3D). Western blot of a few proteins such as RAB1B, VPS52, and
PURA confirmed brain enrichment (Figure S5).

Another group of discordant genes (2,899/12,245) are only enriched at the RNA but not
protein level (Table S4). A large number of them are in testis followed by liver. In testis,
their protein level is either very low or undetectable. The failure to detect these proteins
could be due to their low abundance, expression in a few cell types, and/or rapid protein
degradation. In liver, most of these discordant proteins are secreted into the blood (discussed
below). These different results demonstrate that tissue-specific expression is further
controlled at the protein level and that tissue-specific functions cannot be distinguished on
the basis of RNA information alone. The expression level of every gene in each tissue can be
visualized at http://snyderome.stanford.edu/TSomics.html.

RNA and Protein Expression Differences Reveal Insights to Protein Secretion

Potential insights into protein secretion can be obtained by analyzing the discordance and
concordance of RNA and protein-enrichment information. Discordance between RNA and
protein in some cases could be caused by constitutive secretion of proteins to other tissues;
furthermore, concordance of secretory protein levels with their RNA levels can suggest that
these proteins are stored in secretory vesicles and released upon stimulation (Feizi et al.,
2017) or locally secreted (Uhlén et al., 2019). We therefore systematically analyzed the
concordance and discordance of RNA and protein levels of secreted proteins defined
according to HPA predictions (Uhlén et al., 2015) to ascertain which proteins likely undergo
regulated or constitutive secretion as well as potential sites of synthesis and action of
secreted proteins (enriched only as RNA or protein, respectively). We found that many
(481/1,903) predicted secretory proteins are concordantly enriched at both protein and RNA
level (Figure 3E; Table S4), consistent with regulated secretion or local secretion. Examples
include digestive enzymes and hormones (e.g., insulin, see below). Discordant patterns are
also observed, suggestive of constitutive secretion. As Figure 3E showed, both secretion
patterns exist in many tissues.

Among all tissues, liver has the highest number of secreted proteins, followed by brain,
artery, pancreas, and pituitary. In liver, the largest proportion of secreted proteins are only
enriched at the RNA, but not the protein, level indicative of constitutive secretion. Pathway
analysis (Table S4) shows that these proteins are enriched in complement activation (e.g.,
C2-9, CFHRs), coagulation (e.g., CFs, SERPINS), acute phase response (e.g., CRP, HP,
ITIH4, and SAA4), and lipid transport (apolipoproteins) and protein localization (e.g., TF,
HRG, AGT). We found these proteins are enriched in arteries and exhibited discordant RNA
expression (Table S4), indicating that these proteins are synthesized in liver and
constitutively secreted into blood. However, 69 secreted proteins show concordance in their
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RNA and protein enrichment; these are mostly enzymes involved in drug metabolism and
oxidation reduction such as CYP2 subfamily members (Table S4) and could undergo
regulated secretion.

Similar to the liver, the pancreas is a major secretory organ. Uniquely, it has both exocrine
and endocrine cells that secrete many digestive enzymes and multiple hormones (Dubois,
1994). Digestive enzymes in the pancreas are stored and secreted into the gut upon food
ingestion. A group of major digestive enzymes showed concordant enrichment including
pancreatic amylases, lipases, proteases, and others (Table S4). Multiple hormones detected
in our study such as insulin, glucagon, chromogranins, secretogranins, and somatostatin are
also secreted by the pancreas (Lloyd et al., 1988). Insulin and glucagon are concordantly
enriched at the protein and RNA level (Table S4) and regulated by blood glucose levels. A
few enzymes such as SERPINAs and SPINT1 and other proteins such as MUC6, ALB, C5,
F11, and GC are enriched only at the RNA level in pancreas (Table S4). Although these
proteins are well known to be secreted mainly by the liver, our data raise the possibility that
the pancreas could also synthesize and secrete them into the bloodstream, although other
possible post-transcriptional mechanisms exist. Nonetheless, because the pancreas and liver
share a common embryological origin and some histological similarities, it is possible they
also have cellular functions in common (Esrefoglu et al., 2016).

The pituitary is the master gland that secretes many hormones that regulate the secretion of
other hormones (Emerald, 2016). Our data show that hormones such as TSH, ACTH, GH,
PRL, CHGB, SCGs, LH, and FSH are all enriched in the pituitary at both the protein and
RNA level (Table S4). These hormones are made in the anterior part of the pituitary but are
stored and undergo regulated secretion by hormones produced in the hypothalamus
(Emerald, 2016). Two other major hormones in the pituitary are ADH and OXT. They are
both highly enriched at the protein level but not at the RNA level; these proteins are
synthesized in the hypothalamus and secreted to and stored in the posterior part of pituitary
(Figure 3F) (Emerald, 2016).

When examining other tissues, we also observe that the brain has many secreted proteins
that are concordantly enriched (Figure 3E). Most of them are not secreted into the
bloodstream but instead are brain-specific surface proteins such as receptors for signal
transduction or locally secreted proteins involved in cell-cell interaction. Other tissues such
as the spleen and lung have a group of secreted proteins that are discordantly enriched.
These proteins are mainly involved in immune response and directly secreted into the
bloodstream. In the transverse colon and small intestine, proteins are mainly secreted into
the lumen or extracellular matrix (Table S4). Overall, these results indicate that proteins
undergo diverse patterns of synthesis and secretion that can vary with different tissues and
that protein-level analysis can provide insights into their regulated secretion and sites of
action.

Insights into Metabolism through Tissue-Specific Protein Expression

In addition to secretory proteins, the analysis of a broad set of tissues provided insights into
coordinated activities of metabolic biological processes across the human body. Although
metabolic pathways have been mapped at the RNA level (Uhlén et al., 2015), a more direct
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understanding of the metabolic proteins and pathways through systematic analysis of protein
levels has not been performed. Through our analysis of tissue-specific proteins, we found
proteins of the same metabolic pathway (KEGG) were often present in different tissues
revealing a complex interplay of multiple key organs in metabolism and energy utilization,
consistent with, and extending, previously described results (Angione, 2019; Heindel et al.,
2017).

Proteins from 1,434 genes annotated in the KEGG metabolism database were quantified
across the 32 tissues (Table S5). Liver was found to have the largest number of enriched
metabolic proteins, followed by brain, muscle, and heart. Using the proteomics data, the
enrichment of metabolic pathways in each tissue is presented in Figure 4A and Table S5.
Most (55/67) metabolic pathways are enriched in liver except several such as the oxidative
phosphorylation pathway, which is enriched in heart, skeletal muscle, and brain, where it is
likely the major energy source for tissues that function aerobically. Like the oxidative
phosphorylation pathway, the glycolysis and TCA cycle pathways are also enriched in heart,
skeletal muscle, and brain. Coupling of these pathways can achieve the complete oxidation
of glucose and generate the maximum amount of ATP required for high energy demand
(Berg et al., 2012). Previous studies have shown that, when active, skeletal muscle requires
the most energy, whereas when resting, heart and kidney have the highest metabolism rate,
followed by brain and liver (Wang et al., 2010). Surprisingly, oxidative phosphorylation,
glycolysis, and tricarboxylic acid (TCA) cycle pathways are also enriched in the stomach,
which usually is not considered a high-metabolism organ (Wang et al., 2010). However,
oxidative phosphorylation in stomach tissue is necessary for acid generation by parietal cells
(Suzuki et al., 2012), which is believed to break down food and serve as a biological defense
that eliminates pathogens, activates endothelial NADPH oxidase, and increases endothelial
RO, and the acid generation is expected to require high metabolic activity. Mitochondrial
proteins and enzymes involved in energy production including NADH:ubiguinone
oxidoreductase, ATP synthase, cytochrome c, and coenzymes are also highly enriched in
heart, muscle, brain, and stomach tissues (Table S5). Importantly, whereas ATP synthases
are enriched in muscle for energy production, the V-ATPases, which have been implicated in
synaptic transmission and neurological disease (Fassio et al., 2018), are specifically enriched
in brain (Bodzeta et al., 2017), which was also validated by western blot (Figure S5). Thus,
these protein distributions provide insights into energy metabolism and other biology
functions.

Historically, adrenal and gonad glands (ovary, testes) have been considered as major sites for
steroid hormone production, and liver has been considered as the main organ that
metabolizes the hormones. In addition to these sites our data also showed that the steroid
hormone biosynthesis pathway is not only enriched in the adrenal gland, testis, and liver, but
also in the small intestine and transverse colon. These results support the recent view that
steroid hormones can also be produced and metabolized in other tissues such as the intestine
(Wittenburg et al., 2010).
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BCAA Metabolic Enzymes Are Enriched in Different Organs

BCAA:s are important for energy utilization and other biological processes, and their
metabolism is a complex multi-tissue process coordinated through the tissue-specific
distribution of key enzymes (Arany and Neinast, 2018; HoleCek, 2018). By analyzing the
expression pattern of these enzymes, we found tissue-specific distributions suggestive of
different roles of those tissues in BCAA metabolism.

Branched-chain aminotransferase (BCAT) is the first-step enzyme in BCAA metabolism and
is encoded by two genes: BCAT1 located in the cytosol and BCAT2 in the mitochondria
(Conway and Hutson, 2015). Multiple studies reported that skeletal muscle is the initial site
of BCAA metabolism based on the high activity of BCAT2 in skeletal muscle and lack of
activity in liver (Arany and Neinast, 2018; HoleCek, 2018). Surprisingly, we found that
BCAT?2 is not enriched in muscle at either the protein or RNA level, but it is highly
expressed in heart, stomach, and adrenal glands (Figures 4B and 4C). The enrichment
information was also validated by western blot as shown in Figure S5. Because the total
weight of skeletal muscle is 35%—-40% of body weight, even with moderate amounts of
BCAT2, skeletal muscle is likely a major site for the first step of BCAA metabolism.
However, the enrichment of BCAT2 in other tissues also indicates that substantial amounts
of BCAAs can be metabolized in other high-energy utilization tissues (e.g., heart, stomach).
Both of our mass spectrometry data and western blot results showed that BCAT1 is the most
abundant in pancreas (Figures 4B, 4C, and S5), instead of brain. Although few studies have
investigated BCAA metabolism in the pancreas, our data showed that pancreas is the only
tissue that has high expression of both BCAT1 and BCAT2. In addition, recent studies have
shown that BCAA levels spike years before pancreatic cancer, suggesting that BCAA
metabolism disorder might contribute to cancer development (Katagiri et al., 2018; Mayers
etal., 2014).

Liver was thought to be the major site of the second-step BCAA metabolism based on the
highest activity of the second-step enzyme BCKDH (branched-chain a-ketoacid
dehydrogenase). We found that BCKDH was equally enriched in heart, stomach, and liver
(Figures 4B, 4C, and S5). BCKDH activity is regulated by two modifying proteins, BCKDH
kinase (BCKDK, inactivator) and protein phosphatase (PPM1K, activator) (White et al.,
2018). The BCKDK tissue distribution is very similar to BCKDH but the activator PPM1K
showed strong enrichment in the heart and not in other tissues (Figure 4C). A high ratio of
PPM1K to BCKDK greatly favors BCKA oxidative decarboxylation (White et al., 2018). It
has been proposed that BCKDH and BCAT2 directly interact to achieve great efficiency of
energy production during BCAA metabolism (Conway and Hutson, 2015). The concordant
enrichment of these two enzymes was only observed in heart and stomach, suggesting that
BCAA might be an important energy source for these two tissues; indeed, impairment of
BCAA metabolism in rat and cardiomyocytes leads to the loss of cardiac contractility,
premature death, and induced apoptosis (Huang et al., 2011; Du et al., 2018). Enrichment of
all key enzymes in heart (Figures 4B and 4C) indicates that BCAAs are likely to be
completely metabolized to provide energy for this tissue. In other tissues (e.g., liver and
muscle) BCAA could be important for both energy metabolism as well as distribution of
intermediates to other tissues (Figure 4D). Regardless, the tissue-specific expression of

Cell. Author manuscript; available in PMC 2021 October 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Jiang et al. Page 11

enzymes indicates that the BCAA metabolism is likely to be important in these tissues and
their diverse distribution indicates a coordinated interplay of energy metabolism across
multiple organs.

Protein Expression Provides Insights into Genetic Diseases and Drug Targets

Protein expression information could provide insights into the underlying disease
mechanisms that cannot be identified by using transcript localization information. We
systematically investigated the protein expression pattern with genetic diseases listed in the
Online Mendelian Inheritance in Man (OMIM) catalog (Amberger et al., 2015) and found
many cases in which proteins known to be disrupted by disease-associated mutations are
enriched in tissues that manifest disease-related pathophysiology (Figure 5A; Table S6);
many of these would not be evident from RNA analysis. For example, Bardet-Biedl
syndrome (BBS) is a complex genetic disorder caused by mutations in at least 14 different
genes and affects many parts of the body (Khan et al., 2016; Haq et al., 2019). BBS-
affiliated vision loss, polydactyly, and obesity are characteristics of BBS as well as many
other abnormalities that vary among affected individuals (Foggensteiner and Beales, 2015).
Some of the symptoms can be explained by specific gene mutations but many are still
largely unknown; protein tissue-specific expression information might explain some of the
clinic symptoms. We detected proteins from 11/14 BBS genes among which seven are
enriched in the pituitary and five are enriched in brain, muscle, heart, or liver (Table S4).
Abnormality of proteins highly enriched in pituitary can broadly affect developmental
processes and perhaps cause obesity, diabetes, or hypogonadism observed in BBS patients
(Foggensteiner and Beales, 2015). The enrichment of proteins in brain, muscle, heart, and
liver might also contribute to defects such as intellectual disability, delayed motor skills, and
conditions that involve the heart, liver, and digestive systems (Foggensteiner and Beales,
2015).

Leigh syndrome is another genetic disease that is associated with mutations in as many as 75
genes (DiMauro and De Vivo, 1996; Lake et al., 2016). Most of the affected proteins are
involved in oxidative phosphorylation in mitochondria. Of the 67/75 proteins we observe, 52
of them showed tissue enrichment in a few metabolically active tissues (Figures 5A and 5B).
Heart has the highest, followed by muscle, brain, and stomach. Some of these proteins were
enriched in all affected tissues, and some are only enriched in one or a few tissues; their
different distribution might cause different tissue-related clinical symptoms. For example,
the characteristic progressive loss of mental and movement abilities of Leigh syndrome are
most likely related to proteins that are enriched in brain and muscle. Some affected
individuals develop hypertrophic cardiomyopathy, which could be caused by mutations in
proteins enriched in the heart. The first signs of Leigh syndrome in infancy are vomiting,
diarrhea, and difficulty swallowing, which could be explained by the abnormality of proteins
enriched in stomach. Importantly, for many genes enrichment only occurs at the protein level
and not at the RNA level, demonstrating the importance of collecting protein-expression
information for understanding disease phenotype. For example, the neurological and
digestive symptoms are best explained by the protein-enrichment data and not the RNA data
(Figure 5B).
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There are 1,329 potential drug-targeted proteins identified in our data among which 421 are
FDA-approved drug targets (Table S4). Among these targeted proteins, 742 are enriched in
different tissues, of which about half (368) are enriched in more than one tissue Table S4).
For protein drug targets enriched outside of the target organ, the drug could have unintended
or side effects in the off-target tissue. For example, valproic acid is a well-known
anticonvulsant exerting its effects through the inhibition of GABA transaminase (GABAT) in
the brain as one of the main mechanisms of action (Chateauvieux et al., 2010). Our data
showed that GABA transaminase is not only highly enriched in brain but is even more
enriched in the liver and pancreas, a result validated by western blot analysis as well (Figure
S5). This suggests the inhibition of GABA transaminase in these two tissues as a potential
mechanism underlying the reported toxicity in liver and pancreas (Chapman et al., 2001;
Gayam et al., 2018). Overall, our protein distribution studies provide insights in human
disease and treatment.

Identification of Missing Proteins

Missing proteins are classified as identified on the basis of protein existence (PE) criteria by
using a 1-5 tier system as defined by the Human Proteome Project (Baker et al., 2017). Our
study of diverse tissues identified 374 proteins on the missing protein list provided by
MissingProteinPedia and provided information on the specific tissue in which they were
expressed (http://www.missingproteins.org/protein/web/; Table S1). Ninety-one proteins
meet the most stringent level 5 criteria of PE: at least two unique peptides, each with a
peptide length 39. Among these proteins, 23 have reliable antibody scores annotated by HPA
(Uhlén et al., 2015). As examples, RASA4 and UNC13C have 11 and 15 unique peptides
(39aa) identified, respectively. RASA4 was observed in a majority of the samples, and
UNC13C was identified in around half of all samples. UNC13C is enriched in the brain and
validated by western blot (Figure S5), whereas RASA4 is highly enriched in skeletal muscle.
In total, 26 proteins showed enrichment in the brain, muscle, and a few other tissues, and
most are intracellular proteins (Table S1). Among those putative proteins that do not meet
PES5 criteria, 33 were supported by two unique peptides, and seven proteins have a peptide
with length longer than 20.

Identification of Protein Isoforms and SNP Peptides

We also searched for protein isoforms by using the 90,203 annotated protein isoforms in the
Gencode database (version 19) from 15,632 annotated genes with nonidentical proteins
(Harrow et al., 2012). In total, we identified 7,368 protein isoforms from 6,963 genes that
have at least one unique isoform peptide (Table S7). Six thousand six hundred and ten genes
have only one protein isoform identified, and very few (353) have two or more isoforms
identified (Figure 6A), consistent with other studies (Wang et al., 2019a; Tress et al., 2017;
Ezkurdia et al., 2015). For all the identified protein isoforms, the majority (74%) are from
the most abundant RNA isoforms (Table S7). For other protein isoforms, further analysis
suggests that the inability to identify them is not caused by low RNA abundance (Figure 6B;
Table S7). Analysis of the identified protein isoforms showed that most of them have the
longest protein sequence, and thus more unique peptides for identification (Table S7).
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Tissue-enrichment analysis of the isoforms identified a total of 2,436 tissue-enriched protein
isoforms (Table S7). Surprisingly, the protein enrichment in each tissue at the isoform level
is very similar to the enrichment at the gene level (the sum of all protein isoforms),
indicating that for these genes there is probably only one protein isoform predominantly
expressed across tissues. Interestingly, however, 76 of the 1,565 HK genes that showed no
enrichment in any tissues at protein level had protein isoforms that showed tissue enrichment
(Table S7). In general, most of the enriched isoforms (2,070/2,436) are from the top-ranked
RNA isoforms, and only 366 were from the less abundant isoforms (Table S7). Very few
genes (47) have more than one protein isoform showing tissue enrichment; they can be
enriched in either the same tissue or different tissues. For example, CELA2B has two
isoforms that are both enriched in the pancreas at similar levels. TPM2 has two isoforms that
are enriched in different tissues, with one enriched in heart and skeletal muscle and the other
enriched in tissues with smooth muscles (Table S7). In summary, many proteins only have
one isoform identified, and their corresponding RNAs are usually the most abundant and the
longest sequence.

We also searched for single nucleotide polymorphisms (SNPs) in proteins by using a
database populated with SNP peptides. We identified and quantitated 149 SNP peptides that
are enriched in expected individuals based on genomic data (Table S1). The acquired spectra
of the SNP peptides were compared to the corresponding synthetic peptide spectra. In total,
108 SNP peptides with multiple spectra matched to the synthetic peptide spectra with
contrast angle similarity score more than 0.7 (Frewen and MacCoss, 2007) (Table S1).

DISCUSSION

In this study, we have quantitatively analyzed the proteome across 32 different normal
human tissues. Proteins that are enriched in a single tissue or a group of tissues were
identified and analyzed with regards to biological functions. Our platform also identified a
group of proteins that have not been previously identified. It is possible that the TMT label
can increase the ionization efficiency of some peptides and thereby increase their chance of
detection. Multiplexing of samples from different tissues and extensive fractionation could
also contribute to the identification of previously missed proteins. Although we only
detected one major isoform for most proteins, our results indicate that isoform detection is
mainly limited by the number of unique peptides and not their expression level.

Our protein and RNA correlation analysis showed that they have different enrichment
patterns across tissues, which could be caused by multiple factors such as post-
transcriptional or post-translational regulation or different turnover rate at RNA and protein
levels. It is also possible that some might be caused by the intrinsic limitations of mass
spectrometry technology, especially for the low-abundance proteins. It is known that post-
mortem ischemia (PMI) affects RNA expression (Ferreira et al., 2018) which could de-
couple protein RNA correlation. In this study, PMI effects were removed before protein
RNA correlation. We also provided an interactive view of protein and RNA score in each
tissue and their distribution pattern across tissues on our website (http://
snyderome.stanford.edu/TSomics.html). Furthermore, our data indicated that the constitutive
secretion of proteins to other tissues is one major cause of the significant negative
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correlation and discordance of protein and RNA. Our analyses on secretory proteins
provided a special approach for deciphering sites of synthesis and potential action of
secreted proteins.

The tissue-specific distribution of proteins can provide an in-depth view of complex
biological processes that require the interplay of multiple tissues. Enrichment analysis of
enzymes in BCAA metabolism revealed different roles of each tissue as well as new tissues
(heart, stomach, pancreas) that are important for metabolic control. We envision this kind of
analysis can shed light onto the understanding of many biological processes. Lastly, for
genetic diseases caused by mutations in protein-coding regions, the protein-enrichment
information across tissues can suggest the affected tissues and explain specific disease
symptoms. As such, the proteomic information generated in this study is expected to provide
valuable insights into human biology and disease.

There are several limitations to our study. First, very lowly expressed but highly tissue-
specific proteins might not be detected. However, by analyzing many different tissues we
were able to study widely expressed proteins and the variation in their abundance as well as
tissue-specific proteins expressed at moderate and high levels. Second, we note that the
GTEX tissue samples represent mixtures of cell types. Hence, the protein enrichment/
specificity we observed reflects a composite of the different cell types. Cell type similarities
among tissues account for similar tissue function to what was observed in the esophageal
mucosa to skin samples, both of which contain abundant epithelial cells. Similarly, some of
the smooth muscle cell-rich tissues such as sigmoid colon, esophagus muscle, and artery
share similar functions (Figure 2D). As single-cell proteomic technology develops, future
studies could characterize cell-type-specific proteomes. A third limitation is that we did not
account for sex and age. We are underpowered to do so but note that the tissues cluster by
tissue type (Figures 2A and S4), indicating that sex and age are minor contributors to the
variance observed. Lastly, there are unbalanced biological samples for each tissue.
Enrichment analysis will be mostly affected in tissues that have a limited number of
samples. However, empirically we have found that many highly tissue-specific proteins can
be robustly identified from a limited number of biological samples. For example, brain
samples were from two to three individuals, but many brain-specific proteins were clearly
identified. The proteins that could be affected by unbalanced tissue sample sizes are the ones
that are slightly enriched in one/more tissue(s). Despite these limitations we believe the data
provide a valuable scientific resource.

STARXMETHODS
RESOURCE AVAILABILITY

Lead Contact—Further information and requests for resources and reagents should be
directed to and will be fulfilled by the Lead Contact, Dr. Michael P. Snyder
(mpsnyder@stanford.edu).

Materials Availability—All unique reagents generated in this study are available from the
Lead Contact without restriction.
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Data and Code Availability—Raw proteome data are deposited to ProteomeXchange
Consortium via the PRIDE partner repository with the dataset identifier PXD016999. RNA
and Protein TS-score across tissues can be checked at: http://snyderome.stanford.edu/
TSomics.html.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Human tissue proteome profiling was performed in house as part of the GTEXx project.
Paxgene fixed human tissue samples were provided by NIH GTEXx consortium. Detailed
information about donor enrollment, tissue collection, sample fixation and histopathological
review methods are described in (Carithers et al., 2015) (GTEx Consortium 2015). There are
in total 201 samples from 32 major organs from 14 different individuals (details in Table S1)
obtained from the GTEX consortium.

METHOD DETAILS

Sample Preparation—There are in total 201 Paxgene fixed samples from 32 major
organs from 14 different individuals. The sample preparation method was as described
before with modifications (Kulak et al., 2014). About 30mg tissue samples were cut into
small pieces on ice and further disrupted using beat beating and sonication in lysis buffer (6
M guanidine, 10mM TCEP, 40mM CAA, 100mM Tris pH 8.5). The supernatant was
collected and heated at 95° C for 5min. After protein reduction and alkylation, protein
concentration was measured using the BCA kit (ThermoFisher). Since Paxgene fixed
samples have a high amount of PEG contamination, protein extract was cleaned up by
acetone precipitation at —20°C overnight (1:4 sample to acetone volume ratio). The protein
pellet was washed with acetone 3 times and air-dried. The pellet was resuspended in 6 M
guanidine and 100mg sample was used for digestion using LysC (1:100 protease to protein
ratio) for 2 h at room temperature followed by trypsin (1:50) digestion overnight at 37°C.
Peptides were cleaned up using Waters HLB column and subsequently labeled using TMT
10Plex (ThermoFisher) in 200mM TEAB buffer according to manufacturer’s
recommendations. An equal amount of proteins from each tissue were pooled together as a
reference sample.

TMT Experimental Design—In this study, we used TMT10plex which can label up to 10
samples in one experiment. We randomized tissue samples so that each TMT10plex consists
of an assortment of tissues. To facilitate cross-tissue comparison and reduce the technical
variation among mass-spectrometry runs, two pooled reference samples were added into
each TMT10plex experiment. Equal amounts of eight tissue samples and the two common
reference samples were multiplexed into one TMT10plex run. TMT126 and 131 were used
for the same reference sample in each run. Note that the use of two reference samples was
used as a quality check for ensuring reproducibility of the sample measurements in each run.
For 201 samples, we designed 28 TMT10plex runs (Table S1). Due to low sample
availability, there are only 9 TMT samples in 14 TMT10plex runs. Also in 9 cases samples
were repeated in different runs mainly for the purpose of filling the channels, resulting in
three technical replicates. In total, from 28 runs, we acquired data from 210 samples. We
also performed at least two technical replicates for all samples. In the replicate, samples
have the same TMT labels as in the initial run but they were re-randomized to mix with
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different samples in each TMT210plex run. In total, there are 56 runs with data from 420
samples. Detailed information for each run, sample composition and their corresponding
TMT tags can be found in Table S1 sheet A. The number of biological and technical
replicates for each tissue type and individual was listed in Table S1 sheet B. To ensure equal
amount of sample material was used for each run, we mixed a small amount of each sample
first and adjusted the sample amount for the final run based on the mass spectrometry results
of the small mix.

Two Dimensional Liquid Chromatography Separation—We used the Waters online
nano 2D LC system for fractionation using approximately 15ug of multiplexed sample.
Peptides were separated by reverse-phase chromatography at high pH in the first dimension,
followed by an orthogonal separation at low pH in the second dimension. In the first
dimension, the mobile phases were buffer A: 20mM ammonium formate at pH10 and buffer
B: Acetonitrile. Peptides were separated on an Xbridge 300um x 5 cm C18 5.0um column
(Waters) using 12 discontinuous steps of buffer B at 10.8%, 13.1%, 14.9%, 16.7%, 17.7%,
18.9%, 19.9%, 20.4%, 22.2%, 25.8%, 28.9% and 45% at 2 pl/min flow rate. For each step, a
5 min isogradient of %B was used. In the second dimension, peptides were loaded to an in-
house packed 75um ID/15pm tip ID x 25cm Sepax GP-C18 1.8um resin column with buffer
A (0.1% formic acid in water). Peptides were separated with a linear gradient from 5% to
30% buffer B (0.1% formic acid in acetonitrile) at a flow rate of 300 nL/min in 180 min. The
LC system was directly coupled in-line with an Orbitrap Fusion (Thermo Fisher Scientific).

Mass Spectrometry Data Acquisition and Analysis—The Orbitrap Fusion was
operated in a data-dependent mode for both MS2 and MS3. MS1 scan was acquired in the
Orbitrap mass analyzer with resolution 120,000 at m/z 400. Top speed instrument method
was used for MS2 and MS3. For MS2, the isolation width was set at 0.7 Da and isolated
precursors were fragmented by CID at a normalized collision energy (NCE) of 35% and
analyzed in the ion trap using “turbo” scan. Following the acquisition of each MS2
spectrum, a synchronous precursor selection (SPS) MS3 scan was collected on the top 5
most intense ions in the MS2 spectrum. SPS-MS3 precursors were fragmented by higher
energy collision-induced dissociation (HCD) at an NCE of 65% and analyzed using the
Orbitrap at a resolution of 60,000. Each sample was run again on another Orbitrap Fusion in
the same lab with the exact same settings for technique replicates.

We used SEQUEST in ProteomeDiscoverer 2.1 (ThermoFisher Scientific) for protein
identification. Raw files from 12 fractions of each sample were combined together for a
single search against GENCODE V19 (GRCh37.p13 https://www.gencodegenes.org/human/
release_19.html) human proteome database (Harrow et al., 2012). Mass tolerance of 10ppm
was used for precursor ion and 0.6 Dalton for fragment ions. The search included cysteine
carbamidomethylation as a fixed modification. Peptide N-terminal and lysine TMT 10plex
modification, protein N-terminal acetylation and methionine oxidation were set as variable
modifications. Up to two missed cleavages were allowed for trypsin digestion. The peptide
false discovery rate (FDR) was set as < 1% using Percolator. For protein identification, at
least one unique peptide with a minimum 6 amino acid length was required. In this study, we
did not include any peptides with post translational modifications for quantitation. For
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protein quantitation, only unique peptides with reporter ion mass tolerance of less than
10ppm were used. Peptide precursor ion isolation purity should be > 50%, signal-to-noise
(S/N) >15 and the summed S/N of all channels > 200. Peptides passing these criteria were
summed to represent protein abundance, thereby giving more weight to the most-intense
peptides. We also pooled together all the spectra in this study for a single search at protein
FDR of 1%. For SNP peptide search, we reconstructed the protein database by adding all the
structure variant peptides to the database. The SNP peptides were extracted based on the
SNP information provided by the GTEXx consortium.

Validation of SNP Peptides by Synthetic Reference Peptides—To validate the
identification of the SNP peptides, we synthesized 121 synthetic peptides without cysteine in
the sequence through Pierce. Synthetic peptides were TMT labeled and run on Orbitrap
Lumos using the same instrument methods. Spectral Libraries were generated using the
Trans Proteomic Pipeline (TPP) in conjunction with the BiblioSpec software suite. Briefly,
results from DDA acquisitions containing synthetic peptides of interest were converted to
mzXML and searched through the Trans Proteomic Pipeline using Comet against a database
specific for these synthetic peptides of interest and randomized decoy peptides. Target-decoy
modeling of peptide spectral matches was performed with PeptideProphet and peptides with
a probability score of > 95% from the entire experimental dataset were included in
subsequent peptide library building. A spectral library was then generated using the
BlibBuild, a tool in the BibloSpec software suite which parses the results to include only the
best peptide spectral match for each identified peptide in the library. Spectral libraries were
then searched using the BlibSearch. Briefly, query spectra were compared to peptide spectral
matches in the library generated via BlibBuild and scored on similarity. Peptides with
contrast angle similarity score > 0.7 are considered matches. The matched results were
further validated by inspecting if they came from the expected raw files (Table S1).

Protein Enrichment Validation Using Western Blot—\We validated some of our
protein tissue enrichment information using western blot analysis. We selected 11 proteins
that are involved in important biological pathways or not well characterized by Uhlén et al.
(2015). Twenty eight representative tissue samples were selected for interrogation with
antibodies as listed in Key Resources Table. Both GAPDH and ACTIN were used as control
because neither of them were consistently expressed across tissues. For each western blot,
4x LDS Sample Buffer and 1M DTT (to final added concentration of 125mM) were mixed
with 15ug protein lysate from each tissue ample, and subsequently heated at 70°C for 10
min. Protein lysates were then loaded and separated on 4%-12% acrylamide SDS-PAGE 15
well gels and transferred to nitrocellulose membranes. After the transfer, the nitrocellulose
membranes were blocked with 3% BSA in TBST for 1 h and washed 3x with TBST. Next,
the nitrocellulose membranes were stained with the primary antibody diluted according to
the antibody manufacturer’s instructions in 3% BSA in TBST overnight at 4°C. The next
day, the nitrocellulose membranes were washed 3x with TBST, and followed by secondary
antibody staining for 2 h at room temperature. The nitrocellulose membranes were
visualized on an Odyssey CLx.
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QUANTIFICATION AND STATISTICAL ANALYSIS

Proteomics Data Processing

Proteomics Dataset: As mentioned above, in total, we have data from 56 mass spectrometry
runs containing data from 420 samples and 112 references. Run 29-56 is the technical
replicate of run 1-28. We combined the 56 result files into one excel sheet (Table S2B). The
specific sample information and its corresponding TMT tag can be found in Table S1A. The
number of biological and technical replicates for each tissue type and individual was listed
in Table S1B. In brief, in each run, there are 10 samples with 126 and 131 as the same
pooled reference sample and the other 8 channels representing different tissue samples. Due
to the availability of samples, 14 runs in each replicate have 9 instead of 10 samples. The
blank TMT channels were removed in the final data table. In the replicate run, each sample
has the same TMT tag as in the initial run but was remixed with different samples in each
10plex.

Quantification of Each Gene at Protein Level: Protein abundances in each sample were
first rescaled so that the total sum of the peptide abundances in each channel was the same as
the average of the total sum abundance of the two reference channels in the same run. Since
low abundance peptides have more variations, we filtered them out before quantitative
analysis. In each 10plex sample, for each peptide, if the reporter ion abundance in one
channel was less than 15, the value in this channel was set as NA. If the total sum of 10
channels was less than 200, values in all channels were set as NA. The abundances of
peptides that are unique to a gene were summed to represent the protein expression level of
the gene. In total, we identified 13,813 proteins and quantified 12,627 after peptide level
filtering. The protein expression data combined from 56 runs is in Table S2.

Quantification from a Single Peptide versus Multiple Peptides: We investigated the
correlation between the intensity of a single peptide and the sum of all the peptides for each
protein. The single peptide was selected in two ways: the most abundant peptide or the
peptide with the median abundance. The Pearson correlation was obtained based on the
relative abundance. In our data, 10,442 proteins were quantified from at least two peptides.
The median of correlation from the most abundant peptide is 0.94 and from the median
abundance peptide is 0.89. The 25%-percentile is 0.86 for the most abundant peptide and
0.71 for median abundance peptide and the 75%-percentile is 0.99 for both types of
peptides. Low correlation may be due to the large variation of the observed peptide
abundance or outlier peptides. Thus, overall by mass spectrometry, the results are
reproducible. More discussion on the enrichment of the proteins quantified from a single
peptide will be discussed in the following sections.

Robust Normalization: Since there are two reference replicate samples in each run, batch
effects were removed by using the relative abundance of each sample to the average of the
reference samples. NAs in the reference channels (126, 131 channels) were imputed using a
minimum value of 15. The relative abundance of each sample was logarithm transformed at
base 2. Different from traditional case-control study or a study with a few conditions, our
samples were from 32 different types of tissues, which are highly heterogeneous. The
majority of previous normalization methods cannot guarantee a robust and tissue-sample
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adaptive correction. Here, we applied our data-driven robust normalization method
(RobNorm) which took into account sample heterogeneities (Wang et al., 2019b). To
robustly estimate the sample effects, we implemented the density-power-weight to down
weigh the outliers for the structured data. Our algorithm automatically detected the sample
inliers (stable abundances) which were used for the robust normalization and at the same
time kept the genuine heterogeneities from outliers. To avoid the bias from missing values,
the estimation for sample effects was based on the genes with less than 50% missing values,
in total, 6,320 genes. We set density power parameter y = 1, and took zero vectors as the
standard sample to implement RobNorm (Wang et al., 2019b). The sample effects were then
corrected for all the genes on the relative abundances in logarithm scale. After
normalization, the log ratio values were transformed back to the absolute abundances for
missing value imputation in the next step. The boxplots of relative abundances in log2 scale
of tissue samples before and after robust normalization are shown in Figure S1 (A-B). The
normalized absolute abundances in the protein profile are summarized in Table S2.

Missing Value Imputation: Proteins are missing due to one or two reasons: they are not
detected by the mass spectrometry analysis or they are highly tissue-specific. For a single
TMT 10plex experiment, if only a few of the channels but not all had missing values, we
imputed a signal-to-noise value of 15 as a minimum value for these channels. For proteins
which were quantified in less than 28 out of 56 runs, they were considered as highly missing
proteins. Fisher’s exact test was used to determine if the chance of the detection of these
proteins was associated with specific tissue types. Since only 32 tests were performed for
each protein, the level for controlling the family-wise error rate (FWER) was set as 0.2.
Tissues that are significantly associated with the chance of protein detection are the ones
having p value < 0.2/32 after Bonferroni’s correction. For these highly missing proteins
(871), we imputed a signal-to-noise value of 15 as a minimum value for missing values
across runs. For the rest of the highly missing proteins without tissue association, imputation
was not employed. After missing value imputation, protein tissue enrichment was further
determined by the tissue specificity analysis.

Tissue Level Filtering and Technical Replicates Combination: After robust normalization
and tissue sample imputation, we then took the non-missing absolute abundance < 15 to be
15 and obtained the relative abundance in log scale at base 2. To combine technical
replicates, we first filtered the dataset on the tissue level. For each gene and each tissue, if a
technical replicate is 2.5 median absolute deviation (MAD) away from the corresponding
tissue median, its value was set as NA. To maintain the individual variation, if all replicates
from the same individual were outliers, we still kept those replicates. Among 237 pairs of
technical replicates, the median Pearson correlation was 0.84, the 1st percentile was 0.81
and the 3rd percentile was 0.88. After filtering for each gene, we took an average of
technical replicates of each tissue and finally constructed a protein expression matrix from
12,627 genes and 201 samples. The following tissue specificity analysis was based on this
expression matrix, which is summarized in Table S1.

Removing PMI Effect in proteome: (Ferreira et al., 2018) showed the impact of the post-
mortem interval (PMI) on gene expression in each individual tissue using the data from the
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GTEX project. In our analysis, we investigated the PMI effect on protein expression (PMI
information are obtained from GTEX portal https://storage.googleapis.com/
gtex_analysis_v8/annotations/GTEx_Analysis_v8_ Annotations_SampleAttributesDS.txt).
After combining the technical replicates for each protein, we modeled the protein expression
with linear relationship to the covariates of tissue type and the PMI effect, i.e., linear.model
(protein abundance ~tissue type + PMI effect). Due to the small sample size for each tissue
type in each time interval, we did not incorporate the interaction terms between the tissue
types across the PMI time intervals. However, we tested the effect of PMI on a single tissue
using data from an unpublished ongoing GTEXx study. Based on RNA study, PMI has the
biggest impact on colon samples (Ferreira et al., 2018). We sampled 20 colon protein
samples and tested the significance of PMI and there were only 6 proteins significantly
affected.

We tested the significance of the PMI effect for each protein, by comparing the model with
and without PMI effect from F-test. From Benjamini-Hochberg procedure (Benjamini and
Hochberg, 1995) under FDR < 0.05, there were 400 proteins significantly affected by PMI,
from a total of 11,608 proteins (which were observed in at least two samples in two PMI
time intervals). We corrected the protein expression by subtracting the fitted PMI effect from
the least-squares estimate. The hierarchical plot of the cleaned protein expressions based on
pairwise Euclidean distance from Ward’s method is shown in Figure S1.

Protein Abundance in Each Tissue: Based on the cleaned technical combined protein
profile, we took the sample median (in log scale) for each tissue as tissue level abundance
for each gene, which is summarized in Table S2.

Transcriptome Data Processing

Dataset: The RNA-seq data in Transcripts Per Kilobase Million (TPM) were obtained from
the GTEX portal in version 8 based on the GENCODE v26. The GTEx v8 data, the large
cohort, contained 19,291 protein-coding genes from 17,382 samples. There were 12,245
genes quantified at the protein level and 182 RNA-seq samples matched to the 14
individuals in our study, the sub-cohort.

There were 1,330 genes with all the tissue median TPMs less than 1 based on the large
cohort data. They were excluded from our tissue enrichment analysis. There were 9,412
genes with all the tissue median TPMs > 1, where 7,806 were quantified at both RNA and
protein levels.

Robust Normalization: The RNA expression level (TPM) was logarithm transformed at
base 2 from the corresponding 32 tissues in the large cohort, in total 12,461 samples. To
avoid taking the log of zero, small values were added to genes with TPM close to zero.
When a TPM lay within the range of [0, 0.01], it was replaced by a value randomly picked
from [0.001, 0.01]. Our normalization method RobNorm in (Wang et al., 2019b) was
applied. The sample effects were estimated based on 9,711 genes having 0.05-quantile > 0 in
log scale. The density-power parameter g was set as 1 and the sample medians were used as
the standard sample. The boxplots of RNA abundances of tissue samples before and after
robust normalization are shown in Figure S2.
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Each RNA’s expression was modeled with respect to a linear relationship to the covariates
of tissue effect, the PMI effect and the interaction effects between tissue types and PMI
based on the normalized data, i.e., linear.model (RNA abundance ~tissue type + PMI effect
+ tissue type x PMI effect). Similarly as in protein expression correction, we corrected the
RNA expression by subtracting the fitted global PMI effect and the tissue-specific PMI
effect from the least-squares estimates. The following analysis was based on the adjusted
expression from the matched samples in our sub-cohort. The hierarchical plot of RNA tissue
samples based on pairwise Euclidean distance from Ward’s method is shown in Figure S2.

RNA Abundance in Each Tissue: We took the sample median of the cleaned RNA
abundances (in log scale) for each tissue as tissue level abundance for each gene, which is
summarized in Table S3.

Protein and RNA Isoform Data Processing—~Each protein isoform must have at least
one isoform unique peptide. Based on GENCODE v26, in total, we identified 7,371 protein-
coding isoforms at the protein level corresponding to 6,966 genes. To quantify protein
isoforms, the same filter criteria was used on the peptides as we did for protein abundance at
the gene level. After data filtering, we quantified 6,311 protein-coding isoforms in the
protein level corresponding to 6,044 genes. We applied the same procedures as the data
processing for proteins to obtain normalized and cleaned protein isoform expression data.

At the RNA level, due to the fact that some isoforms share the same CDs, we collapsed their
transcript IDs as one based on GENCODE v26 and combined their abundances. The
identified protein-coding isoform names in both protein and RNA levels are summarized in
Table S4. We retrieved isoform expression from the GTEX portal in version 8 and applied
the same procedures as the data processing for RNAs to obtain normalized and cleaned RNA
isoform expression data.

Tissue Specificity Score for Proteins—Different proteins exhibit different
distributions across tissues: concentrated or spreadout and with or without tissue specific
expression. The protein distribution across tissues is a mixture model of population
distribution and outlier distribution. We considered the population in Gaussian shape but did
not assume a particular distribution for outliers. Our algorithm AdaTiSS (Wang et al.,
2019d) robustly estimated the population information. Once we obtained the population
parameters, the TS score is a robust version of z-transformation, which measures the
distance of expression for a particular tissue relative to the population mean in units of
standard deviation from the population. Such robust z-transformation is scale-free, thereby
normalizing the relative protein expression using the same metric (z-score). Below we
detailed the discussion on defining protein population and calculating the TS scores for our
data.

Protein Population for defining TS scores—In previous studies, several methods
have been developed to define tissue specificity (TS) scores (Wang et al., 2019d). As
discussed in (Wang et al., 2019d), the key for defining tissue specificity is to distinguish
inlier and outlier tissues. Due to the complexity of the tissue-specific outliers, we focused on
the inliers and defined the concept of a population level of expression in the majority of
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samples. When comparing samples from multiple tissues in our data, the main effect in the
population was the tissue effect, which was confirmed by the t-SNE plot (van der Hinton
Geoffrey, 2008) in Figure 2A in the main text and the hierarchical cluster plot in Figure S1,
where the tissue samples are clustered by tissue types. From our website resource TSomics
(http://snyderome.stanford.edu/TSomics.html), for most of the proteins, their abundances
across tissues form unimodal density as the population, while some samples outside the
majority population may indicate tissue specificity. In most studies, it is conventional to take
the logarithm transformation assuming Gaussian noise in the analysis of expression data.
Based on our experience and other previous work (Ipsen 2017) (Hill et al., 2008), we
modeled the population distribution as Gaussian but we did not assume outlier distribution.
We took into account heterogeneities of various proteins and developed a data-adaptive and
robust estimation method for the population fitting, where the data itself can select a tuning
parameter to adapt its heterogeneous expression and thus the method better fits the
population. The statistical analysis for this procedure can be found in AdaReg (Wang et al.,
2019c). Its application and comparison to other methods are discussed in AdaTiSS (Wang et
al., 2019d).

We applied our population fitting algorithm (AdaTiSS) to the preprocessed data to obtain
population mean, population standard deviation and population proportion (the proportion of
samples contributing to the population distribution). Due to the presence of missing values,
we can only fit the population from AdaTiSS for proteins that were observed (after
imputation) in at least 50 samples (out of 201) which were greater than zero in the log scale,
in total 8,412 proteins (out of 12,627). For the rest of the proteins that had more than 50
samples below zero, we obtained the population mean from the sample median, the
population standard deviation from the sample median of absolute deviation (MAD), and the
population proportion from the proportion of the observed samples within + 2MAD from the
median. The fitted population standard deviation less than 0.01 was set to be 0.01. All the
fitted population information for proteins can be found in Table S2.

We compared our fitted population results from AdaTiSS to the standard sample median and
sample MAD on the 8,412 proteins; sample median and MAD are commonly used practices
for identifying outlier and estimating enrichment. The protein-wise comparison is shown in
Figures S3A and S3B. There are 142 proteins in which the ratio of the fitted SD from
AdaTiSS over MAD is greater than 1.2. Such cases mainly occur when the fitted variance is
too small resulting in a local concentration, which may come from our imputation step.
There are 795 proteins in which that ratio is less than 0.8. As shown in S5 (C), there are
samples in the tails of the population. This is one of the advantages of our method because it
maintains robustness under heavy outliers. For some proteins, there are two comparable
density peaks close to each other in the majority population. In these cases, our algorithm
tends to fit one large single density. More discussion and details are in AdaReg (Wang et al.,
2019c) and AdaTiSS (Wang et al., 2019d). As a resource, we provided all the population
information and population fitting on our website and in Table S1.

Protein TS Scores: Once we robustly captured the population information, the TS score
was obtained based on the robust z-score. Let X be the expression matrix with proteins in
rows and samples in columns. Define the sample robust z-score Zfor protein 7/sample jby
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Xij — (population mean);

i} = (population standard deviation);’

then the TS score for tissue £is

St = mediandZij,

where j;is the sample index belonging to tissue £ The z-based TS score measures the
distance of protein expression in a particular tissue relative to the population mean in units
of standard deviation from the population. It standardizes protein expression across proteins
and tissues, making protein expression comparable. Note that since our score is compared to
the population, it can be positive or negative.

TS Scores for Highly Missing Proteins—From Fisher’s exact test in the step of
imputation in the data processing for proteins, we obtained the protein-detection-associated
tissues. If none of those tissues has the TS score = 2.5, the corresponding protein will not get
across-run imputation (169 proteins) then we reran the procedures for these proteins without
across-run imputation to obtain their final TS scores.

Among those highly missing proteins, we detected 271 tissue enriched proteins quantified
from a single peptide. Their reporter ion S/N on average was greater than 200 which usually
is confident for ion statistics. About 65% of these enriched peptides have higher S/N than
the third quantile of the most abundant single peptides selected.

Protein TS Score Filtering—If a protein was only detected once in a tissue type, NA was
assigned and the tissue score was marked as “NA_one_rep_in_raw.” The protein TS scores
and standard z-scores based on sample median and MAD are summarized in Table S2 with
filter information.

Protein Enrichment Category—We defined four enrichment categories based on protein
TS scores: tissue-specific, tissue-enriched-but-not-specific, house-keeping and others. We
generally assigned proteins as tissue-enriched if they were tissue-specific or tissue-enriched-
but-not-specific. If the TS score > 4 and there were no other tissues with scores in the
interval (2.5, 4), the protein was classified as tissue-specific (in total 1,595). If there was at
least one TS score = 2.5 but the protein was not tissue-specific, the protein was classified as
tissue-enriched-but-not-specific (in total 3,967). If a protein was observed in at least one
sample before imputation in each tissue type and all its TS scores were non-NAs and less
than 2, the protein was classified as house-keeping (in total 1,565). The rest proteins
belonged to the “others” category (in total 5,500). As a requirement, at least three non-NA
tissue scores were needed for a protein to be categorized as tissue-enriched The protein
enrichment information is summarized in Table S2.
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Tissue Specificity Score for RNA

RNA Population for Defining TS Scores: Similar to our protein expression analysis, when
comparing samples from multiple tissues in RNA expression, the main effect is the tissue
effect, which is confirmed from the hierarchical cluster plot shown in Figure S2. Like
several previous studies (Melé et al., 2015) (Li et al., 2017), we assumed Gaussian noise on
the population samples. We applied our algorithm (AdaTiSS) on each gene in RNA
expression to obtain population information. The fitting results in RNA can be found in
Table S3.

In addition, we compared our population fitting to the standard sample median and sample
MAD. Figures S4A and 4B shows the gene-wise comparisons for the population mean and
population standard deviation (SD) on 12,245 protein-and-RNA commonly quantified genes.
We found there are 47 genes that have the ratios of the fitted SD over MAD greater than 1.2
and 1,178 genes have the ratios less than 0.8. Examples of population fittings can be found
in Figure S4C. We provided all the population information and population fitting for RNA
on our website and Table S2.

RNA TS Scores: The same definition as for protein TS scores.

RNA TS Score Filtering: For genes with low expression (all tissue median TPMs < 1), we
assigned the TS scores as NAs and marked them as “NA_all_tissues_tpm_less 1.” We
filtered the tissue score as NA if the tissue has score greater than 2.5 but its raw sample
median TPM is less than 1, and marked it as “NA_raw_tpm_less_1.” The RNA TS scores
and the standard z-scores based on sample median and MAD are summarized in Table S3
with filtering information.

RNA Enrichment Category: The same definition as for the protein enrichment category.
Among 12,245 protein and RNA commonly quantified genes, there are 980 tissue-specific
genes, 5,302 tissue-enriched-but-not-specific genes, and 2,533 house-keeping genes.

Protein and RNA expression comparison

Protein and RNA Correlation Across Tissues: Across tissues, we obtained the Spearman
correlation between the protein TS scores and the RNA TS scores for each gene. For the
analysis, at least five non-NA tissues in both protein and RNA were required. The p values
were obtained from the permutation test by randomly permuting tissue labels based on 200
permutations and were adjusted from the Benjamini-Hochberg procedure (Benjamini and
Hochberg, 1995). The results are summarized in Table S3. 10,349 genes were compared.
Under FDR less than 0.05, we found there are 6,228 genes positively correlated in protein
and RNA scores across tissues, 60 negatively correlated genes, and 4,061 remaining genes
non-significantly correlated.

Concordance of Protein and RNA Enrichment in Each Tissue: In each tissue, if the
protein and its corresponding RNA both have TS scores greater than 2.5, they are defined as
concordantly enriched in that tissue. If the RNA TS score is less than 2.5 and the protein TS
score is greater than 2.5 and at least 1.5 higher than its RNA TS score, we defined the gene
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as discordantly enriched at protein level in that tissue. Vice versa, if protein TS score is less
than 2.5 and the RNA TS score is greater than 2.5 and at least 1.5 higher than its protein TS
score, the gene is discortantly enriched at RNA level in the tissue. The protein/RNA
concordance and discordance results in each tissue are summarized in Table S4.

Enrichment Threshold Justification: To obtain the TS scores, we introduced the concept
of population and assumed a Gaussian population when we applied our algorithm (we do
recognize this assumption is not true for all proteins, but this does appear to be the case for
most proteins). For a random variable in the standard Gaussian distribution, the chance of its
value greater than 2.5 is less than 1%. The 2.5 threshold is a common cutoff for outliers in
Gaussian theory (Rousseeuw and Leroy, 1987).

In addition, based on our obtained data, we justified the threshold. We varied several
enrichment thresholds from 1.5 to 4.5 with an increment of 0.5. A tissue is categorized as
enriched if its score is above the threshold. Under a threshold, we calculated the Jaccard
index on the co-enriched tissue sets for each RNA-and-protein co-quantified gene, where the
Jaccard index measures similarity of the enriched tissue sets from RNA and protein levels.
In formula, the Jaccard index under a threshold /for gene 7is

| Aj 1N Bl

d[,l= |Ai,lUBi,[7|’

where

Ai,l = {tissue : RN Atissue score > lin genei},
Bi,l = {tissue : proteintissue score > lingenei},

and A | is the cardinality of a set. We compared the number of genes whose Jaccard index
dj jis greater than or equal to 0.9 under different thresholds. From the comparison, we found
that RNAs and proteins exhibited the largest number of genes in co-tissue enrichment under
threshold 2.5.

Tissue Specificity Score for Isoforms—We calculated TS scores for protein isoforms
following the same procedures as in the gene level analysis. The protein and RNA isoform
TS scores and their enrichment comparison results are summarized in Table S7.

Analysis of PMI Effect on tissue enrichment—At the protein level, we compared
protein enrichment before and after removing the PMI effect. The two sets of scores were
highly correlated (the median Spearman correlation is 0.9999). In the 12,627 proteins
quantified, there were 243 proteins that changed from the category of “enriched” to “non-
enriched” or vice versa, and these changes happened when the scores were near the tissue
enrichment threshold.

We compared the protein and RNA enrichment categories before and after removing the
PMI effect. There were 595 genes (before) versus 574 genes (after) in both protein and RNA
house-keeping categories, and 2387 genes (before) versus 2283 genes (after) in both protein
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and RNA enrichment categories. Thus, the PMI effect is small when all the tissue samples
were jointly compared.

Gene Function Analysis—We performed an enrichment analysis using the Kyoto
Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) (Gene Ontology
Consortium, 2015) terms based on R package “STRINGdb” (Franceschini et al., 2013).
Table S5 summarizes the results for the GO term enrichment and pathway enrichment for
tissue-enriched proteins for each tissue type. We obtained the enriched genes in the
metabolism pathway by using the sub-pathway IDs from KEGG under the “Metabolism”
category. These findings are also summarized in Table S4.

Analysis of Unidentified Proteins—The Human Protein Atlas project (HPA) has
annotated protein classes for 19,628 genes (Uhlén et al., 2015). Our data had 12,909 genes
mapped to their list. We applied Fisher’s exact test to see whether the unidentified proteins
are enriched in a certain predicted protein class. The results (summarized in Table S1)
showed that the unidentified proteins are significantly enriched in the membrane protein
class, but not significantly enriched in the intercellular nor the secreted protein classes.

Association Analysis of Protein Identification and RNA Expression Level—We
investigated whether a gene that is identified at the protein level is associated with its RNA
expression abundance. In our analysis, we only considered the genes whose RNA expression
level had a raw TPM > 1 in at least one tissue. In total, there are 17,976 such genes. The
mean RNA expression level (in log scale) across 32 tissues was used as the gene’s RNA
level expression. The RNA expression abundances were grouped into 10 bins: ( — c0,1],
(1,2], ..., (8,9], (9, + o). We applied the chi-square test for independence of gene
expression in RNA and protein identification. We found that when we performed this
analysis on all the bins, the p value is less than 2.2 x 10716, but if we only tested on the bins
starting from (5, 6], the p value is 0.21. This indicates when the average RNA expression is
higher than 32 in raw TPM, the identification of the corresponding protein is not
significantly associated with its RNA expression. The contingency table is summarized in
Table S1.

Association Analysis of Protein Isoform Identification and RNA Isoform
Expression Level—We further investigated whether the identification of protein isoforms
is associated with RNA abundances using a similar approach as in our gene analysis. Genes
that have at least two isoforms in RNA are included in the study. The mean RNA expression
(in log scale) from 32 tissues is used as the RNA isoform level expression. The RNA
isoform expressions are grouped into six bins: ( — ©0,1],(1,2], (2,3], (3,4], (4,5], (5, + ©0).
We counted the number of rank 1 RNA isoforms that had corresponding protein evidence in
each expression bin and summarized the information in Table S7. In addition, the same
analysis was performed for the rank 2 RNA isoforms and the information is summarized in
Table S7. We applied the chi-square test for testing independence of RNA isoform
expression and protein identification. For the rank 1 isoforms, protein identification is not
significantly associated with the RNA expression at significance level of 0.05. For the rank 2
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isoforms, RNA isoform expression may affect the identification of the protein isoform (p
value < 2.2 x 10716),

Tissue Enriched Proteins and Genetic Diseases Analysis—For this analysis, we
investigated the link between tissue enriched proteins and genetic diseases. The enriched
proteins in each tissue were compared to the OMIM disease gene list (Amberger et al.,
2015) with disease-relevant tissue abnormality. Fisher’s exact test was applied to assess the
significance of the overlap. The results are summarized in Table S6.

Single-Nucleotide Polymorphism (SNP) Peptides Analysis—The spectra were all
searched against the GENCODE V19 database populated with SNP peptides at peptide FDR
of 1%. The SNP peptides were generated based on the genomic information available from
the 14 individuals in our study. We tested whether the SNP peptides were identified in the
expected individual based on the known genetic information from GTEX consortium. Since
SNP candidate peptides have high missing values, we took (sample median + 2.5 MAD) as
the threshold based on the observed samples and the outliers were the ones whose
abundances exceeded the threshold. Then we applied Fisher’s exact test for testing the
enrichment of SNP peptides in the samples of the expected individual. With controlled FDR
under level 0.1, there are 149 significantly enriched SNP peptides. The results are
summarized in Table S1.

Protein Enrichment Comparison to Previous Studies—We directly compared our
protein enrichment data to Wang et al. (2019a). Wang et al. studied the tissue specificity
based on fold change of the expression and categorized proteins into five classes in the same
classification scheme as in (Uhlén et al., 2015). Wang et al. quantified 13,640 proteins and
our study quantified 12,627. The number of identified proteins that overlapped is 11,221,
which is 88.9% of our results. For proteins that are quantified in both studies, 1080/1438
tissue specific proteins from our study, were also enriched or enhanced in Wang et al.
(2019a) study (Table S2). However, since only 16 tissue types are in common between our
study and theirs, some proteins (n = 342) that are specific in our study showed different
enrichment in the (Wang et al., 2019a) study due to the lack of these samples in their study
(skin, skeletal muscle and arteries etc.). For the same reason, some tissue specific proteins (n
= 497) in their study were enriched differently in our study. The differences may be due to
the different enrichment criteria we used to define tissue enrichment or different tissue types
included in each study. We also used a different quantitation method and had more
biological samples. The summarized comparison result was listed in Table S2.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights
Quantified more than 12,000 proteins across 32 normal human tissues

Discordance of RNA and protein enrichment provides evidence of protein
secretion

Tissue-specific distribution of enzymes indicates a coordinated control of
metabolism

Tissue-enriched proteins provide insights into phenotypes of genetic diseases
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Figure 1. Overview of Tissue Proteome Experimental Workflow and Results
(A) Type of tissues and biological replicates analyzed in this study.

(B) TMT 10plex- and MS3-based mass spectrometry quantitative proteomics workflow.
(C) Number of proteins quantitated in each tissue (Table S2). Each dot represents data from
one person.

(D) Distribution of the number of proteins quantified across different numbers of tissues.
There are 6,357 proteins present in all 32 tissue types. Among them, 1,565 proteins were
classified as HK proteins. See Table S2 for details.
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(E) Distribution of RNA expression in log2TPM for both the identified and unidentified
proteins. RNAs with log2TPM <1 were collapsed to 1.

(F) Number of proteins identified in each protein class. The predicted protein classes are
based on the results from HPA study (Uhlén et al., 2015).

See also Tables S1, S2, and S3.
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Figure 2. Quantitative Proteome Analysis across Tissues
(A) Clustering of proteome data across tissues using t-SNE. As shown, samples are

separated by tissue types not by

individuals.

Pancreatic secretion
Digestion

Gastric acid secretion
Mucin synthesis (stomach)

(B) Method for defining TS scores. As an example, for gene PHYH, the left panel shows the
distribution of its TS scores across tissues fitted using AdaTiSS. The right panel shows its

TS scores in each tissue.

(C) The numbers of enriched and specific protein/RNA across tissues. Enrichment categories

are defined in STAR Methods.

(D) Protein enrichment across tissues and their biological functions. The enriched proteins
represent tissue-specific/shared functions. The gene ontology (GO) term functional

enrichment results are summarized in Table S5.
See also Figures S1, S2, S3, and S4 and Tables S4 and S5.
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Figure 3. Protein and RNA Correlation and Concordance Analysis across and within Tissues
(A) Spearman Correlation of protein and RNA across 32 tissues. The significance is based

on permutation test from 200 permutations (BH-adjusted p value < 0.1).

(B) The number of concordantly or discordantly enriched proteins and RNAs in each tissue.
(C) The enrichment of housekeeping RNAs at the protein level across tissues.

(D) TS-score of RABT7A across tissues for the proteome and transcriptome.

(E) Secreted proteins and their concordance to corresponding RNAs in each tissue.

(F) Concordance analysis of pituitary secreted proteins. All the peptide hormones in the
anterior part of pituitary are concordantly enriched at the protein and RNA levels. Hormones
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in the posterior part of the pituitary are secreted from hypothalamus and stored in the
pituitary.
See also Table S4.
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Figure 4. Analysis of Tissue-Specific Metabolism
(A) Enrichment of a subset of metabolic pathways across different tissues. The heatmap

shows the significance of the -log(p values) from the pathway enrichment test. The plot only
includes the tissues having at least one significantly enriched pathway under threshold of
0.001 for the p value from Fisher’s exact test.

(B) The enrichment map of key enzymes in BCAA metabolism.

(C) Tissue enrichment of the first-step enzyme BCAT1/2 and the second-step enzyme
BCKDH and its activator PPM1K.

(D) Interactive map of BCAA shuttling among tissues and the enriched enzymes.
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See also Figure S5 and Tables S4 and S5.
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Figure 5. Association of Tissue-Enriched Proteins with Genetic Diseases
(A) Heatmap of the enrichment of genetic diseases across tissues. Some genetic diseases are

significantly enriched in specific tissues such as Bardet-Biedl syndrome and Leigh
syndrome. The disease terms are from the OMIM database.

(B) Protein and RNA concordance heatmap for genes involved in Leigh syndrome.
See also Tables S4 and S6.
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(A) Total number of genes which have different numbers of isoforms identified at the protein
level. Different colors represent the number of RNA isoforms for each gene. We identified
one isoform for nearly 7,000 genes, although we observe several RNA isoforms for each

gene.

(B) The proportion of the rank 1 and 2 RNA isoforms identified at the protein level across

RNA abundance intervals.
See also Table S7.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit Anti-ATP6V1E1 Abcam Cat# ab111733; RRID: AB_10861729
Rabbit Anti-BCAT1 Abcam Cat# ab197941; RRID: AB_2858260
Rabbit Anti-BCAT2 Abcam Cat# ab111733; RRID: AB_10677595
Rabbit Recombinant Anti-ABAT/GABA-T Abcam Cat# ab216465; RRID: AB_2801302
Rabbit Anti-BCKDHB Abcam Cat# ab201225; RRID: AB_2858261
Rabbit Anti-PURA Abcam Cat# ab79936; RRID: AB_2253242

Rabbit Anti-VPS52

Mouse Anti-B-Actin monoclonal
Rabbit Anti-p-Actin monoclonal
IRDye 680RD Donkey anti-Mouse 1gG
IRDye 800CW Goat anti-Rabbit 1gG
Mouse Anti-GAPDH

Rabbit Anti-FHOD1

Mouse Anti-MYL7

Rabbit Anti-UNC13C

Rabbit Anti-GAPDH

Aviva Systems Biology
Cell Signaling Technology
Cell Signaling Technology
LI-COR Biosciences
LI-COR Biosciences
Millipore

Novus Biologicals

Novus Biologicals
Sigma-Aldrich
Sigma-Aldrich

Cat# ARP57644_P050; RRID: AB_10714467

Cat# 3700; RRID: AB_2242334

Cat# 4970; RRID: AB_222317

Cat# 926-68072; RRID: AB_10953628
Cat# 926-32211; RRID: AB_621843
Cat# CB1001; RRID: AB_2107426

Cat# NBP1-83900; RRID: AB_11043001
Cat# NBP2-03891; RRID: AB_2858262
Cat# HPA041516; RRID: AB_10795124
Cat# G9545; RRID: AB_796208

Biological Samples

Table S1A GTEX (Genotype-Tissue N/A
Expression) Consortium
Chemicals, Peptides, and Recombinant Proteins
Acetonitrile, Optima LC/MS Grade, Fisher Chemical Fisher Scientific Cat# A955
Water, Optima LC/MS Grade, Fisher Chemical Fisher Scientific Cat# W6500
é})/syl Endopeptidase Mass Spectrometry Grade (Lys-  Fujifilm Wako Pure Chemical ~ Cat# 12505061
2-Chloroacetamide (CAA) Sigma Aldrich Cat# 22790
Acetone Sigma Aldrich Cat# 179124
Tris(2-carboxyethyl)phosphine hydrochloride (TCEP)  Sigma Aldrich Cat# C4706
Trizma® base Sigma Aldrich Cat# 93350
Guanidine-HCI Thermo Fisher Scientific Cat# 24110
Pierce Trypsin Protease, MS Grade Thermo Fisher Scientific Cat# 90059
TMT10plex Isobaric Label Reagent Set, 1 x 0.8 mg Thermo Fisher Scientific Cat# 90110
Critical Commercial Assays
TBS W TWEEN (TBST) 20X SOL 1L Alfa Aesar Cat# J77500K2
Nitrocellulose Membrane, Precut, 0.2 ym, 7 x 8.4 cm  Bio-Rad Cat# 1620146
Extra thick blot filter paper 30x15x15 cm sheets Bio-Rad Cat# 1703959
Amersham ECL Plex Fluorescent Rainbow Markers Cytiva Cat# RPN851E
Lysing matrix D tubes MP Biomedicals Cat# 6913100
Bovine Serum Albumin Sigma Aldrich Cat# A5611
Pierce BCA Protein Assay Kit Thermo Fisher Scientific Cat# 23225

Cell. Author manuscript; available in PMC 2021 October 01.



1duosnuepy Joyiny 1duosnue Joyiny 1duosnuepy Joyiny

1duosnue Joyiny

Jiang et al.

Page 43

REAGENT or RESOURCE

SOURCE

IDENTIFIER

MOPS SDS Running Buffer (20X)

NuPAGE 4-12% Bis-Tris Protein Gels, 1.0 mm,
15 well

NuPAGE 4x LDS Buffer
NuPAGE Transfer Buffer (20X)

Thermo Fisher Scientific

Thermo Fisher Scientific

Thermo Fisher Scientific

Thermo Fisher Scientific

Cat# NP0001
Cat# NP0323BOX

Cat# NP0008
Cat# NP00061

Oasis HLB 1 cc Vac Cartridge 10 mg Sorbent per Waters Cat# 186000383

Cartridge 30 um 100/pk

Deposited Data

GENCODE v26 GENCODE https://www.gencodegenes.org/human/
release_26.html

Proteome Data This study ProteomeXchange Consortium: PXD016999

OMIM Amberger et al., 2015 https://omim.org/

RNA-seq TPM data v8 GTEX portal https://www.gtexportal.org/home/

TSomics This study http://snyderome.stanford.edu/TSomics.html

RNA isoform data v8 GTEX portal https://www.gtexportal.org/home/

Software and Algorithms

Proteome Discoverer (Version 2.1)

Xcalibur (Version 4.0.27.42)

Orbitrap Fusion Tune (Version 2.1.1565.24)
MassLynx (Version 4.1)

BlibSearch

Gephi (Version 0.9.2)
AdaReg

AdaTiSS

ggplot2 R package v
R(v3.6.1)

RobNorm

Rtsne R package (v0.15)

STRINGdb R package (v10)

Thermo Fisher Scientific

Thermo Fisher Scientific

Thermo Fisher Scientific

Waters

BiblioSpec 2.0

Gephi

Wang et al., 2019¢

Wang et al., 2019d

Wickham H, 2016

R core team

Wang et al., 2019b

van der Hinton Geoffrey, 2008

Franceschini et al., 2013

https://www.thermofisher.com/order/catalog/
product/OPTON-30945?SID=srch-hj-
OPTON-30945#/OPTON-30945?SID=srch-hj-
OPTON-30945

https://www.thermofisher.com/order/catalog/
product/OPTON-30965#/OPTON-30965

https://www.thermofisher.com/

https://www.waters.com/waters/en_US/MassLynx-
Mass-Spectrometry-Software-/nav.htm?
cid=513164&Iocale=en_US

https://skyline.ms/wiki/home/software/BiblioSpec/
page.view?name=default

https://gephi.org/
https://github.com/mwgrassgreen/AdaReg
N/A

https://ggplot2.tidyverse.org
https://www.r-project.org/
https://github.com/mwgrassgreen/RobNorm

https://cran.r-project.org/web/packages/Rtsne/
Rtsne.pdf

https://www.bioconductor.org/packages/release/bioc/
html/STRINGdb.html
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