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Abstract

Studying the spatial distribution of proteins provides the basis for understand-

ing the biology, molecular repertoire, and architecture of every human cell.

The Human Protein Atlas (HPA) has grown into one of the world's largest bio-

logical databases, and in the most recent version, a major update of the struc-

ture of the database was performed. The data has now been organized into

10 different comprehensive sections, each summarizing different aspects of the

human proteome and the protein-coding genes. In particular, large datasets

with information on the single cell type level have been integrated, refining

the tissue and cell type specificity and detailing the expression in cell states

with an increased resolution. The multi-modal data constitute an important

resource for both basic and translational science, and hold promise for integra-

tion with novel emerging technologies at the protein and RNA level.
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1 | INTRODUCTION

Recently, different human mapping efforts have provided
an overview of gene and protein expression across a wide
range of tissues and organs. Such initiatives include the
GTEx (Keen & Moore, 2015) and FANTOM5 (Yu
et al., 2015) consortia based on bulk RNA sequencing,
and the Human Proteome Project (HPP), generating a
high-stringency map of human proteins using mass spec-
trometry (Adhikari et al., 2020). In parallel, a decade of
development of the single cell RNA sequencing (scRNA-
seq) method has opened up the possibility to solve the
complexity of the human body at completely new levels.
Body-wide efforts focusing on single-cell transcriptomics
include the Human Cell Atlas (HCA) (Regev et al., 2017),
the Chan Zuckerberg Initiative (CZI) (Tabula Sapiens
et al., 2022), the Human BioMolecular Atlas Program

(HuBMAP) (Consortium, H, 2019) (funded by the
National Institute of Health [NIH]), and the Human Cell
Landscape (Han et al., 2020). Few previous efforts how-
ever focused on integration of various approaches, and
studies that involve validating transcriptomic findings at
the protein level are rare.

In the Human Protein Atlas (HPA) project, a combi-
nation of transcriptomics and antibody-based proteomics
is used to map all human proteins at a single-cell and
spatial resolution (Uhlen et al., 2015). All data is made
publically available in the open-access knowledge
resource http://www.proteinatlas.org, that has grown
into one of the world's most visited biological databases.
In version 21 that was released in November 2021, a
major update was launched introducing 10 different sec-
tions instead of the previously six (Digre &
Lindskog, 2021), covering various aspects of human
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protein-coding genes (Figure 1). New sections include
Single Cell Type, Tissue Cell Type, Cell Line, and Blood
Proteins. A new way of classifying genes was also intro-
duced in version 21, by which all genes were clustered
based on expression across the different tissues/cell types,
followed by annotation of each cluster to assign main
properties according to common features in terms of
overall function, location, and specificity. This novel clas-
sification covers 87 tissue gene clusters, 68 single cell type
gene clusters, 52 immune cell gene clusters and 44 cell
line gene clusters.

With the new data and organization of the database,
the HPA gives the users a possibility to explore proteins
from new angles and with a higher resolution. Here, we
provide an overview of the recent updates and the struc-
ture of the HPA database, with examples showing the
utility of the different datasets and how these can be inte-
grated for a comprehensive view of human proteins at
different levels.

2 | INTEGRATED OMICS FOR
INCREASING THE SINGLE CELL
RESOLUTION

Transcriptomics methods are superior in terms of gene
coverage, while mass spectrometry-based proteomics
methods exceed in dynamic range (Wang et al., 2019). Fur-
thermore, proteomics can generate important information
on temporal expression or to which extent proteins are

modified, activated or repressed, including post-
translational modifications and various splice variants,
information that cannot be retrieved by transcriptomics
alone (Hikmet et al., 2020). One of the disadvantages of
massive parallel sequencing of RNA and mass spectrome-
try is however the loss of transcript or protein location in
relation to the tissue geography. Antibody-based proteo-
mics is to date the main method for determining spatio-
temporal expression at a single cell or subcellular level
due to higher pixel resolution, but at the price of less
quantitative measurements. Integrating data across disci-
plines aids in translating the findings into biologically rele-
vant knowledge. In the HPA, multiple technologies for
mRNA and protein detection are combined to build a
multi-dimensional spatio-temporal map of the human
body. In the following sections, we describe the most
recent updates of the transcriptomics and proteomics data-
sets in the HPA, and how these were integrated to increase
the resolution at a single cell level.

2.1 | Single cell type—integration with
single cell transcriptomics

Massive parallel sequencing of RNA using single cell prep-
arations of tissues followed by computational cluster anal-
ysis has become a successful recipe used by researchers
worldwide to study the human cellular components
at healthy and diseased states. In the HPA, the effort to
compile multiple publically available single cell

FIGURE 1 Overview of the content of the Human Protein Atlas database. The open-access resource contains comprehensive

information on different aspects of the human proteome, divided into 10 separate sections. By integrating proteomics with transcriptomics,

the human protein-coding genes can be analyzed for specificity at the tissue, cellular and subcellular level, as well as during disease or in

human blood
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transcriptomics datasets into a single body-wide expression
map of all protein-coding genes was accomplished in two
steps. In an initial effort, quality controlled datasets repre-
senting 13 tissues and PBMCs were compiled (Karlsson
et al., 2021). Briefly, raw expression data from single cells
of each tissue sample were grouped into clusters based on
their expression across genes. The main cell type of each
cluster was identified through manual annotation based
on the mRNA expression of a large set of well-known cell
type markers and IHC-based expression data. In order to
handle genes with low expression levels, expression data
within cell type clusters were pooled, finally generating
normalized transcript per million (nTPM) for each gene
and cell type. The processed data was added to version
20 of the HPA in the form of a Single Cell Type
section (www.proteinatlas.org/humanproteome/single
+cell+type). In version 21, 12 new tissues were added
using the same data processing pipeline, increasing the
total coverage to 25 tissues and PBMCs, giving rise to
444 individual cell type clusters (Karlsson et al., 2022). Cell
type clusters within a tissue that were annotated with the
same name, as well as cell types found in multiple tissues,
such as immune cells, connective tissue cells, and endo-
thelial cells, were merged. Altogether, this resulted in
76 main single cell types, corresponding to the major cell
types in the human body. For the purpose of simplifying
the interpretation of the data, all cell types were also orga-
nized into 15 different color-coded cell type groups based
on common functional features, for example, neuronal
cells, germ cells, and various types of epithelial cells.

Classification of genes according to specificity of
expression within the human body has been implemen-
ted previously in the HPA for bulk RNA-seq data in order
to highlight genes with interesting expression patterns
across tissues (Ahlen et al., 2015). The same strategy was
utilized to classify the specificity of gene expression
across cell types (Karlsson et al., 2021, 2022). The speci-
ficity describes to which degree the expression of a gene
is elevated among one or a few cell types compared to all
other cell types. Elevated expression is divided into three
different degrees of specificity, including (a) enriched
expression, where a gene has at least a four-fold higher
expression in a cell type compared any other cell types,
(b) group enriched, where a gene has at least a four-fold
higher expression in a group of 2–10 cell types compared
to any other cell type, or (c) enhanced, where a gene has
at least a four-fold higher expression in 1–10 cell types
compared to the mean expression of the other cell types.
Most genes (n = 15,317, 76%) were classified as elevated
in one or more cell types (Karlsson et al., 2022). This is a
marked increase compared to the bulk RNA-seq data
(n = 10,986, 55%), which is expected since many of the
analyzed cell types are found across many tissues. Among

the elevated genes, 1908 genes (12%) were enriched in a
single cell type, 2799 genes were group enriched, and
10,610 genes (69%), about half of all protein-coding
genes, were classified as enhanced in up to 10 cell types.

Expression levels (nTPM) of all protein-coding genes
in all cell types and single cell clusters, cell type specific-
ity classifications, single cell and gene cluster visualiza-
tions, and integrated IHC images are all publically
available at the Single Cell Type section of the HPA web
portal (http://www.proteinatlas.org). The gene expression
of each cell type and all associated cell type clusters can
also be explored through the Single Cell Type
section pages that include brief knowledge chapters
sorted into 15 cell type groups, including comprehensive
examples of cell type-elevated genes. In addition, the Sin-
gle Cell Type section pages include a dendrogram that
shows the relationship between the different cell types, a
gene cluster UMAP plot highlighting the relationship
between genes across cell types as well as a summary of
all cell type elevated genes. Further, the Single Cell Type
data is integrated into the gene search result pages, giving
the visitor the possibility to access all information from a
gene-specific perspective.

2.2 | Tissue cell type—deconvolution of
bulk RNA-seq data

Parallel to the development and emerging role of single
cell transcriptomics in the field of omics during the last
decade, a complementary method has emerged for single
cell type analysis. Based on computational deconvolution
and integrated network analysis of bulk RNA-seq data, a
prediction of cell type specificity can be made for each
gene based on the expression (Butler et al., 2016; Dusart
et al., 2019). The method takes advantage of the fact that
there are genes that are particularly expressed by a single
cell type in a regular manner, so-called reference genes,
and thus reflect the quantity of that cell type in a tissue
sample. After careful selection of a set of reference genes
for each cell type, the expression levels of the reference
genes are compared to the expression levels of all other
genes across all tissue samples to determine the degree of
correlation (0–1), thus creating surrogate measurements
of the correlation between specific cell types and all
protein-coding genes. The cell type correlation data of all
protein-coding genes in 14 tissues has been added to the
HPA website in the Tissue Cell Type section, constituting
a useful complement to the bulk and single cell RNA-seq
data found in the Tissue and Single Cell Type sections of
HPA, respectively. In an effort to profile highly cell type-
specific genes, the correlation data has been classified
into specificity categories, where genes with large
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differences in correlation scores between one cell type
and all other cell types within a tissue have been classi-
fied as enriched in that cell type and tissue. The enriched
cell type-specific genes can be explored either through a
summary list and tissue-based cell type profiles accompa-
nied with in-house generated IHC images in the Tissue
Cell Type section pages, or by including the Tissue Cell
Type specificity categories in advanced filtered searches
to identify enriched genes supported by data from addi-
tional sections in the HPA. In addition to the cell type
profiles organized into 14 different tissue pages, there are
also cell type profiles for eight different “core cell types”,
highlighting cell types found in all or most of the profiled
tissues, including endothelial cells, smooth muscle cells,
fibroblasts and five different types of immune cells.

Since the deconvolution method generates correlation
scores based on reference genes without any estimate on
quantities, it is seen as a complement to techniques that
are able to quantify gene expression. The established Tis-
sue Cell Type platform in the HPA provides a useful com-
plementary tool to support data from the other sections
and identify important cell type-specific genes missed by
other methods. The deconvolution analysis is able to
avoid key issues associated with scRNA-seq and
antibody-based analysis. While scRNA-seq of tissue sam-
ples enables large-scale high-resolution analysis of the
transcriptome, the method is limited by the need for tis-
sue separation into its single cell components, a tricky
procedure that results in the use of few tissue replicates,
loss of certain types of cells that are fragile or hard to sep-
arate (e.g., Sertoli cells in testis), as well as an obvious
risk of altering the expression profile of cells when they
become detached from their environment (Chen
et al., 2019; Dusart et al., 2019). One limitation of the
deconvolution method is however that it is based on cor-
relation with the expression of well-known markers only.
Thus, only previously identified cell types can be charac-
terized, and the method is not suitable for defining novel
subsets of cells and cell state-specific expression patterns.
Antibody-based analysis of protein expression in tissues
offers high-resolution spatial localization of proteins, but
struggles with varying degrees of specificity and off-target
binding, and has hence benefited greatly from supportive
data generated by complementary methods (Sivertsson
et al., 2020). In contrast to scRNA-seq analysis, bulk
RNA-seq-based deconvolution can utilize large numbers
of freely available biological replicates for robust analysis
of cells in their natural tissue environment. Deconvolu-
tion further allows for investigation into the expression
specificity profile of low abundant and fragile cell types
not previously characterized in the HPA by any of the
previously used methods, such as podocytes of renal glo-
meruli, beta cells in pancreatic islets of Langerhans,

gastric acid-producing parietal and chief cells of the
stomach, mast cells of the immune system, and several
cell types of various cellular structures in the skin.

The benefit of integrating gross data at single tissue
resolution with information from various methods at sin-
gle cell resolution was evaluated by examining the speci-
ficity profiles of three of the “new” cell types at the
Tissue Cell Type section: renal podocytes, pancreatic beta
cells, and eccrine sweat gland cells of the skin. Podocytes
are specialized epithelial cells that cover the capillaries of
the kidney glomerulus, creating thin gaps between adja-
cent podocytes where only small molecules can pass
through (Reiser & Altintas, 2016). Podocalyxin like
(PODXL) is one of 43 genes classified as very highly
enriched in podocytes (corr: 0.874) and is known in sci-
entific literature to be expressed by podocytes to enable
glomerular filtration (Refaeli et al., 2020). Through the
employment of the bulk RNA-seq data in the Tissue sec-
tion, the expression of PODXL is shown to be localized to
the kidney (Figure 2). However, to sort out the contribu-
tion from each of the different cell types within the kid-
ney, expression data at single cell resolution is needed.
While the kidney scRNA-seq data that was included in
version 21 of the Single Cell Type section lacks a podo-
cyte cluster and only shows low level of expression in
mainly collecting duct cells, IHC images show clear
expression of PODXL in the outer podocyte layer of glo-
meruli, supported by the high correlation of expression
between PODXL and the podocyte reference transcripts
predicted by the deconvolution analysis in the Tissue Cell
Type section.

Islet amyloid polypeptide (IAPP) is a well-
characterized protein hormone that is known to be pro-
duced by beta cells of islets of Langerhans and secreted
into the blood together with insulin in order to regulate
the levels of glucose in the blood. IAPP is classified as
very highly enriched in beta cells (corr: 0.588) within the
pancreas (Figure 2). In addition, the expression of IAPP
is highly correlated with early and late spermatids (corr:
0.678 and 0.619, respectively) within testis. These predic-
tions are also in agreement with data from other sections
in the HPA database. IAPP is classified as enriched in the
pancreas and group enriched in pancreatic endocrine
cells (i.e., cells in the islets of Langerhans) and early sper-
matids in the Tissue and Single Cell Type sections,
respectively. The expression of IAPP within islets of Lan-
gerhans is also validated on the protein level using IHC,
showing cytoplasmic expression within a subset of the
cells within the islets of Langerhans.

Tissue samples used for omics analysis are collected
from various parts of human organs and tissues. Since
the three-dimensional architecture of tissues varies at dif-
ferent locations, this can give rise to significant between-
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sample variation in terms of cell type proportions and
gene expression. Skin has a particularly complex tissue
architecture involving several layers found at different
depths, each with its distinct features. Some of the cellu-
lar structures that are not commonly found in the skin
samples analyzed with IHC include hair root structures,
sebaceous glands, and eccrine sweat glands. Eccrine
sweat glands consist of a secretory coil found in the deep
part of the dermis layer of the skin that is connected to a
single tube that leads the sweat from the secretory coils
to an opening at the skin surface (Cui &
Schlessinger, 2015). Engrailed homeobox 1 (EN1) belongs
to the group of 61 genes classified as very highly enriched
in eccrine sweat gland cells (corr: 0.761) according to the
Tissue Cell Type section (Figure 2). Expression levels
from RNA-seq data at tissue and single cell level indicate
some specificity linked to skin and melanocytes, respec-
tively, but do not provide any clear indication of

expression within the cells of eccrine sweat glands. How-
ever, extended in-depth characterization of selected areas
of skin containing structures previously not stained using
IHC show clear nuclear staining in eccrine sweat gland
cells, illustrating the benefit of an ongoing effort within
the HPA program to expand and deepen the antibody-
based exploration of human tissues.

2.3 | High-resolution spatial proteomics

The major collection of bioimages in the HPA database,
comprising 10 million high-resolution images of stained
tissues and cells, constitutes an important resource for
studying protein expression in relation to tissue and cell
morphology. While the staining of the most common cell
types and structures have been manually annotated and is
presented as protein expression levels, each image

FIGURE 2 Integrated omics for increasing the single cell resolution. Representation of how the utilization of three types of expression

data at single cell resolution (single cell RNA-seq, immunohistochemistry and deconvolution analysis) enable increased understanding of

the spatial expression compared to expression data at single tissue resolution (bulk RNA-seq). Bulk RNA-seq data (left panel) is presented as

normalized transcripts per million (nTPM) in relevant tissues. Single cell resolution data (right panel) are shown for the relevant tissue for

three different examples (PODXL/kidney, IAPP/pancreas and EN1/skin). Single cell RNA-seq data is presented as tissue-specific cell type

cluster UMAP plots and bar charts. A mouse-over window is shown in one of the cell type cluster UMAP plots (IAPP) listing cell-associated

read count, cluster number and the amount of cells in that cluster. Deconvolution analysis is represented by plots with enrichment scores for

each cell type above cutoff (0.3). EN1, engrailed homeobox 1; IAPP, Islet amyloid polypeptide; PODXL, podocalyxin like
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contains much more information regarding the exact spa-
tial localization, including expression in subsets of cells
and rare cell types. In an effort to increase the resolution
of the tissue-based protein expression data, relevant sets of
genes, mostly comprising genes that based on mRNA
expression have been shown to be elevated in specific tis-
sues or cell types, have undergone an in-depth characteri-
zation. By involving international experts with extensive
knowledge regarding certain human organs, the spatial
data could be analyzed with a higher resolution. Available
images of human testis served as a first pilot project to dis-
tinguish protein expression in eight different cell types
instead of previously two (Ghoshal et al., 2021; Pineau
et al., 2019). Due to the complex physiological processes
taking place during spermatogenesis and the fact that tes-
tis harbors a large number of proteins not previously char-
acterized, this organ is a priority for ongoing follow-up
studies related to the Tissue section (Green et al., 2018;
Guo et al., 2018). Based on a similar strategy, a detailed
characterization was performed for cerebellum, lung,
bronchus, nasopharynx, fallopian tube, placenta, kidney,
duodenum, colon, rectum, small intestine, and two differ-
ent skin samples. In total, 7260 genes have undergone an
in-depth characterization of existing images in the HPA
database, resulting in novel datasets with detailed protein
expression data in 63 new cell types from 14 different
organs. The new data constitutes an excellent resource for
comparison with other single cell efforts, including the
information generated as part of the Single Cell Type and
Tissue Cell Type sections, or various external initiatives
mapping the human body at a single cell level.

2.4 | Other recent updates to the HPA
database

In addition to the Single Cell Type and Tissue Cell Type
sections, two other novel sections have been introduced in
version 21: the Blood Protein and the Cell Line sections.
The Blood Protein section refers to datasets related to the
plasma proteome and the human secretome, that were
previously included in the Blood Atlas section (Digre &
Lindskog, 2021). In version 21, plasma concentrations
based on mass spectrometry data from a new build of the
Peptide Atlas are presented for 4072 secreted and leakage
proteins. Plasma levels for 1456 proteins measured in a
2-year longitudinal study of healthy individuals using
proximity extension assay combined with next generation
DNA sequencing (Olink Explore) are also presented
(Tebani et al., 2020). The data summarized as the human
secretome, that is, the collection of proteins expected to be
secreted (Uhlen et al., 2019a), has been updated and a new
category, Immunoglobulin genes, has been added. The

total number of predicted secreted proteins is now 2739
and the number of proteins annotated as secreted to blood
is 784. These proteins constitute a particularly interesting
group of proteins for diagnostic and drug development
purposes. Plasma concentrations for 435 proteins predicted
to be secreted to blood have been collected from immuno-
assay based studies in literature and are displayed together
with information on their predicted function. The tran-
scriptomics data from 18 different immune cell types sepa-
rated by flow sorting that was previously included in the
Blood Atlas (Uhlen et al., 2019b) are now presented under
the Immune Cell section.

The Cell Line section is based on the cell line expres-
sion data that was earlier part of the Cell Atlas. The pre-
vious data on subcellular localization of human proteins
using cell lines (Thul et al., 2017) can now be found
under the Subcellular section. In the Subcellular section,
a new normalization strategy for staining intensities of
cell cycle dependent markers was used, leading to the
definition of an additional 129 genes with cell cycle
dependent transcripts (Mahdessian et al., 2021).

In the Brain section, the previous transcriptomics
data based on GTEx and FANTOM5 was replaced by
internally generated RNA-seq data from 967 human
brain samples including >200 regions, areas and nuclei
of the human brain. No new updates were made to the
Pathology and Metabolic sections that have not been
described previously (Robinson et al., 2020; Sivertsson
et al., 2020; Uhlen et al., 2017). It should however be
noted that the HPA database is built upon protein-coding
genes as defined by Ensembl, which means that each
time the HPA links the data to a new version of Ensembl
(currently Ensembl version 103.38), numbers of genes
and proteins analyzed with different assays as well as all
gene specificity classifications will be affected. Further-
more, the protein expression data in the Tissue, Pathol-
ogy and Subcellular sections is constantly being reviewed
to ensure antibody specificity, and antibody stainings
may be replaced or removed between versions if novel
information suggests that the data is contradictory. A full
list of such antibody changes, as well as information on
the major updates for each version of the HPA database
can be found under the Release history (https://www.
proteinatlas.org/about/releases).

3 | BIG DATA ORGANIZATION
AND VISUALIZATION

The HPA online resource has expanded rapidly in recent
years with additions of several large-scale analyses of
transcriptomic datasets at both tissue and single cell reso-
lution to support and expand the already existing
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antibody-based exploration of proteins, involving all parts
of the human body, healthy and cancer tissues, as well as
cell lines, complemented by studies made on tissues from
pig and mouse. The assembly of such extensive amounts
of multi-dimensional data from integrated omics technol-
ogies makes it difficult to utilize and interpret. Hence, a
lot of effort has been put into creating a user-friendly
website structure with easy-to-interpret graphics to guide
the visitor through the data and highlight important
aspects of the information. The various types of data in
the HPA website have recently been organized into
10 sections to simplify the exploration of proteins. Fur-
ther, the section-based structure of the website is
designed to allow the visitor three different ways to make
use of the data: (i) browse through expression profiles of
the various categories of each section, such as the expres-
sion of genes in different organs, tissues, cell types, cell
lines or subcellular compartments, and also explore the
proteins involved in different pathways of human metab-
olism, (ii) identify and study the expression of individual
genes or proteins through the various perspectives of the
10 sections using the advanced search engine on the web-
site with built in filters to discriminate according to vari-
ous categories and features associated with the gene or
protein at the HPA, or (iii) download the data in raw or
processed form for free analysis and exploration.

Holistic computational analysis of large transcrip-
tomic datasets and subsequent visualization and
interpretation of the resulting data require advanced
mathematical models. After the transcript count data
has been processed to allow for sample comparison and
clustered to map the relationship between all data
points, the data will include a large number of dimen-
sions that cannot be plotted in a single graph. To solve
this problem, dimensionality reduction methods are
used to create two-dimensional representations of the
data that can then be plotted in a normal graph. A com-
monly used method for dimensionality reduction of
high-dimensional data is the uniform manifold approxi-
mation and projection (UMAP) method. UMAP repre-
sentations of the data create a two-dimensional
landscape of data points that are divided into different
clusters based on the distances between the data points,
where neighboring data points that are close to each
other and form clusters have similar expression patterns
and vice versa. Thus, data points within a cluster often
share some trait, like cells of the same cell type or genes
that are part of the same biological process.

UMAP analysis was vital in the creation of the Single
Cell Type section of HPA (Karlsson et al., 2021). Since
cells of the same cell type have similar expression profiles
compared to other types of cells, they cluster together in
the UMAP analysis of scRNA-seq data, forming the basis

for identifying cell type clusters. In addition to analysis of
single cell type expression across genes, UMAP was also
employed in an opposite fashion to explore the relation-
ship between all protein-coding genes across tissues, cell
types, immune cells, and cell lines, as a help to uncover
previously unknown associations between genes
(Karlsson et al., 2022). This new way of expression clus-
tering constitutes a novel classification of all protein-
coding genes. The other classification system entails strat-
ification of genes according to the specificity and distribu-
tion of their expression in various tissues, cell types or
cell lines, which is limited to genes that are detected
(>1.0 nTPM) or have relatively high expression in one or
few tissues, cell types or cell lines. Thus, there are risks of
neglecting genes with semi-ubiquitous expression pat-
terns across tissues and cells that fall outside specific cut-
offs. By stratifying genes according to their expression
pattern across tissues and cells, genes that were previ-
ously neglected can be picked up based on their associa-
tion with a gene cluster containing groups of genes
involved in well-known processes.

Each of the gene clusters identified in the UMAP
expression analysis were manually assigned with a
main specificity and function based on summary ana-
lyses of the expression specificity and other protein
characterization data associated with the genes within
the clusters. The gene cluster UMAP visualizations
revealed close association between many of the clusters
annotated as non-specific or with unknown or basic cel-
lular functions, such as “transcription”, “mitochon-
dria”, and “cell cycle regulation”. Most of these clusters
are located close to the center area of the UMAPs.
Other sets of gene clusters that were found grouped
together in the different UMAPs include clusters
related to the immune system, nervous system and
spermatogenesis. Overall, the UMAPs displayed a pat-
tern of close association between clusters, except for the
cell line version that showed a high degree of cluster
dispersion. This could possibly be a result of the special-
ization of expression seen for established in vitro grown
cell lines, while the “boundaries” between the expres-
sion of different tissues and cell types are less pro-
nounced (Uhlen et al., 2019b).

In order to evaluate the utility of the gene clustering,
individual clusters within the Tissue version were
explored to find interesting examples of associated genes
(Figure 3). Cluster 19 is a relatively small cluster of
44 genes annotated as mainly lung-specific, both in terms
of expression and function. The lung is made up to a
large extent of alveoli, air sacs where oxygen is
exchanged for carbon dioxide in the blood. The alveoli
include two types of alveolar cell types, type 1 and type
2, that form the air sac structure and produce surfactant
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in order to lower the surface tension in the fluids that
cover the inner surface of the alveoli, respectively. Pro-
teins make up about 10% of the surfactant mixture and
one of these proteins is the cluster 19 member surfactant
protein B (SFTPB). SFTPB has enriched expression in
lung and type 2 alveolar cells according to the Tissue,
Single Cell Type and Tissue Cell Type sections, as well as
being clearly localized in type 2 alveolar cells in IHC-
stained lung tissue. The alveoli are patrolled by resident
scavenging macrophages that clear away foreign particles
and damaged cells. Macrophage scavenger receptor
1 (MSR1), another member of cluster 19, is a cell surface
receptor that is able to engulf macromolecules through
endocytosis. The expression of MSR1 shows enrichment
in various types of macrophages throughout the body
according to the sections with single cell resolution data
in the HPA. Interestingly, there is especially high expres-
sion in lung according to the Tissue section and in one of
two macrophage cell type clusters in the Single Cell Type
section. Since lung is known to harbor at least two types
of macrophages, alveolar, and interstitial macrophages
(Hou et al., 2021), the divergent expression suggests that
the expression of MSR1 is mostly limited to one of the
types.

Cluster 3 is annotated as mainly T-cell-specific with
adaptive immune response as the main function. It is part

of a separated group of immune-clusters made up to a
large extent by immune system-related genes. T-cell
receptor (TCR) signaling plays a central role in T-cell
function by regulating the maturation and effector func-
tions of T-cells. Cluster 3 includes many genes that are
associated with TCR signaling, including co-receptor
CD5 and the downstream signaling protein ZAP70
(Matson et al., 2020). Both genes exhibit elevated expres-
sion in lymphoid tissues, bone marrow and T-cells
according to the various sections at the HPA. Addition-
ally, distinct IHC-based protein expression is seen in lym-
phoid tissue-associated immune cells, known to be rich
in T-cells.

4 | DISCUSSION

The HPA is a knowledge resource for studying various
aspects of human proteins. Since its first launch in 2005,
it has grown into one of the most visited biological data-
bases in the world with more than 400,000 visitors per
month both from industry and academia. The HPA pro-
gram has already contributed to tens of thousands of pub-
lications in the field of human biology and disease,
emphasizing its importance for the life science commu-
nity. The consortium has in addition to the in-house

FIGURE 3 Visualization of gene association through expression clustering. UMAP visualization of all gene expression clusters based on

the Tissue section bulk RNA-seq data along with examples of members in cluster 3 and 19. For each protein example, gene expression data

at single cell resolution (single cell RNA-seq, immunohistochemistry and deconvolution analysis) are shown for their relevant tissue. Single

cell RNA-seq data is shown as normalized transcripts per million (nTPM) in tissue-specific bar charts. Deconvolution analysis is represented

by a plot with enrichment scores for each cell type above cutoff (0.3) for SFTPB and core cell type tables, indicating if the expression

specificity for a gene in a cell type is enriched (red dot), not enriched (gray dot) or not present (no dot) in a tissue, for MSR1, ZAP70, and

CD5. MSR1, Macrophage scavenger receptor 1; SFTPB, surfactant protein B
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generated HPA antibodies also tested >10,000 external
antibodies from various commercial vendors or research
institutes. One such example is the National Cancer Insti-
tute's Clinical Proteomic Tumor Analysis Consortium
(CPTAC), which is an effort to accelerate the understand-
ing of the molecular basis of cancer through the applica-
tion of large-scale proteome and genome analysis, or
proteogenomics. A large number of the antibodies avail-
able via CPTAC's Antibody Portal (Edwards et al., 2015)
have been validated by the standardized quality assur-
ance workflows by the HPA project, and the HPA has
thus made an important contribution to studies using
these antibodies. This collaboration constitutes an exam-
ple of the importance of stringent antibody validation for
reliable biomarker studies.

Here, we summarized recent updates in data and
structure of the HPA database, showing that the HPA has
taken one step further towards “big data” and integration
of various omics technologies, by utilizing both scRNA-
seq and standardized immunohistochemistry to measure
the expression of human transcripts and proteins in sin-
gle cell types. Several efforts worldwide focus on the gen-
eration of single-cell mapping of human tissues in health
and disease. Most of these efforts focus on scRNA-seq
only, and since proteins are the main molecules carrying
out the functions of human cells and constitute the tar-
gets for most pharmaceutical drugs, studying proteins is
crucial for future precision medicine efforts.

While immunohistochemistry is the main method for
studying proteins with a spatial localization, mass spec-
trometry imaging (MSI) methods such as matrix-assisted
laser desorption/ionization (MALDI) (Buchberger
et al., 2018) offers a possibility of quantitative measure-
ments. Several different ionization methods exist, each
with its advantages and disadvantages, but presently, few
methods are compatible with paraffin-embedded tissue
sections or require specially coated slides, thus limiting
the applicability on available biobank material that are
directly comparable with antibody-based imaging data.
Furthermore, MSI does not offer single cell resolution.
Nevertheless, the HPA project actively follows further
advancements in various MSI technologies to determine
if inclusion of such data in the HPA portal would be fea-
sible in the near future. Another emerging effort that
allows for increased single cell resolution includes a
novel technology called Deep Visual Proteomics (DVP)
(Mund et al., 2022). The DVP technology combines sub-
micron-resolution imaging, single-cell phenotyping based
on artificial intelligence (AI) and isolation with an ultra-
sensitive proteomics workflow, and constitutes an inter-
esting approach likely to serve as a complement to spatial
proteomics and standard mass spectrometry in the near
future. The field of multiplexed imaging is rapidly

growing, allowing for detection of multiple proteins in
the same tissue section which enables molecular insights
into co-expression and tissue heterogeneity. Also in the
transcriptomics field, major method development is
ongoing, and several powerful technologies have been
established to overcome the loss of transcript location in
relation to the tissue geography. The two most common
methods are spatial transcriptomics (Andersson
et al., 2020) and in situ hybridization (ISH) using
RNAScope™ (Maynard et al., 2021). While several
research projects that involved integrating various
methods for mRNA and protein detection have been pub-
lished, most focused on a single tissue or a certain set of
genes, and no other effort than the HPA combines tran-
scriptomics and proteomics at a large scale to validate
data across disciplines. For a full understanding of the
human building blocks and determining the function of
each human protein, it is necessary to take into consider-
ation the specific characteristics of each method and
dataset.

It is likely that future versions of the HPA database
will include integration of novel technologies for mRNA
and protein detection, increasing the width and depth of
the data for studying proteins at different levels.

Nevertheless, the current datasets constitute a major
resource for studying human biology in health and disease,
both from the perspective of single genes, tissues or cell
types, as well as from a body-wide or genome-wide per-
spective, taking advantage of the publically available
knowledge resource. Further, the major image bank of >10
million high-resolution images of both normal and cancer
tissues that all have been manually annotated by experts
forms an important collection of labeled images for AI and
machine learning efforts, forming a first step towards novel
insights on human physiology in health and disease.
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