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Abstract
A central aimof fundamental research is to create conditions necessary for
fueling further research and innovation. Our understanding of basic
biology is central for future developments of tools for diagnosing,
monitoring, and treating disease. This doctoral thesis focuses on mapping
the mammalian protein-coding gene expression in healthy cells and
tissues, and annotation of genes based on their expression patterns,
specificity, location, and function. This has in large part been achieved by
using large scale transcriptomic and proteomic profiling to describe the
gene expression landscape that defines the identities of the great diversity
of cells present in mammals. Characterization of gene expression across
different tissues and cell types provide fundamental tools to enable the
exploration, summary, and ultimately, the annotation of the mammalian
proteome, which is still incomplete.

The studies comprising this thesis have contributed to the Human Protein
Atlas, an online open-access portal for proteomic and transcriptomic data,
with the aim to profile each human protein-coding gene to create a spatial
map of the molecular organization of the human body, providing basic
tools for the scientific community. Paper I comprises an effort to
catalogue all proteins that are actively secreted from cells; defining the
human secretome. Paper II entails the deep characterization and
annotation of the protein-coding transcriptome of 18 peripheral immune
cell types. Paper III describes the, to date, most comprehensive tissue-
based transcriptomic profiling of protein-coding genes in 98 tissues of the
increasingly important model animal pig. Paper IV extends previous
tissue-based maps of the human protein-coding genome by integration of
13 single cell transcriptome datasets. Paper V explores the human
protein-coding genome in a clustering-based annotation of co-expressed
genes across single cells and tissues to provide a framework for finding
previously unknown functional relationships between genes by the
principle of “guilt-by-association”.

In summary, the work described here entails a small contribution to the
grand effort of spatially mapping proteins across tissues and cell types, for
building a framework of biological knowledge that can lead to increased
understanding of the constituents that make us humans.
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Sammanfattning
Ett centralt mål för grundvetenskap är att skapa förutsättningar för
framtida forskning och innovation. Vår förståelse för grundläggande
biologi är essentiell för utveckling av verktyg för diagnosticering,
uppföljning, och behandling av sjukdomar. Denna avhandling fokuserar på
kartläggningen av det proteinkodande genuttrycket hos däggdjur i friska
celler och vävnader, samt annoteringen av gener baserat på deras
uttrycksmönster, specificitet, lokalisering, och funktion. Detta har till stor
del uppnåtts genom storskalig transkriptomik- och proteomik-baserad
profilering för att beskriva de genuttrycksmönster som definierar de
identiteter den stora mångfalden av celler som finns i däggdjur.
Karaktäriseringen avgenuttryck bland vävnader ochcelltyper utgör viktiga
verktyg för att möjliggöra utforskning, sammanställande, och slutligen,
annoteringen av däggdjurs proteom som fortfarande är ofullständig.

Studierna som utgör denna avhandling har bidragit till the Human Protein
Atlas; en online-portal med fri tillgång för proteomik- och
transkriptomikdata, med en målsättning att beskriva uttrycket av samtliga
proteinkodande gener. Genom att skapa en karta av den molekylära
organiseringen av människokroppen utgör detta projekt ett väsentligt
verktyg för forskning. Artikel I utgör en katalogisering av alla proteiner
som aktivt sekreteras från celler, för att definiera det mänskliga
sekretomet. Artikel II handlar om en djup karaktäriseringoch annotering
av det proteinkodande transkriptomet hos 18 perifera immuncelltyper.
Artikel III beskriver den, till dagens datum, mest omfattande
vävnadsbaserade kartan av proteinkodande gener i 98 vävnader i gris, som
har blivit en allt viktigare modellorganism.Artikel IV utvidgar de tidigare
vävnadsbaserade kartor av det proteinkodande genomet, genom att
integrera 13 encellstranskriptomik-dataset. Artikel V utforskar det
mänskliga proteinkodande genomet i en klustringsbaserad annotering av
samuttryckta gener, för att bygga ett ramverk för att hitta tidigare okända
funktionella samband mellan gener, enligt principen av
”associationsskuld”.

Arbetet beskrivet här utgör ett bidrag till det omfattande arbetet att
kartlägga proteiners lokalisering i vävnader och celler, för att bygga ett
ramverk av biologisk kunskap som kan leda till ökad förståelse för
komponenterna som gör oss till människor.
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The molecules of life

The central dogma
The central dogma of molecular biology is a simple model explaining the
flow of genetic information that shapes life according to encoded
information; the information flow from genotype to phenotype.
Deoxyribonucleic acid (DNA) stores encoded genetic information in a
sequence of nucleobases; cytosine (C), guanine (G), adenine (A), and
thymine (T), that can be transcribed into shorter sequences of ribonucleic
acid (RNA), which in turn can be translated to protein [1, 2] (Figure 1).

Figure 1. The central dogma of
molecular biology. Information is
encoded in DNA that is transcribed into
RNA, which is translated to protein.
Through this flow of information, DNA
replicates itself, and is sustained
throughout evolution. The width of the
colored background represents an
approximation of the number of variants in
humans.

The nucleobases constituting DNA are pairwise complementary to each
other, such that hydrogen bonds form specifically between cytosine to
guanine, and adenine to thymine. This allows DNA to form a stable double
stranded structure, the iconic double helix,where each strand is a template
for the other. It is by virtue of this property of DNA, that enables it to be
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replicated and reliably store information to pass on to future generations.
The DNA encodes basic biological units, sequences known as genes that
determine the synthesis of a gene product, either an RNA or a protein [3].
By wrapping the DNA double helix around histone proteins, the cell is able
to compress its DNA to tightly packed chromatin forming chromosomes
[4]. Regions of chromatin may be more accessible, enabling activation of
the genes in these sections of the genome, acting as a mechanism utilized
by the cell for regulating transcription [5, 6]. As a gene is transcribed, an
RNA copy is created using one DNA strand as a template. RNA is very
similar to DNA in its structure, but primarily keeps a single-stranded form
and includes the base uracil (U) instead of thymine. The DNA to RNA to
protein information flow that the central dogma entails is often referred to
as ‘geneexpression’; a vague termfor themeasurable down-streamprocess
by which genetic information (the genotype) produces the phenotype. This
may manifest itself at many levels; in quantities of RNA, protein, or
metabolites, as well as DNA, RNA, and protein modifications, or even
complex traits such as cell morphology, eye color, or health and disease.
However, the term ‘geneexpression’ is often synonymouswith quantitative
levels of RNA or protein.

The genome
The development of Sanger sequencing in the 1970’s enabled the
sequencing of whole genomes [7]. The first sequenced was the genome of
the bacteriophage MS2 with its mere 3569 nucleotide bases in 1976 [8],
followed by the bacteria Haemophilus influenzae genome with 1.8 million
base pairs in 1995 [9], and the yeast genome with its 12 million base pairs
in 1996 [10]. In 1990, The Human Genome Project started with the grand
mission to sequence the 3.2 billion base pairs of the human genome,
mapping the genetic information that encodes the blueprint for what
makes us human. At its completion in 2003, The Human Genome Project
had profoundly transformed the field of molecular biology, greatly
accelerating the study of human biology [11, 12]. The Ensembl project was
initially launched in 1999 in response to the near completion of the initial
draft of the human genome to satisfy the need for automated annotation of
the human genome and provide data access to other researchers [13, 14].
Since then, the repository has acted as one of the de facto authorities on
genome sequences and has expanded to cover more than 300 annotated
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vertebrate genomes [15]. Through their online genome browsers, gene and
transcript sequences can be downloaded to be used as references for
experiments. Ensembl release 105 reports 22,818 human protein-coding
genes [15]. In the following years, major advances were made in
sequencing technology, giving rise to the current era of next-generation
sequencing (NGS) with high throughput technologies such as pyro
sequencing [16] and Solexa (Illumina) sequencing [17], drastically
reducing the cost and time [18, 19], giving rise to the wide use of
sequencing technology we see today.

The transcriptome
The human genome is identical across all cells, with few exceptions such as
somatic mutations. In contrast, the transcriptome, the complete set of
transcripts, varies greatly between cells and tissues, condition, and over
time. Ensembl version 105 reports 96,457 protein-coding transcripts
corresponding to the22,818 genes which emanate from alternativesplicing
and initiation of transcription [15, 20, 21]. There are different types of RNA
molecules, classified by their function, where three types are particularly
important in the information flow off the central dogma: (i) Messenger
RNA (mRNA) is the template encoding the information for synthesizing
protein [22], (ii) Transfer RNA (tRNA) is non-coding RNA assisting in the
translation of protein by carrying amino acids to the ribosome for use in
protein synthesis. Each type of tRNA has a sequence of three nucleotides
exposed that recognizes the complementary sequence of the mRNA
ensuring correct delivery of the amino acids that are encoded in the mRNA
[22], (iii) Ribosomal RNA (rRNA) is a type of non-coding RNAs
functioning as components of the ribosome, the macromolecular
complexes that synthesize protein from amino acids using mRNA as a
template [22]. There are several other types of RNA, many of which are
associated with regulation of transcription such as microRNA [23] and
long non-coding RNA [24]. Using mRNA as a template, the ribosome
synthesizes protein,which act as the primary agents of cellular biology, and
constitute the macromolecules which primarily carry out functions
encoded in the genome.

As mRNA functions as an intermediate between the genetic code and the
final gene product, the protein, the transcription of a gene represents its
activation. Measuring gene expression in form of RNA levels in a cell or



4 | The molecules of life

tissue thus gives insight into the activities the cells engage in. This
information can be utilized e.g. for understanding processes underlying
disease, or what processes are activated in a certain cell types. An
important key to studying the transcriptome was found already in 1970,
the reverse transcriptase, which is an enzyme with the ability to transcribe
DNA using RNA as a template, effectively enabling a reverse flow of
information in the central dogma from RNA to DNA [25]. This finding
allowed researchers to use reverse transcriptase to create complementary
DNA (cDNA) using isolated RNA as a template, to sequence or quantify
using methods developed for the analysis of DNA [26-28].

The proteome
The proteins are the primary agents for carrying out biological functions,
and their characterization and quantification are thus central for
understanding the link betweengenotype andphenotype [29, 30]. Proteins
participate in virtually every biological process with a wide variety of
functions, including acting as structural elements of cells and tissues,
catalyzing chemical reactions (enzymes), functioning as signaling
molecules for cell-to-cell communication, and functions related to
immunity [22]. Proteins are large biomolecules comprised of long chains
of amino acids, synthesized in ribosomes using mRNA encoding the amino
acid sequence as a template. After protein synthesis the protein folds into
a specific 3D structure which dictates its functionality [31]. After
translation, proteins may be further chemically modified by so called post-
translational modification (PTM) to alter its chemical of physical
properties, which can be comprised of the alterationof aminoacid residues
or the incorporation of a functional group such as a phosphate or a glycan
[32]. There are estimates that there are up to 6 million different unique
proteoforms, accounting for exonic SNPs, alternative splicing, and PTMs
[30, 33], but as mentioned before, Ensembl 105 reports a more modest
96,457 protein-coding transcripts [15], although this number disregards
the diversity emanating from genetic variants and PTMs. The chemical
diversity of protein makes them considerably more difficult to
systematically analyze in comparison to nucleotide polymers, as proteins
possess different physiochemical properties such as solubility and stability.
Nonetheless, there are ambitious efforts to map out the full extent of
human proteoforms, e.g. by the The Human Proteoform Project [34].
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Methods for analyzing gene expression

Microarray
DNA microarrays were one of the first transcriptomic techniques for
quantifying gene expression on RNA level [28].Themethod utilizes a glass
slide with spots of DNA probes arranged in an array, where each spot
corresponds to a targeted gene of known DNA sequence. mRNA is first
isolated froman experimental sample and converted to cDNAmarked with
a fluorophore. The cDNA is then applied to the glass slide, where cDNA
hybridizes to the spots of complementary DNA and the slide is scanned.
The intensity of the fluorophore of each spot represents the quantity of
cDNA that has bound to that location, corresponding to a gene probe
located at that spot. By using different fluorophores for an experimental
sample and control sample, the comparative intensities between the two
fluorophores can be used in comparative analyses to determine the
differential expression between e.g., a tumor sample and normal tissue
[28].

RNA-Seq
RNA sequencing (RNA-Seq) utilizes NGS technology to sequence and
subsequently quantify the RNA of a given biological sample. In contrast to
microarray, noprevious knowledgeof the genome is necessary to useRNA-
Seq, although it is common practice to use a reference transcriptome in
order to quantify RNA using RNA-Seq, unless de novo transcriptome
assembly is performed [35, 36]. In a typical RNA-Seq workflow, isolated
RNA is reverse transcribed to a cDNA library that is subsequently
sequenced and quantified. Since RNA-Seq both sequences and quantifies
transcripts, enables the transcriptome not only be quantitatively but also
qualitatively assessed, e.g. in terms of alternative splicing, or post-
transcriptionalmodification, while transcript quantity gives information of
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which genes are actively transcribed in a sample [37]. Due to the
advantages over microarray, being both qualitative and quantitative,
requiring no previous knowledge, and having high technical
reproducibility [36], RNA-Seq has since its first introduction in 2008 [38]
become the standard procedure for quantifying mRNA. In a typical RNA-
Seq experiment, the RNA quality is often assessed prior to cDNA library
construction using electrophoresis. The quality is summarized by the RNA
Integrity Number (RIN), which can be used as a basis for discontinuing
analysis, or to later be taken into consideration during analysis. The main
constituent of RNA is rRNA, which typically constitutes over 90% of the
total RNA content [36]. Therefore, any RNA library preparation typically
involves a step to remove rRNA from the sample to enrich for mRNA. This
RNA extraction step usually entails either depletion of rRNA, or
enrichment of mRNA by its poly(A) tail. However, a few protein-coding
mRNA encoding histones lack the poly(A) tail, which are thus excluded by
poly(A) enrichment [39, 40]. In a typical setup, the mRNA is thenprepared
for sequencing by reverse transcription to cDNA, followed by
fragmentation to generate short cDNA reads, and ligation of adapters that
contain index sequences enabling multiplexing and primers that are
necessary for polymerase chain reaction (PCR) amplification before
sequencing. The generated sequencing data is typically aligned to a
reference transcriptome to map each read to a known transcript. Mapped
reads are counted per each transcript, thus generating read counts
representing the quantity of gene expression. RNA-Seq, while not directly
measuring protein, can be used to quantify mRNA to serve as a proxy for
protein levels, with the major benefit that gene expression can be
simultaneously assessed for all genes.

scRNA-Seq
Single cell RNA-Seq (scRNA-Seq) is a variant of RNA-Seq where the
sequenced reads can be mapped to individual cells. While the
transcriptome of single cells has previously been analyzed in classical
microarray and RNA-Seq setups [41, 42], technical developments e.g. in
microfluidics have enabled high throughput isolation of individual cells
allowing thousands or millions of cells to be analyzed in a single
experiment [43, 44]. In scRNA-Seq, individual cells are isolated into wells
on a plate or, for droplet-based methods, into microfluidic droplets [45].
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Cell lysis and cDNA library construction is performed in parallel in each
separated well or droplet, where transcripts from each individual cell are
barcoded such that mapped reads from individual cells can later be
distinguished [46]. Furthermore, many protocols utilize unique molecular
identifiers (UMIs), molecular barcodes that lets us distinguish between
amplified copies of the same original mRNA molecules and reads from
separate mRNA molecules, reducing quantitative bias introduced by
amplification [47]. As considerably less material is sampled, scRNA-Seq
suffers from lower signal stability in contrast to bulkRNA-Seq. This is most
salient in the sparsity in single cell data due to gene “dropout”, where the
expression of many genes is undetected in any given single cell, either due
to technical noise or biological reasons [48]. However, signals can be
stabilized by summarizing individual signals from multiple cells, e.g. by
aggregating data from multiple cells, or imputing data from neighboring
cells [49].

Figure 2.Number of scRNA-Seq articles
available on PubMed during the period
2013-2021. Barplot showing the number of
articles matching the query “single cell RNA
sequencing”, demonstrating the exponential
growth of the single cell genomics field.

scRNA-Seq increases the resolution at whichwe areable to mapexpression
from bulk tissues to individual cells, opening up for analysis of cellular
transcriptomes otherwise masked in the complex mixture of cellular
transcriptomes in bulk measurements [50]. This has allowed for the
analysis of cell-to-cell variability, which has further enabled the study of
spatiotemporal variance of expression, shedding light on biological
processes, allowed for characterization of novel cell types, as well as the
comparison of cell populations across tissues and states, among other
applications [51]. This has for example lead to the discovery of lung specific
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endothelial cells, aerocytes, specialized for gas exchange [52]. scRNA-Seq
is increasingly becoming a gold standardmethodology for gene expression
mapping, and the number of published scRNA-Seq datasets are hence
growing exponentially (Figure 2).

Immunohistochemistry
Immunohistochemistry (IHC) is an affinity-based method to stain antigens
in situ and is regularly used in diagnostics, for example to stain cancer
markers in tissue biopsies. An antibody is used as a binder to report the
spatial location of an antigen (e.g., a protein) in tissue fixed ona glass slide,
via a reporter system such as an enzyme conjugated to the antibody. Upon
exposure of a chromogen, a chemical which is converted into a dye by the
conjugated enzyme, the slide is stained to reveal where in the tissue the
antibody has bound. This reveals the targeted protein’s spatial distribution,
and to some extent, its relative quantity [53], which is assessed using a
microscope. A counterstaining using e.g., hematoxylin can be used to
increase the contrast to non-stained parts of tissues. While IHC is a very
effective tool for mapping the human proteome, it has relatively low
throughput (often analyzing a single antigen per experiment), relies on the
availability of suitable antibodies, and requires experience in both slide
preparation and interpretation [54]. The readout is primarily qualitative,
meaning that a detected protein can be labeled as present or non-present
in a certain cell type, but determined protein quantities are often relative,
approximate, and related to the reagents used [54].

Proximity extension assay
Proximity extension assay (PEA) is a dual-recognition immunoassay used
to quantify protein in solution, such as blood plasma or cell lysate. The
method benefits from combining affinity-based technology for selective
protein detection with conventional DNA quantification methods; two
matched antibodies targeting the same antigen are coupled with paired
DNA oligonucleotides, and selectively bind a protein target in solution to
allow hybridization of the oligonucleotides present on the two separate
antibodies [55]. Addition of DNA polymerase extends the hybridized
oligonucleotides, which are subsequently cleaved, amplified, and
quantified through quantitative polymerase chain reaction (qPCR)or NGS,
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functioning as a reporter system for protein binding [55, 56]. The dual
binder setup reduces cross-reactive interactions often associated with
multiplexed single binder assays, and PEA overcomes this issue further by
adding the oligonucleotide hybridization step. Hence, a signal requires
dual binding of two antibodies as well as oligonucleotide hybridization for
generating a signal. Thehigh selectivity of PEA allows formultiplexingwith
high sensitivity without apparent interference between antibodies [55].

Mass spectrometry
In contrast to affinity-based methodologies, mass spectrometry (MS)
based proteomics do not inherently require target-specific reagents (i.e.,
antibodies). While there are variants of MS proteomic analyses measuring
whole protein (so called bottom down proteomics), large scalemultiplexed
analyses predominantly rely on the analysis of enzymatically digested
peptides, fromwhich the original proteincan be inferred (so called bottom-
up proteomics) [57]. In bottom-up proteomics, MS instruments ionizes
analytes (peptides) and measures the intensity and the mass-to-charge
ratio of resulting ions. The patterns of mass-to-charge ratios of ions can be
used to inferred which peptide was analyzed, and the intensity can be used
to infer the quantity of the peptide. There are three main components of
the MS instrument: (i) The ion source (ii) the mass analyzer, and (iii) the
ion detector. In a cycle of MS analysis, the analyte is first ionized by the ion
source, after which the mass analyzer separates ions based on mass-to-
charge ratio, acting as a filter for a range of ions to let through (hence they
are also known as mass filters). Lastly, the ions are detected by the ion
detector [58]. A typical setup in bottom-up MSproteomics includes a high-
performance liquid chromatography (HPLC) instrument directly
connected with the MS instrument to allow for separation of peptides over
time by their retention in the analytical HPLC column.

Tandem mass spectrometry (MS/MS) is frequently used in proteomics, as
it enables high selectivity as well as peptide sequence verification. In
MS/MS, two mass analyzers are coupled in tandem, where the first one
isolates the precursor peptide, which is fragmented in a collision chamber.
The second mass filter then isolates the resulting ions, to produce a
fragmentation spectrum [58]. Each peptide produces fragment spectra
with mass-to-charge ratios corresponding to the sequence of the analyzed
peptide, effectively sequencing the analyzed peptide. This has been used in
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de novo sequencing of peptides for discovery of novel peptides [58, 59],
although it is commonplace to instead infer peptides from spectra using
spectral libraries containing predicted or experimental fragment spectra or
reference databases of theoretical spectra as a reference for peptide
inference [60-63].

Quantification of proteins can be achieved by label-free methods based on
e.g. spectral counting where the number of spectra corresponding to
observed peptides of the protein is used as a proxy for its abundance [64],
or by aggregating the intensities for observed peptides as a proxy for
protein abundance [65]. There are also quantification methods based on
the chemical labeling of peptides such as tandemmass tag (TMT) [66] and
isobaric tags for relative and absolute quantification (ITRAQ) [67], which
is analogous to sample barcoding in nucleotide sequencing, allowing
samples to be multiplexed and analyzed in parallel. Samples are labeled
with tags producing reporter ions of different mass in the fragmentation
spectra, allowing for relative quantificationbetween samplesby comparing
reporter ion intensities for analyzed peptides. The gold standard method
for protein quantification involves the use of internal peptide or protein
standards containing amino acids with heavy isotopes with known
concentration. The heavy isotopes change the mass-to-charge ratio of the
peptide, but not its chemical properties, and thus the standard peptide
elutes simultaneously as the analyte, enabling comparison of endogenous
peptide and standard ion intensities for inferring the protein quantity [68-
70].



Genomic data privacy | 11

Genomic data privacy

Our genetic code possesses a precarious property by both uniquely
identifying an individual, while also containing substantial information on
the person themselves; an individual’s genetic sequence is predictive of
their risks to contract physical and mental health issues [71, 72], as well as
sex and ethnic heritage [73]. Furthermore, due to the heritable nature of
the genome, a privacy breach of an individual’s genomic data does not only
pose a risk for the individual themselves, but also to close relatives who
share the same genetic variants [74, 75]. Another risk is that an individual
is identified from genomic data that is coupled with sensitive metadata
such as information regarding physical and mental health status, body
mass index (BMI), or other clinical data. Moreover, considering that
merely 30-80 statistically independent single nucleotide polymorphisms
(SNPs) are sufficient to uniquely identify an individual [76], even partial
genomic data poses risk of identification. Data privacy regulations in
genomics aim to protect human data subjects from privacy breaches, such
as being identified from genetic sequencing data, which potentially could
have severe personal consequences.

In Europe, the ruling regulations for data sharing in genomics, the General
Data Protection Regulation (GDPR), entails that human genetic and
physiological data (among others) are considered sensitive data, and are
therefore only allowed to be processed under certain circumstances, such
as that the subject has given explicit informed consent that their data can
be used for a specified purpose [77]. Raw transcriptomic read data consists
of genetic sequences that include information on what genetic variants a
data subject carries and could therefore be used for identification. Thus,
openly sharing such data violates GDPR. However, sharing of quantified
transcriptomics data, where the data entails an intensity (e.g. counts or
transcripts permillion; TPM) coupled with a gene or transcript is currently
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allowed, as this data type does not include the data subject’s genetic
sequence such that they can be identified.

While transcript counts cannot directly identify a data subject, they still
contain latent information about the data subject’s genetic sequence. Gene
expression levels are affected by genetic variants known as quantitative
trait loci (QTLs), that can be divided into protein QTL (pQTL) [78] and
expression QTL (eQTL) [79]. While quantitative transcriptome or
proteome data do not directly entail which eQTLs or pQTLs an individual
carries, the total sum of measured genes gives rise to a distinct intergenetic
pattern related to the individual’s genetic code and could possibly be used
to identify them [80]. In 2012, Schadt et al. showed that it is possible to
predict individual SNP genotypes from gene expression data alone with
high accuracy. Using a Bayesian model, they successfully predicted the
identities of 99% of individuals when using the same tissue as the model
was trained on; 90% of individuals when using another tissue; and 97% of
individuals in a pool of 300million simulated genotypes [81]. Nonetheless,
it is currently the standard to openly share transcriptome count data
without restriction.
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Gene expression mapping projects

One of the main objectives of expression mapping databases is to increase
accessibility and interpretability of high-quality data. Data accessibility
hindrances includes beforementioned privacy restrictions, as well as the
demands on experience and resources necessary to process data tomake it
human readable. There are recent efforts in standardizing basic
bioinformatic analysis pipelines, such as in the nf-core framework [82]
where commonly used bioinformatic workflows have been collected and
standardized with simplified installation. However, analyzing any
proteomic or transcriptomic dataset is a considerable undertaking,
requiring computational experience and resources, representing an
entirely inhibiting obstacle for minor research questions.

In any research project where a gene of interest comes up, it is often useful
to be able to examine the expression of that gene across tissues and cell
types, as the gene expression may give clues about which tissues and cell
types are implicated. For example, if a gene of interest is the target of a
potential therapeutic, the number of tissues with significant expression
may give information about the extent of possible side effects. Expression
mapping portals increase the accessibility to data by acting as an
intermediator between sensitive data and the user, generating or gaining
access to sensitive raw read data for standardized analysis and processing,
and subsequently presents the curated non-sensitive results to the user,
enabling the user to make inquiries of the expressionof selected genes with
reduced ethical implications of data sensitivity. Thus, the user can
appreciate the results from sensitive data without handling the sensitive
data themselves and does not need the expertise otherwise required to
perform the necessary data processing. In addition to facilitating access to
data, spatial mapping of expression on transcriptome and proteome level
is an asset in itself, as the spatiotemporal behavior of genes gives clues
about their functions and interactions. As such, expression databases are
often used as independent sources of evidence for expression.
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The Human Protein Atlas
The Human Protein Atlas (HPA) program started in 2003, with the aim to
map all human proteins in cells, tissues, and organs. Initially, this was done
through bioimaging using in-house produced polyclonal antibodies to
generate large numbers of IHC images of protein staining in tissue in situ
[83]. In 2005, the first version of the HPA portal (www.proteinatlas.org)
was launched, containing 400,000 high resolution images of 700 proteins
[84]. 16 years later in 2021, the corresponding numbers had grown to
27,173 antibodies targeting 17,268 unique proteins in a total of over 10
million images [85]. The HPA portal is an open access database containing
data and expression-based annotations with a gene centric structure. Each
gene can be individually accessed to gain information about in which
tissues and cells the gene’s corresponding protein is produced; where in
the cell the protein localizes; whether it is secreted and to which
compartments of the body it is secreted. Since the initial launch of theHPA,
the array of technologies used for spatial mapping of proteins has been
expanded beyond IHC bioimaging as new methodologies have been
developed. The Subcellular section of HPAwas added, inwhich subcellular
locations of proteins were determined using antibody based IF imaging
and cell lines [86]. RNA-Seq has been used to map gene expression for
many years and the latest version 21 consists of transcriptomics data from
55 human tissues [87], 17 major cancer types [88, 89], 69 human-derived
cell lines [86], 18 human immune cell types [90], 13 major brain regions
and multiple subregions in human, mouse, and pig [91], later expanded to
include 214 microdissected subregions of the human brain. scRNA-Seq
was used to map gene expression in 76 single cell types [92]. In addition,
data from quantitative mass spectrometry, and PEA has been included to
create a baseline profile of protein levels in blood plasma [93], and
expression data in combination with prediction of protein secretion have
been used to create a mapof secreted proteins in various tissues [94].With
the HPA mission statement of mapping the human proteome in cells,
tissues, and organs, the database primarily contains baseline expression
profiles, with annotations corresponding to the behavior of genes in
healthy tissue. In addition, HPA imports expression data from the gene
expression mapping efforts Genotype-Tissue Expression (GTEx) [95] and
Functional Annotation of the Mouse/Mammalian Genome (FANTOM)
[96] for normal tissues, as well as expression data from immune cells from
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two studies [97, 98]. Table 1 contains descriptions of the complete set of
the 10 sections included in the HPA.

Table 1. HPA sections. Description of the 10 sections in the HPA
database, including information on the sample types and technologies
associated with them.

Section
Sample
type

Main
technologies Description Ref.

Tissue Tissues RNA-Seq, IHC Gene expression in 55
tissues [84, 87]

Brain Tissues RNA-Seq
Gene expression in 214
microdissected
subregions of the brain

[91]

Tissue cell
type Tissues RNA-Seq

Prediction of cell type
specific genes in 15
tissues

[99, 100]

Pathology Tissues RNA-Seq, IHC

Gene expression in 17
cancer tissues, and
prediction of prognostic
markers

[88]

Metabolic Tissues RNA-Seq

120 manually curated
metabolic pathways
integrated with gene
expression data in
tissues

[101, 102]

Single cell
type

Single
cells scRNA-Seq

Gene expression in 444
single cell type clusters
totalling 76 cell types
from 25 tissues

[92]

Subcellular Single
cells IF, RNA-Seq

High resolution of
subcellular location to 35
organelles and
subcellular structures

[86]

Immune cell
Flow-
sorted
cells

RNA-Seq Gene expression in 18
peripheral immune cells [90]

Cell line Cultivated
cells RNA-Seq Gene expression in 69

cell lines [86]

Blood
protein

Blood
plasma

PEA,
Immunoassay,
MS

Protein levels in blood
plasma [94, 103]
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Expression Atlas
Expression Atlas, originally founded as Gene Expression Atlas in 2008
[104], was created and is managed by European Molecular Biology
Laboratory – European Bioinformatics Institute (EMBL-EBI). Expression
Atlas is a database containing a large collection of gene expression and
protein data from thousands of experiments with samples from humans,
animals, and plants [105]. As of today, the resource includes data from a
staggering 4,169 studies, corresponding to 65 different species of animals,
plants, and fungi [106, 107]. Expression Atlas reanalyzes data from
published experiments in a standardized analysis and data visualization
pipeline. Datasets are classified as “baseline”, where data is displayed for
what aims to be representative for a set of normal, healthy samples, and
“differential”, where a comparison between two or more groups has been
performed e.g., in case-control settings or between healthy and diseased
tissue. A major accomplishment of Expression Atlas is to have made a
substantial portion of expression count data accessible in standardized
formats and directly downloadable. In 2020, the Expression Atlas was
extended with a parallel resource for scRNA-Seq data called Single Cell
Expression Atlas [108], where scRNA-Seq can be browsed and viewed.

GTEx
The Genotype-Tissue Expression (GTEx) project’s primary objective is to
map eQTLs, genetic variable elements that affect the level of gene
transcription, throughout multiple tissues in the human body. To linkgene
expression levels to genetic elements, both the genome and transcriptome
of donor tissues are sequenced. GTEx has performed transcriptomics
profiling on a vast 17,382 samples corresponding to 54 different tissues,
out of which 15,201 samples and 49 tissues are used in an eQTL analysis
[109], making GTEx the largest publicly accessible database of gene
expression data generatedwithin a single project. The study of associations
between genetic variants and gene products has the potential to elucidate
mechanisms of links between genetic variants and disease, as well as
genetic regulation. Data is publicly available at the GTEx portal, where
gene expression data as well as predicted eQTLs are searchable and
browsable [95].
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FANTOM
Functional Annotation of the Mouse/Mammalian Genome (FANTOM) is
an international research project established in 2000 at RIKEN research
institute in Japan. The project has been carried out in six different phases
[110], each with focused objectives such as mapping the mammalian
transcriptome [96, 111], identifying promoters [112], and characterizing
non-coding transcripts [113]. Gene expression analyses have primarily
been done using Cap Analysis Gene Expression (CAGE), developed within
the FANTOMproject itself, which similarly to RNA-Seq is used to sequence
and quantify the transcription of genes, but with the difference that only
the 20-27 first nucleotides at the 5’ end of capped mRNA are sequenced
[114]. In this manner, CAGE profiles transcription start site activity and
gives limited information on which exact transcript is expressed due to the
short read length [115]. The FANTOM CAGE gene expression data is
presented in the publicly available online tool ZENBU, where users can
search and browse the genome, and compare the transcription start site
activity of genes between different samples, sourced from tissues, cell
types, cancers, and cell lines [112].

BioHub
BioHub is a research organization started in 2016 as a collaboration
between the three Californian universities: Stanford, University of
California, San Francisco (UCSF) and University of California, Berkeley
(UC Berkeley). Among many research projects, BioHub has produced
several gene expression databases, including a single cell gene expression
map using scRNA-Seq in mouse, Tabula Muris [116], as well an analogous
map in human; Tabula Sapiens [117]. Both single cell datasets are
visualized in cellxgene; an interactive online tool where a user can make
gene queries to superimpose various data and metadata upon a single cell
UMAP [118]. This can be used for example to compare expression across
cell types, or to display how cells cluster according to annotated cell
identities or metadata such as analysis batch, sex, source tissue, or subject.
Additionally, single cell gene expression maps have been created for aging
mouse (Tabula Muris Senis) [119], mouse lemur (Tabula Microcebus)
[120], and fruit fly (Tabula Drosophilae) [121]. Furthermore, BioHub has
launched a project and a corresponding portal for reporting subcellular
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protein localization and protein-protein interaction; OpenCell [122], in
which, CRISPR-modified HEK293T cell lines are used for expressing
targeted proteins labeled with fluorescent tags, allowing for detection of
protein localization through live-cell fluorescent microscopy.

The Human Cell Atlas
The Human Cell Atlas (HCA) is a large international collaboration
including more than 2000 researchers with the fundamental aim to, with
the use of single cell based technologies, catalog all human cell types and
sub-types in the human body, map their locations and characterize the
cellular architecture of tissues [123]. This effort further entails the
identification of cellular states, tracing developmental trajectories of cells,
map the cellular processes involved in development to adulthood, and
finally to provide a resource to allow data and findings to be available for
researchers around the globe [124, 125]. This is an immense endeavor on
the scale of the Human Genome Project, to similarly produce a “periodic
table” of the constituents of the human body and would at its completion
have had profound impact on numerous fields of biology, including
anatomy, physiology, pathology, and medicine. In contrast to the other
expression mapping projects described here, the HCA is a decentralized
effort constituted by numerous individual research endeavors, enveloping
several other expression mapping initiatives, such as Tabula Sapiens of
BioHub, which offers a great opportunity for research collaboration across
the globe, but also poses great challenges in how to organize and integrate
all data and findings to a united atlas of human cells. The HCA is currently
working to expand cell type ontologies with standardized cell type
nomenclature and cell type relationships, such as Cell Ontology [126], and
is releasing an independent platform for annotations: Cell Annotation
Platform (http://celltype.info) [123]. Data from theHCA is shared through
the HCA Data Coordination Platform, where any researchers around the
globe can share and access the single cell data generated in this endeavor.
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Mapping the transcriptomic landscape

In 1946, the Argentine author Jorge Luis Borges published the short story
‘Del rigor en la ciencia’ (English translation: On Exactitude in Science)
about an empire so enamored by the science of chartography, that they
constructed maps of the empire in increasing detail until the day the map
grew so large it enveloped the empire itself, upon which it was found
useless.

In bioinformatics, raw biologicaldata is analogous to themap of the empire
and is in its unreduced form the most exact representation of the studied
system. As Jorge Luis Borges implies in his reductio ad absurdum
argument, the validity of a map comes from its usefulness, not necessarily
from its exactness. Indeed, to effectively infer knowledge from data,
simplifications and abstractions must be made. This can be done through
statistical analyses, visualizations, or data annotations, some of which are
described in the following sections: tools to represent the transcriptomic
landscape.

Gene expression specificity
Tissue- or cell type specificity entails the effort to score or categorize genes
in terms of the specificity they exhibit across tissues or cell types. Every
expressed gene’s transcriptomic profile exhibits some degree of specificity,
where most specific genes often reflect the function of tissues and cell
types. One of the most important applications of gene expression
specificity is in selectingpotential drug targets.Highly specific drug targets
are appealing, as side effects may be more confined to the tissues and cell
types with expression [127-129]. Highly specific genes can also be used for
targeted drug delivery [130], as for the breast cancer drug Trastuzumab
emtansine, an antibody-drug conjugate targeting Erb-B2 Receptor
Tyrosine Kinase 2 (ERBB2) for drug delivery in breast cancer cells [131].
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However, tissue specific genes are less evolutionary conserved in
comparison to widely expressed genes, exhibiting diverging specificity and
function across species, and all the more so between evolutionary distant
species [129]. In fact, FDA-approved drug targets show higher evolutionary
conservation than non-target genes, demonstrating that divergent
specificity between model animals and humans represents a bottleneck for
preclinical development [129, 132]. This warrants additional
characterization of gene expression specificity of model species, to further
their utility for clinical development.

Specificity scoring and classification also helps to describe transcriptomic
profiles on larger scales to answer questions such as which tissues aremost
similar, which functions are shared betweentissues, what proportion of the
genome is essential or “housekeeping”, and what proportion is specific for
a number of tissues or cell types. Furthermore, one of the primary utilities
of specificity scoring or classification schemes is to annotate data such that
it becomes more comprehensible and comparable, and importantly,
searchable. Enabling genes to be sortable for specificity in tissues or cell
types of interest aids researchers in prioritizing genes for hypothesis
generation, as gene specificity patterns may give clues to gene function and
essentiality.

Housekeeping genes

The most unspecific genes are often referred to as “housekeeping” genes,
which are defined as the subset of genes necessary for maintaining basic
cellular functions, and are expected to be transcribed in all cells at similar
rates regardless of cell identity and state [133, 134]. In practice, most
endeavors to discover “housekeeping” genes approach this by filtering out
genes expressed in all tissues/cell types at a low variance, or at similar
levels of expression across tissues/cell types, laying exclusive focus on the
latter part of the definition of requiring similar expression rates across
tissues/cell types regardless of condition [134-137]. “Housekeeping” genes
have been identified both at tissue level [133, 134] and at single cell level
[138-140]. Since a key utility of “housekeeping” genes is their use for
normalization of transcriptomics or qPCR data, this approach works well
for technical applications [134, 140]. However, in biological terms the term
“housekeeping" is arguably misleading, as the definition excludes many
genes thatwould be expected to be essential for core cellular functions. For
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example, genes only expressed during certain cellular states, such as
specific stages of mitosis in cycling cells. Later literature refers to
“housekeeping” genes as stably expressed genes, separating the technical
aspect from the biological interpretation [138, 139, 141]. Moreover, the
existence of true stably expressed genes has been debated, since the
overlap is limited between lists of genes discovered in various studies. In
2015, Zhang et al. found that only a single gene overlapped across 15
studies on “housekeeping” genes among a total of 12,517 identified genes
[142]. Instead, the set of genes with stable expression may vary depending
on the cell types, tissues, and condition studied [142-144].

Essential genes

The definition of “housekeeping” genes or stably expressed genes overlap
with the definition of essential genes, which are defined as the subset of
genes that are indispensable for cell survival. Disruption of the expression
of absolute essential genes lead to cell death. Essentiality of genes have
been assessed in RNA-interference (RNAi) experiments and CRISPR-
Cas9-based methods to selectively disrupt the production of gene products
to evaluate how this affects cell growth and viability, both in simpler
organisms such as yeast [145] and fruit fly [146] and more complex
organisms such as mouse [147] and in human cell lines [147, 148]. Studies
of essential genes in pathogens and cancer cells may produce promising
drug targets, but the study of essentiality of genes is also of importance to
understand the core mechanisms important for cell survival and
proliferation [145, 149, 150]. Essentiality of genes is conditional on the
environment of the cell, and some genes may only be essential under
certain conditions [145, 151].
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Measuring specificity

The specificity score τ (Greek letter tau) was first described in 2005 by
Yinai et al. [152] and aims to reflect the degree to which a gene is specific
across tissues or cell types. Tau is a continuous index between 0 and 1,
where a high τ indicates high specificity such that τ of 1 indicates that the
gene is only expressed in a single tissue, while a τ of 0 would indicate
identical expression in all tissues. τ is calculated as the sum of 1 minus the
expression component xi normalized by division of the gene’s maximum
expression divided by the number of tissues nminus 1:

𝜏 =
∑𝑛 (1 − �̂�𝑖)𝑖=1

𝑛 − 1
; �̂�𝑖 =

𝑥𝑖
max
1≤𝑖≤𝑛

(𝑥𝑖)

Figure 3 shows a graphical interpretation of τ, where the specificity score
τ is equivalent to the area over the curve formed over ranked normalized
expression. The figure shows four examples of genes with increasing
specificity; Death inducer-obliterator 1 (DIDO1) is a ubiquitously
expressed gene in both tissues and single cells [87, 92] and therefore has
low specificity and a τ of 0.09; Stromal interaction molecule 1 (STIM1) is a
ubiquitously expressed transmembrane protein located in the endoplasmic
reticulum [86, 153] and functions as a sensor for intracellular calcium
depletion [154, 155]. Its expression is ubiquitous but with some preference
for skeletal muscle, resulting in a τ of 0.26; Cadherin 5 (CDH5) functions
as a cell adhesionmolecule and is a well-knownmarker for endothelial cells
[156]. As endothelial cells are present in practically all tissues (except e.g.
cartilage and lens), low levels of CDH5 are detected in all tissueswith some
preference mostly for placenta, resulting in a τ of 0.47; Rhodopsin (RHO)
is a gene uniquely expressed in rod photoreceptors of the retina, and the
encoded protein functions as one of the biological pigment that is
responsible for night vision [157, 158]. The exclusive expression of RHO in
retina results in a τ of 0.99.
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Figure 3. Graphical representation of τ specificity score. Left:
Barplot showing gene expression profiles across 36 tissue types for four
genes of increasing specificity: Death inducer-obliterator 1 (DIDO1),
Stromal interaction molecule 1 (STIM1), Cadherin 5 (CDH5), and
Rhodopsin (RHO). Bars are colored by the tissues’ organ system
according to tissue grouping in the HPA and the y-axis represents the
expression as normalized transcripts per million (nTPM). Middle:
Barplot of ranked scaled expression. Scaled expression is calculated by
log-scaling (𝑙𝑜𝑔10(𝑛𝑇𝑃𝑀 + 1)) and then scaling by the maximum
expression (𝑛𝑇𝑃𝑀𝑖/ 𝑚𝑎𝑥1≤𝑖≤𝑛

(𝑛𝑇𝑃𝑀𝑖), for tissues i). Right: Tau score is

proportional to the area (red) above the ranked expression bars.

Other metrics have been used to score specificity, ranging from relatively
simple methods such as counting the number of tissues a gene is expressed
in, orusing z-score scaledexpression values to represent a specificity score,
or to perform differential expression analyses to statistically assess the
overexpression in one tissue or cell type versus all others. More elaborate
scoring schemes have been devised, such as measures that estimates the
overexpression of a gene in a tissue in relation to the expected expression
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considering the overall expression of all genes, including Expression
Enrichment score (EE), used in the tissue specificitydatabase TiGER [159],
and Preferential Expression Measure (PEM), used by Huminiecki et al. for
microarray data already in 2003 [160]. Other measures calculate tissue
expression as a fraction of the summarized expression across tissues, such
as the SpecificityMeasure (SPM) used in the discontinued gene expression
database TiSGeD [161]. Several studies repurpose metrics commonly used
in other fields, including Shannon entropy [162], an information theory
metric measuring the amount of information needed to represent a
variable, and Gini index [162, 163], which is traditionally used in
economics to describe the distribution of wealth. In 2017, Kryuchkova-
Mostacci et al. published a thorough comparison between commonly used
metrics and suggested τ as the best metric on the basis that τ was more
robust to perturbations in tissue selection, showed a high correlation of
specificity between species, and to a larger degree reported genes expected
to be tissue specific and ubiquitous, respectively, as such [164]. However,
it is important to note that many specificity scores have a high correlation,
and largely agree especially on the most specific genes [164]. Any chosen
score or classification scheme will impose their own set of biases. While τ
performs well in describing the general distribution of expression, it does
not report which tissues or cell types a gene shows specificity for. If
specificity is to be ascribed to a single or a few tissues, an additional set of
rules need to be applied to assign which tissue or cell types the gene’s
expression shows specificity for. In the HPA, genes have additionally been
categorized in terms of specificity using a simple scheme for assigning each
gene with a category denoting their level of enrichment in a tissue or cell
type, as well as which tissues or cell types the gene shows elevated
expression in (Table 2). Genes are classified as tissue/cell type enriched if
a single tissue/cell type has at least four-fold higher expression than any
other tissue/cell type; group enriched if a small number of tissues/cell
types have less than four-fold range of expression, and all of them have at
least four-fold higher expression than other tissues/cell types; tissue/cell
type enhanced if a groupof tissues/cell typeshave at least four-fold average
expression compared to the average of remaining tissues/cell types.
In addition, HPA uses a distribution classification which aims to
reflect the number of tissues/cell types a gene is expressed in using a
cutoff to call whether a gene is expressed or not in a tissue/cell type
(nTPM ≥ 1, Table 3).
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Table 2. Specificity categories in the HPA. Description of the
specificity categories used to classify genes based on expression
specificity in the HPA. nTPM = normalized transcripts per million.

Category Description

● Enriched nTPM in a particular tissue/region/cell type at
least four times any other tissue/region/cell type

● Group
enriched

nTPM in a group (of 2-5 tissues, brain regions, or
cell lines, or 2-10 single cell types or blood cell
types) at least four times any other
tissue/region/cell line/blood cell type/cell type

● Enhanced
nTPM in one or several (1-5 tissues, brain
regions or cell lines, or 1-10 immune cell types or
single cell types) at least four times the mean of
other tissue/region/cell types

● Low
specificity

nTPM ≥ 1 in at least one tissue/region/cell type
but not elevated in any tissue/region/cell type

● Not
detected nTPM < 1 in all tissue/region/cell types

Table 3. Distribution categories in the HPA. Description of the
distribution categories used to classify genes based on how ubiquitous
expression is in the HPA. nTPM = normalized transcripts per million.

Category Description

● Detected in Detected in a single tissue/region/cell typesingle

● Detected in Detected in more than one but less than one
some third of tissues/regions/cell types

● Detected in Detected in at least a third but not all
many tissues/regions/cell types

● Detected in Detected in all tissues/regions/cell typesall

● Not detected nTPM < 1 in all tissues/regions/cell types
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Caveats to tissue specificity

An ever-present problem in measuring specificity is how to define the
cutoff to use to call a gene specific. Defining a cutoff is consequential for
subsequent conclusions, as a loose cutoff causes many genes to be defined
as specific, and few as housekeeping, while a stringent cutoff results in the
opposite. Ultimately, accurately defining a gene as specific relies on the use
of an appropriate cutoff, which is arguably arbitrary, as well as using
appropriate samples, since specificity is contextual to the tissues and
conditions studied. A gene can naturally only be found specific if the tissue
or cell type it is specific for is represented in the data. Gene expression is
spatiotemporal and different sets of genes are expressed to different
degrees at various stages of development. Additionally, gene expression is
affected by health conditions, sex, ethnicity, and age [165-168]. In this
context, tissue specificity measured by many gene expression mapping
projects mainly reflect baseline expression in healthy adult tissues and cell
types. In using specificity e.g., as a metric for how widespread side-effects
of a drug might be, care should be taken to ensure that all relevant tissues
and conditions are represented. Furthermore, while gene specificity is for
most part well correlated between tissue (bulk RNA-Seq) and single cell
level data (scRNA-Seq), only abundant cell populations have their gene
expression represented also on tissue level. Gene expression specificity for
cells that are rare or low abundant, or cell types that are widespread
throughout the body are not possible to represent on bulk tissue level.

An important caveat to gene expression specificity scoring and
classification using RNA-Seq is the fact that it only captures levels of
mRNA and does not necessarily fully reflect the levels of the final gene
product, the protein, in the cell or tissue. Protein levels are regulated at
multiple levels: transcription, translation, mRNAdecay, and protein decay
[169, 170]; and many proteins are secreted from the cell. Gene expression
is for most part regulated transcriptionally [169, 171], but there are also
differences in post-transcriptional regulation between tissues and cell
types [171, 172]. The overall absolute RNA and protein abundances have a
moderate correlation. In a review in 2020, Buccitelli et al. [173] states that
at least 40% of variance in protein levels can be explained byRNA levels in
a cross-gene comparison, although this estimate is somewhat moderated
by measurement noise and biases, hence the true value is expected to be
higher. Another study estimates the corresponding value to approximately
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50%, and attributes the remaining 50% of variance in protein to mRNA
ratio to tissue or cell type specific effects [172]. Importantly, while overall
RNA and protein abundance correlate moderately, gene-wise correlations
are widely different between RNA and protein levels depending on gene,
although most protein show a positive correlation to their RNA levels [173,
174]. The genes with low correlation to their corresponding mRNA levels,
are potentially primarily regulated on post-transcriptional levels [173, 174].
However, this low correlation is likely also driven by measurement noise
in both RNA and protein mRNA, evident by the fact that genes with low
variability in expression are overrepresented among the ones with low
RNA-protein correlation [173]. If variance in expression between tissues
and cell types is low, the biological variance is more likely to be
overpowered by technical noise, rendering the correlation between RNA
and protein levels to be lower. Furthermore, the comparison of transcripts
and protein are further complicated by the large number of different gene
isoforms, and subsequent proteoforms, for which measurements are
aggregated to a single gene or protein group, potentially cumulating
measurement noise. Nonetheless, as mRNA levels in a cell are increased,
the protein production is increased proportionally [175], indicating that
RNA and protein levels correlate in steady-state systems. However, there
is evidence for additional differences in post-translational regulation
across cell types that include differences in protein synthesis regulation,
specialized ribosomes, and protein half-lives [172]. Highly abundant
proteins have high abundance of mRNA, but for subtler differences
between tissues, the difference inmRNA abundanceacross tissuesmay not
fully reflect protein abundance. Therefore, additional protein evidence
such as IHC is of great importance in confirming gene expression on
protein level. Nonetheless, mRNA levels is in general an excellent proxy for
the presence of protein [170]. To conclude, transcriptomic analysis offers a
great opportunity to assess the expression of the whole genome, but
caution should be applied in inferring protein levels from levels of mRNA.
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Visualizing the transcriptomic landscape
Biological data from technologies such as RNA-Seq (and scRNA-Seq) and
proteomic assays are typically high dimensional, meaning that they are
composed of a vast number of variables. For example, Ensembl version 105
reports 96,457 protein-coding transcripts corresponding to 22,818 genes
[15]. A dataset of this size practically inhibits the human mind to
comprehend its full complexity.

The curse of dimensionality entails the issue that as dimensionality
increases (e.g. by inclusion of more features such as genes), the volume of
the high dimensional space vastly increases, causing the data to become
sparse, anddata points tobe verydistant fromeach other [176]. Let 6-sided
dice represent the expression of independent genes able to be expressed in
6 different states; a combination of 10 independent genes would result in
6 million possible states across all genes, but increasing that number to
mere 50 genes would generate 8×1038 possible states, which is 100 trillion
more combinations than there are stars in the universe.

Yet, neither genes, cells, nor tissues are independent variables, but are
codependent and have common behavior. In this sense, while genomic
data has high dimensionality it also has a low intrinsic dimensionality [177,
178]. In short, there are structures within biological data that can be
extracted and summarized to make the data more comprehensible, while
still accounting for most of the data variance. For example, genes involved
in the same processes are often co-expressed [179], and different cells and
tissues share partial identity; gastrointestinal tissues share a
“gastrointestinalness” due to an overlap in cell type composition; B-cells
and T-cells share a “lymphoidness” that is distinct from myeloid immune
cells for instance; squamous epithelia of the esophagus, oral mucosa, and
skin share many features; and, as previously described, there is a subset of
“housekeeping” genes that are expressed at similar levels across most cell
types. Cellular and tissue identities described here e.g., as
“gastrointestinalness” and “lymphoidness” represent abstract latent
variables reflected in similarities in gene expression across many genes.
Identification of the biological data structures that make up the identity of
a cell, define a disease state, or a cell state tell us about how genes are
regulated, how they are mechanistically related, and how they may affect
health and disease. Data structures can be identified using clustering, or
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otherwise annotating data e.g., by classifying genes according to specificity
or by using a statistical method such as differential expression analysis in
order to reduce the dataset to a subset of genes that are relevant for the
task at hand. Another powerful tool to reduce the complexity is
dimensionality reduction, which may directly alleviate the curse of
dimensionality by removing redundant variables and noise, optimally
without major loss of information [176].

Principal component analysis

One of the oldest and simplest methods of dimensionality reduction,
Principal component analysis (PCA) was described already in 1901 by
Pearson [180] and later Hotelling in 1933 [181], and is still almost
ubiquitously used in explorative omics analysis. PCA finds linear
combinations of the original variables to produce new uncorrelated
variables called principal components, and orders them such that the first
principal components contain the most of the information, while the last
components are often assumed tomostly contain residual noise [182, 183].
PCA is in principleamultidimensional rotation of variablecoordinate axes,
that aligns the new coordinate system with the directions of maximum
variance, enabling envision of the data from the multidimensional angle
that is the most informative. For visualization purposes, the two (or
sometimes three) first principal components that contain most of the
variance are typically used, where the distance between visualized data
points approximates their high-dimensional distance; points that are close
to each other in the dimensionally reduced PCA space are likely more
similar in the original high dimensional space than other points. For
example, one would expect related tissue samples such as duodenum and
colon to be close to each other in a PCA based on gene expression. PCA is
from a strictly mathematical sense an optimal representation of the data
and since the transformation only rotates the data, no information is lost
from the transformation itself; it is only in the selection of a subset of
principal components where information is potentially lost.

Non-linear dimensionality reduction

However mathematically optimal the PCA transformation is, for
visualization purposes, PCA often fails to capture the whole picture of how
data points are related, for the sole fact that it is impossible to linearly
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represent high-dimensional data onto two dimensions without loss of
information. Instead, nonlinear dimensionality reduction techniques are
commonly employed for visualization, with potential to represent the
whole high-dimensional structures in two (or three) dimensions. The two
most prevalent techniques are t-distributed stochastic neighbor
embedding (t-SNE) [184] and uniform manifold approximation and
projection (UMAP) [185]. Both techniques reduce high-dimensional data
into a graph by using the distance between points to calculate pairwise
probabilities to estimate the likelihood that each pair of data points are
neighbors but use different statistics. The high-dimensional graph is then
embedded into two dimensions, producing a visualization of
neighborhoods of data points. In contrast to PCA, t-SNE andUMAP aim to
preserve high-dimensional neighborhoods rather than variance. Both t-
SNE and UMAP are stochastic processes, and may produce slightly
different results in different runs, and results are dependent on
hyperparameters. t-SNE’s perplexity is analogous to UMAP’s n neighbors,
and are both hyperparameters that in short control how well the resulting
projection should preserve global structures in addition to local
neighborhoods. UMAP is becoming increasingly popular at the expense of
t-SNE, due to its faster calculation times, and the fact that UMAP is better
at preserving the distance between distant points, thus representing the
global data structure better than t-SNE [186, 187].

To summarize, dimensionality reduction is useful in revealing data
structures, both related to biology such as differences between sick and
healthy subjects, developmental trajectories, and novel cell types, as well
as technical structures, such as detecting batch effects [186].

Clustering
Clustering analysis is a fundamental tool in explorative gene expression
analysis and entails the stratification of objects into groups that are similar
within a given dataset, with the aim to find natural structures and patterns
underlying data. Clustered objects generally refer to the grouping of
samples/cells or genes/transcripts in gene expression analysis [188]. A
conventional clustering strategy comprises measuring the
similarity/dissimilarity between objects, typically by Euclidean distance or
correlation in gene expression data analysis [188], and subsequent
partitioning of objects into groups of objects that are more similar to each
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other than other objects [188-190]. Clustering of samples may elucidate
unknown groups within a sample cohort, such as subgroups of patients
with different variants of a disease. This has for example been used to
distinguish patients of diffuse large B-cell lymphoma into two previously
unknown subtypes with considerable influence on patient survival [191].
In analysis of single cell omics data, clustering is an essential tool for
grouping cells of similar cell type identity and state. Alternatively,
clustering of genes or transcripts has the potential to increase the
understanding of gene function and regulation, as well as to increase the
comprehensibility of a dataset by reducing tens of thousands of variables
to a manageable number of clusters comprising genes with similar
expression pattern and, desirably, functional and regulatory relationships.
The sheer size and complexity of the genome constraints manual analysis,
hence clustering can vastly decrease the complexity of a dataset and help
to capture latent information in gene expression data that are not easily
observable directly [189]. For example, genes encoding ribosomal proteins
and mitochondrial ribosomal proteins are ubiquitously expressed, and a
specificity analysis would report most of these genes as “housekeeping” or
low specificity, but a clustering analysis can distinguish the subtler
differences in their expression, and group them into distinct clusters. In
this manner, clustering may be helpful to make large and complex datasets
more comprehensible, and guide attention to relationships between genes
and samples that are otherwise overlooked. Similarly to specificity scoring
and classification, where arbitrary cutoffs are consequential for which
genes are deemed specific and “housekeeping”, the choice of number of
clusters, algorithm, parameters, and data preprocessing affect the
clustering solution, and there is no single definition on what comprises a
cluster that is universally accepted [188-190]. Common methods for
clustering can be divided into three general groups: (i) Hierarchical
clustering, which can be divided into agglomerative and divisive
hierarchical clustering. In agglomerative clustering, each object starts as
its own cluster whereafter the closest clusters are iteratively merged to
create a hierarchy of clusters until all objects are united to a single cluster.
The second method, divisive hierarchical clustering, initiates with all
objects in the same cluster, and iteratively splits the cluster until all objects
are their own clusters. Whether agglomerative or divisive, hierarchical
clustering inherently lends itself to be visualized as a dendrogram, which
shows at which distances objects were joined/united by the clustering
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algorithm, for visualizing a hierarchy of object similarity. The dendrogram
can be cut off at a certain height to transfer the hierarchical clustering to
partitions. (ii) Partitioning methods, which simply stratify objects into
groups of similar objects, suchas k-means and SelfOrganizingMap (SOM)
[189], and density based methods such as DBSCAN [192]. (iii) Community
detection methods, such as Louvain and Leiden [193], are variants of
partitioning specifically used for graphs. Gene expression data does not
inherently cohere to a graph, and instead a k-nearest-neighbors graph
must be constructed, which is often reweighted to a shared-nearest-
neighbors graph and pruned to reduce the influence of outliers [194].
Community detection algorithms have become increasingly popular in
analysis of single cell omics due to their scalability, robustness in large
datasets, and robustness to scattered data points in contrast to k-means
and hierarchical clustering [190, 194]. Regardless of the method used, any
clustering strategy should be tailored for the task at hand, and the
suitability of a clustering strategy should relate to how well it solves the
addressed problem. The decision for the number of clusters to generate is
often in the hands of the data analyst and may be informed by previous
knowledge about the expected number of clusters, by using a validation
metric, or by data visualization methods wherein the number of clusters
can be guided by the number of concise data structures perceived. Data
visualizations techniques commonly used for this purpose include
heatmaps in combination with hierarchical clustering, as well as
dimensionality reduction techniques such as PCA [183] or UMAP [185].

Validating a clustering solution

Validation metrics to assess the quality of a clustering can be divided into
three general groups: (i) Internal metrics describe the properties of
resulting clusters, such as average silhouette index which compares the
distances between points within the same clusters to distances between
points of other clusters [195], and Dunn’s index whichcompares the largest
distance between objects within a cluster to the smallest distance to other
clusters [196]; (ii) Relative metrics compare alternative clustering
solutions generated by the same algorithm, such as the ‘figure of merit’
assessing the stability of a clustering solution as the clustering is reiterated
with omitted features (e.g. a gene) [195, 197]; and (iii) External metrics
compare the clustering solution with the true partitioning, such as Rand
index and the Jaccard coefficient which in principle measure the
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proportion of data points belonging to the same cluster in two compared
clustering solutions, and can be thought of as a correlation coefficient
between clustering solutions [198, 199]. While these metrics are useful in
guiding the process of constructing a clustering strategy, they do not
necessarily measure the scientific validity in the absence of a gold standard
clustering, which is by default absent in explorative analysis aiming to
discover previously unknown relationships e.g., between genes [199].
However, there are additional external metrics used in the clustering of
genes which aim to capture how well a clustering recapitulates known
biology, with the aim to better represent the scientific validity of a
clustering. Such metrics, which could be labeled ‘biological external
metrics’, use functional gene annotations, such as Gene Ontology (GO)
[200, 201] as a gold standard, and in principle compares how well the
clustering reproduces the known gene relationships in the annotation
reference [202]. This has resulted in the use of metrics assessing the
mutual information between the clustering solution and an annotation
database [203], metrics based on semantic distance [204, 205], and
probabilistic metrics such as the Ground truth Evaluation of Clustering
Outcomes (GECO), which evaluates the odds ratio of the number of “gold
standard genes” in the same cluster compared to the whole dataset, using
a gene annotation as a gold standard [206]. Another popular metric is
biological homogeneity index, assessing how biologically homogenous
clusters are in terms of gene annotations [207, 208]. Despite the utility of
these metrics in the evaluation of alternative clustering solutions, different
clustering algorithms are biased towards different validation metrics and
metricsmay bebiased towards the number of clusters in a clustering [209],
complicating their interpretation. For example, external biological metrics
have in previous studies been shown tohave a negative correlation with the
number of clusters in certain cases [203].
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Present investigation

The primary aim of this thesis has been to characterize and annotate
mammalian proteins in various contexts, in terms of location, specificity,
and function across cell types and tissues. This effort has to a large degree
relied upon the collection and curation of datasets covering a wide array of
tissues and cell types, and subsequent using this data for annotating
protein-coding gene expressionby specificity and localization. The primary
tools for doing this has been through quantitative transcriptomics (RNA-
Seq and scRNA-Seq) and targeted proteomics (IHC) in combination with
computational analysis with major themes of dimensionality reduction,
clustering, and specificity scoring and classification. All data and results
are presented in the open-access databases Human Protein Atlas (HPA;
www.proteinatlas.org; Paper I-II and IV-V), or Pig RNA Atlas
(www.rnaatlas.org, Paper III). The studies have in large part aimed to
define subsets of genes with similar characteristics to answer large-scale
scientific questions, such as which genes exhibit ubiquitous and specific
expression profiles across tissues and cell types, and many findings of
expression for specific genes have been validated by independent
proteomic analysis using immunoassays.Each paper in this thesis has been
accompanied by an update of the beforementioned databases, and much
work has therefore gone into curating data and results to be easily
navigated and interpretable, to be of additional use to other researchers.
This has entailed the construction of categorization and scoring strategies
for annotating gene expression patterns, as well as interactive
visualizations to let database users explore the data. Presenting the
biological annotation together with the quantitative and qualitative data
underlying the annotation promotes the utility of the resource, as any
independent scientist can themselves gauge the reliability of the
annotation, for full transparency.
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Paper I entails the effort of defining and annotating the subset of the
proteome that is actively secreted from cells; the human secretome. In
Paper II, we performed a quantitative gene expression analysis of 18 flow
sorted immune cell types to characterize and classify genes by their gene
expression patterns across immune cells.Paper III describes an in-depth
analysis of protein-coding gene expression in the increasingly important
model animal pig. A total of 98 tissues were analyzed to create the most
extensive tissue-based map of the porcine transcriptomic landscape to
date. In Paper IV, we integrate 13 public single cell transcriptomics
datasets to increase the resolution of the gene expression map to single cell
types. Paper V comprises a co-expression cluster-based annotation of the
protein-coding gene expression landscape across single cells and tissues,
and an integration of biological knowledge to provide a framework for
generating hypotheses of previously unknown functional relationships
between genes.
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Characterization of secreted proteins and human
blood (paper I-II)
Blood is the predominant material used for molecular analyses in the
human body, both in clinical labs and in research environments. The
clinical importance of human blood warrants deep characterization of its
constituents and increasing our knowledge of blood cells and blood plasma
may thus help in development of therapeutic strategies, understanding
disease mechanisms, and characterizing protein functions in blood.

Paper I – The secreted proteins

Efforts to map the plasma proteome usually do not distinguish actively
secreted proteins from proteins that are present in plasma due to for
example leakage from cells undergoing cell death. The detected plasma
proteome now includes 4395 canonical proteins [210], but only a subset of
these proteins is likely to be actively secreted into the blood. The study in
Paper I aimed to characterize the actively secreted proteome, labeled ‘the
human secretome’, which not only includes genes encoding proteins
secreted into blood, but also proteins secreted into local compartments of
the body. All 2641 proteins of the secretome were first categorized into
three main categories: (1) the blood proteins, (2) the locally secreted
proteins, and (3) the intracellular proteins. The second category of locally
secreted proteins was further classified based on the respective body part
the protein is secreted to, including six subcategories of local bodily
compartments: locally secreted to (i) brain, (ii) gastrointestinal tract, (iii)
male tissues, (iv) female tissues, (v) extracellular matrix, or (vi) other
tissues (such as eye or skin). The third category constitutes intracellular
proteins with secretion signal-peptides that are secreted into the
endoplasmic reticulum (ER) and subsequently sorted into and retained
within intracellular compartments such as the mitochondria, lysosomes,
and the Golgi apparatus. This was done per evidence for intracellular
location, such as the presence of a ER retention signal [211], a peroxisome-
targeting signal [212], and a mitochondrial target signal [213]. Proteins
with lack of supporting evidence for secreted location were categorized as
‘unknown location’. In total, this analysis resulted in nine categories
including proteins secreted to blood, six different local compartments,
intracellular, and unknown location. Importantly, local or intracellular
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secretion doesnot necessarily indicate the protein’snon-presence inblood,
as exemplified by Kallikrein related peptidase 3 (KLK3), also known as
Prostate-specific antigen (PSA), which is locally secreted into seminal fluid
by the prostate but is also detected in blood plasma.

The whole protein-coding genome was in silico screened for predicted
secreted proteins using three different methods predicting the presence of
signal-peptides in protein sequences. For each protein-coding gene, all
protein isoforms were individually annotated on the basis of the presence
of a signal peptide, transmembrane region, or both, and were subsequently
categorized as either secreted, membrane bound, or intracellular. In
addition, proteins annotated as secreted by UniProt [214] which also have
a corresponding entry in Ensembl version 92 were added, and predicted
isoforms with low evidence for existence were excluded, resulting in a total
of 2641 genes encoding potentially secreted proteins. This corresponds to
roughly 13% of all human protein-coding genes. The annotation of all 2641
predicted secreted proteins classified 730 proteins as secreted into blood,
806 to local compartments, 932 intracellularly, and 173 with unknown
location (Figure4). Eachof the 2641 geneswas manually annotated using
a combination of published literature, bioinformatic analysis, and
experimental evidence, also taking their spatial distribution in the human
body into account.

Figure 4. The various categories of the annotated human
secretome. Pie chart showing the number of proteins in each of the nine
categories in the secretome annotation.
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The predicted secreted proteins were further investigated for their
concentration in blood plasma by the use of imported MS-based
proteomics data from the Human Plasma PeptideAtlas [215] and
immunoassays from literature. Finally, 748 proteins involving both
secreted proteins and leakage proteins were analyzed in blood plasma
using PEA to investigate the longitudinal variance as well as the variance
betweenmales and females, in an experiment sampling 86 individuals four
times at 3-month intervals across one year. The longitudinal protein levels
were found to be stable at levels unique for each individual, supporting the
precision medicine notion that baseline plasma protein levels are specific
per each individual [93], warranting caution to be taken in population-
based biomarker studies. The plasma protein abundances are available in
the online resource to use as a reference for baseline healthy plasma
protein levels. This resource can be used as guidance to assess the
variability of plasma protein levels across individuals and sex.

In summary, this study entails the mapping and characterization of
actively secreted proteome as well as the compilation of plasma protein
levels from a combination of “in-house” experiments and external data,
and the subsequent creation of an open-access online resource
(www.proteinatlas.org/humanproteome/blood+protein) where this data
and annotations can be freely accessed and explored.

Paper II – Protein-coding gene expression in immune cells

In the Paper II study, we performed a quantitative gene expression
analysis of 18 canonical immune cell populations isolated by flow
cytometry sorting and integrated this data with other datasets including
two external immune cell studies by Monaco et al. [98] and Schmiedel et
al. [97], and the HPA generated transcriptomics data from 37 tissue types.
Immune cells were isolated from peripheral blood mononuclear cells
(PBMC) of six healthy donors, and subsequently analyzed with RNA-Seq.
The 18 cell types recovered included six different blood cell lineages: (i)
naïve and memory B cells, (ii) seven subpopulations of T cells, including
CD4 and CD8 T cells, (iii) natural killer (NK) cells, (iv) three monocyte
subpopulations; classical, intermediate, and non-classical, (v) three
subpopulations granulocytes; neutrophils, eosinophils, and basophils, and
(vi) plasmacytoid and myeloid dendritic cells.
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Figure 5. Correlation between immune cell types. Heatmap
showing the pairwise Spearman correlation between the global
expression profiles of 18 flow sorted immune cells.

Analysis using Spearman correlation of the expression profiles of the 18
cell types (Figure 5), as well as a UMAP analysis, showed that cells of the
same lineage have similar overall expression profiles. Lymphocytes
showed a distinct pattern from myeloid cells, with the seven T cell types
clustering together with NK cells, both B cell populations closely together.
All three monocytes showed high correlation with myeloid dendritic cells,
and the three granulocyte cells had the most distinct expression from other
cell types. The expression of immune cells was aggregated to ‘blood’, to
allow for comparison with 36 tissues, showing that the expression had as
expected the highest correlation to lymphoid tissues and bone marrow.
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Figure 6. Specificity of genes in immune cells. Pie chart
summarizing the number of genes with different specificity categories,
from a genomewide specificity classification across 18 immune cell types.

A larger portion of protein-coding genes was classified as ‘not detected’
among blood cells in comparison to the equivalent result in the context of
tissues. In blood, 3797 genes were found in the ‘not detected’ category
(Normalized expression; NX < 1) in contrast to merely 216 genes across
tissues. This can be attributed to the specialization of immune cells, and
the fact that many-fold more cell types are represented in the tissue data.
Out of the 3797 genes whose expression was not detected in blood cells,
3388 genes showed elevated levels of expression in at least one tissue,
indicating that these likely are genes with specialized tissue-related
functions. In a genome-wide classification of 19,670 protein-coding in
terms of specificity (Table 2) and distribution (Table 3) across the 18 cell
types, 30%of genes (n = 5934) were detected in all 18 cell types, and a total
of 9939 genes showed low specificity across immune cells (Figure6). 1713
genes were detected in a single cell type, where neutrophils showed the
most distinct expression profile, with 355 genes with highly enriched
expression for neutrophils. Among the geneswith enriched expression in a
single immune cell type were catalase (CAT) in eosinophils, which have
previously been localized to eosinophil granules [216]. Another example is
the C-X-C motif chemokine receptor 6 (CXCR6) with predominant
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expression in mucosal associated invariant T cells (MAIT cells). Its ligand
CXCL6 is expressed in liver [87] and the hepatic epithelial cells
cholangiocytes [217], and CXCR6 has previously been reported to be
involved with recruitment of lymphocytes to damaged liver tissue [218].

In addition, an analysis of 224 genes implicated in 354 primary
immunodeficiency diseases [219] was performed to visualize the
expression profiles of these genes across immune cells, which may
elucidate which cell types are involved in the disease, previously unknown.
The gene CCAAT enhancer binding protein epsilon (CEBPE), which
mutation causes specific granule deficiency 1 [220] was as unexpectedly
almost exclusively expressed in eosinophils (protein-coding transcripts per
million; pTPM = 581.4) while neutrophils had very moderate expression
(pTPM = 2.2), suggesting that eosinophils could be involved in the disease.
It is however possible that this gene is expressed in higher levels in
activated neutrophils.

In this study,many canonical cellmarkers were identified to be specific for
a subset of immune cell types, as for example CD19, CD22, and CD79 in B
cells, but also unknown potential B cell markers such as zinc finger protein
860 (ZNF860). The specificity categorization may in this manner help in
finding new protein markers that can be used to distinguish peripheral
immune cell populations, and the dataset as a whole may serve as a
reference dataset for expression in peripheral immune cells, as has already
been done by Deng et al. [221] and Bagaev et al. [222] for instance.

Concurrently with the publication of this study, a new section of the
Human Protein Atlas was launched, called ‘The Blood Atlas’, later renamed
to the ‘Immune cell’ section, which includes both raw and normalized
expression values for each gene (available at
www.proteinatlas.org/humanproteome/immune+cell). This open-access
interactive online resource allows free exploration of data together with
annotations in terms of specificity and distribution, comparison with two
similar datasets of immune cells [97, 98], as well as comparison of
expression in tissues and single cells, and proteomic and antibody-based
measurements by IHC and IF.
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Paper III – Protein-coding gene expression in pig
tissues
The domesticated pig has been an essential livestock in agriculture for over
10,000 years [223], and have in recent years gained further importance in
industry as it has become increasingly popular as a model organism in
pharmacology [224], toxicology [225], surgery [226], and disease [227].
Moreover, pigs have become the focus for potential xenotransplantation
[227, 228] for a possible solution to the organ shortage crisis, epitomized
by the common use of pig heart valves and, recently, the first
transplantation of a pig heart to a human. The genetic and biomolecular
similarity to human in contrast to rodents, as well as the physiological
similarities makes the pig a promising non-primate model for human
health and disease [229]. However, in contrast to more widely used model
organisms, the transcriptomic and proteomic functional annotation of the
pig genome is still limited. Several studies have attempted tomap the gene
expression of protein-coding genes in pig, and efforts have focused on a
limited set of tissues or primarily on industrially relevant tissues: adipose
and muscle tissues [230-233]. In the Paper III study, we extended the
transcriptomic map of the porcine protein-coding genome by deep
transcriptomic sequencing of Bama minipigs, including all major tissues
and organs, and subsequently creating an online resource
(www.rnaatlas.org) enabling free exploration of data and annotations, as
well as comparison of expression patterns in pig to human. A total of 98
tissues were dissected (Figure 7), and tissue identity was confirmed using
histological analysis of adjacent samples and sequenced using RNA-Seq
with an average depth of 165.5 million reads. Expression profiles for
22,342 protein-coding genes were established and categorized in terms of
specificity and distribution, as well as their general expression pattern
based on clustering. In total, 22,007 genes were detected (Normalized
expression; NX > 1) in at least one tissue type. Highly specialized tissues
such as lens and cartilage were found to express fewer genes, while testis
and brain were found to express the highest number of genes, results
similar to what has previously been reported in human [87].
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Figure 7. Overview of analyzed pig tissues. Circular dendrogram
based onWard’s criterion onpairwise Spearman correlation between the
98 tissue types included in the study. Branch lengths have been scaled to
reduce visual complexity. A selection of branches is annotated based on
common biological features, mainly showing that tissues cluster based on
similar function and germ layer origin. Branches are colored if all
downstream tissues have the same color associated with them.

To generate an overview of the body-wide specificity (Table 2) and
distribution (Table 3) of genes, a genome-wide classification was
performed of all protein-coding genes. The analysis identified 13,372 genes
with elevated expression in one or more tissues, out of which 3085 genes
had the highest category of specificity; tissue enriched. Specialized tissues
had the highest number of genes with elevated expression levels, such as
brain (n = 2930), testis (n = 2718), and lymphoid tissues (n = 1360).
Tissues with large portions of wide-spread cell types such as aorta and
adipose tissues generally had fewer geneswith elevated expression. A large
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portion of genes were classified as having low tissue specificity, while being
detected in all tissue types (n = 7699), which is a set of genes that should
contain, but is not limited to, “housekeeping” and essential genes.

Categorization in terms of specificity can capture the genes that show
preference to one or several tissues, while a distribution-based clustering
gives additional information of how wide-spread the expression is across
tissues, where the category “Detected in all” may give clues whether a gene
is essential or “housekeeping”. Both classification schemes may in this
manner give clues about gene function, but both schemes are unable to
discern subtle patterns in gene expression. To allow for identification of
genes with common expression profiles of more subtle patterns, a UMAP
based clustering scheme was devised. The expression of the 22,342
protein-coding genes across the 350 individual sampleswas projectedonto
two dimensions using UMAP, and genes were subsequently clustered
based on their expression across tissue types, rendering clusters of
similarly expressed genes. Next, each cluster was manually annotated in
terms of specificity and common function across the genes in the cluster.
Cluster annotations were based on both the exhibited specificity patterns
showed by genes in the cluster, as well as overrepresentation of genes with
functional annotation within Gene Ontology (GO) databases.

The resulting dimensionality reduction through UMAP and clustering
formed a dynamic expression “landscape” (Figure 8), with distinct
clusters containing co-expressed genes with common preference for
tissues, and in multiple examples, related function. Clusters with
particularly distinct expression, with genes showing a high specificity for
one or a few tissues, appear as separated “islands” in the UMAP, as for
example cluster 33 – “lens” containing genes with almost exclusive
expression in lens, such as the gene Lengsin, lens protein with glutamine
synthetase domain (LGSN). Other examples are the three clusters 46, 49,
and 50, which contain genes with high expression in skeletal and heart
muscle, where cluster 46 – “Skeletal muscle contraction” contains genes
with expression preference in skeletal muscle, cluster 49 – “Heart
contraction” has morepreference to heartmuscle, and cluster 50 –“Muscle
contraction” has similar expression in both heart and skeletal muscle. The
“housekeeping” genes expressed in all tissues are found in clusters mostly
adjacent to each other, but different clusters contain an overrepresentation
of genes related to different “housekeeping” functions, such as
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“housekeeping protein processing” and “housekeeping mRNA”. Clusters
related to lymphoid tissues reside adjacent with genes related to different
immune cell types, and also close to “housekeeping cell cycle”, likely due to
the large degree of cycling immune cells in lymphoid tissues. Other more
subtle patterns that are not related to certain tissue types, but rather a
specific function are also observed. Genes classified as elevated in the lung,
testis, choroid plexus, upper respiratory system, and fallopian tube are
significantly overlapping with cluster 23 – “cilium structure”, and a Gene
Set Analysis (GSA) to Gene Ontology (GO) annotations show cluster 23 to
be highly enriched for genes with functional annotations related to cilia,
including cilium movement, organization, and assembly.
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Figure 8.UMAP visualization of all 22,342genes and their gene
clusters with annotation. Genes are clustered based on expression in
350 pig samples corresponding to 98 tissue types. The resulting 84
clusters are outlined and cluster color represents the expression pattern
across tissues of the cluster genes, where each color is associated with a
tissue (see article figure for full color legend). Hk = housekeeping, Low =
Low abundant, Un = Uncharacterized. The four most peripheral clusters
have been removed from this figure to allow a more compact
visualization; see paper for full figure.
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The increasing utility of the pig as a model for human health and disease
warrants a comparison in the expression between pig and human.
Selecting a model animal for simulating disease, treatment, and toxicity in
human relies on affected genes to behave similarly in the model animal as
in the modeled system, the human body, for increasing the likelihood that
pre-clinical studies can successfully transfer to human subjects. In this
study, we compared expression in humans to pigs using correlation for
assessing the cross-genome similaritiesbetween individual human and pig
tissues, and performed a gene specificity classification across both human
tissues in the Human Protein Atlas [87] and porcine tissues, for those
tissues that are available in both species (Figure9). To statistically assess
the similarity between human and pig gene specificity patterns, a
hypergeometric test was performed to assess the overlap of genes elevated
in e.g. thymus in human to those elevated in thymus in pig (Figure 9). All
tissues except ductus deferens showed a statistically significant overlap to
the same tissue in the other species. Brain, liver, and lymphoid tissues
showed high similarity, but the analysis also revealed similarities between
related tissues, such as the heartmuscle and skeletal muscle, andbrain and
retina. However, in particular reproductive tissues were more dissimilar
between the two species compared to other tissues, both in terms of overlap
of elevated genes, but also in terms of genome-wide correlation, with
epididymis, prostate, ductus deferens, fallopian tube, and testis among the
tissues with lowest correlation, and generally low overlap of elevated genes
acrossmost reproductive tissues. Thisdiscrepancy in bothmale and female
reproductive tissues in pigs suggests that they may be less appropriate
models for human tissues, in comparison to other tissue types, which could
be explained by the anatomical and functional differences in pig and
human reproduction. Sows have a bicornuate uterus and a nonseasonal
and polyoestrous cycle [234]. However, differences in sample
characteristics may also have contributed to the observed differences. The
pig tissues were sampled at one year of age from pigs that had not mated,
while human samples are predominantly fromadults above 40 years of age
with assumed variance in whether donors have undergone pregnancy
and/or menopause.
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Figure 9. Comparison of tissue specific genes between human
and pig. Left: Alluvial diagram of the overlap in tissue specificity
categories between human and pig gene orthologs, based on the 32 tissue
types available in both species. Right: Bubble heatmap of a
hypergeometric test assessing the overlap in elevated genes per each
pairwise combination of tissues between species. The size and color of
bubbles show the Benjamini-Hochberg adjusted p-values for statistically
significant overlap (FDR < 0.001) of tissue elevated genes in either pig or
human tissues.

In conclusion, in this study we have created an open access online resource
called the Pig RNA Atlas (www.rnaatlas.org) for exploring expression
patterns in 98 pig tissues, with a possibility to compare expression profiles
to orthologs in human, complete with data annotations in terms of gene
specificity, distribution, and co-expression clustering. This resource may
expedite endeavors to understand pig biology and will further the use of
pig as a model system for human health and disease.
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Paper IV – Protein-coding gene expression in human
single cells
The advances in single cell genomics have made the characterization of
gene expression of individual cells possible. This has the potential to
increase the resolution of gene expression maps from tissue level to single
cell types. While thousands of scRNA-Seq datasets are published and
available, few are accessible and explorable beyond their original
publication and counts data deposited in data repositories. Enabling gene
expression in single cell types to be explorable represents a significant step
towards making baseline gene expression in single cell types more
accessible. In the Paper IV study, we collected, imported and integrated
13 publicly available scRNA-Seq datasets of non-diseased human tissues,
to create a cross-tissue map of single cell expression. The ileum [235],
colon [236], rectum [235], kidney [237], liver [238], pancreas [239], heart
[240], lung [241], prostate [242], testis [243], placenta, [244], skin [245],
and eye [246], as well as human blood [247]. Cells from each dataset were
clustered to a total of 192 single cell type clusters across all 13 tissues and
were individually annotated by cell type identityusing well-known cell type
markers, resulting in a total of 51 cell types.

To identify genes showing preferential expression in a subset of cell types
as well as genes showing low specificity across cell types, a specificity
classification analysis was performed on the aggregated gene expression of
the 51 identified cell types (Table 2, Figure 10). Pooling the expression
of many cells of the same identity reduces noise associated with technical
and biological zero counts (dropouts) and lets gene expression be
summarized asan averageacross cell types of a given identity [49]. In total,
2005 genes were classified as the most specific category of ‘Cell type
enriched’. Similarly, 2893 genes showed similar degree of specificity, but
for a group of 1-10 cell types and were hence categorized as ‘Group
enriched’. Some cell types showed elevated expression for a large number
of genes, including the eye specific photoreceptor cells, bipolar cells, and
horizontal cells, as well as in ciliated cells of the lungs. Early and late
spermatids had the largest number of specific genes, which agrees with
previous observation on tissue level, where testis has been reported to
constitute the tissue expressing the most genes with specific expression
[87, 90]. On the other side of the spectrum, 4257 genes were categorized
as ‘Low cell type specificity’.
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Figure 10. Summary of elevated gene expression across 51 cell
types. Top: Dendrogram showing hierarchical clustering based on
average Spearman distance between cell types, and a barplot showing
the number of genes of the three categories of elevated expression per
each cell type. Bottom: Pie chart showing the total number of genes of
each category of cell type specificity.
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In a comparison of cell type specific genes to those genes which show
specific expression patterns on tissue level, cell types were shown to
correlate well with their source tissues, with the exception of several cell
types which are not well represented on tissue level. These include for
example endothelial cells, which are almost omnipresent across tissues,
and cell types such as peritubular and Sertoli cells, which specific
expression in testis is likely diminished due to the large number of
spermatids in testis. In contrast, tissues which are predominantly
composed of a single cell type, such as hepatocytes in liver, showed a large
degree of similarity between single cell gene expression and bulk tissue
expression. Furthermore, almost all of the genes showing low cell type
specificity also had low specificity on tissue level. This indicates that while
much of the expression profiles present on single cell level are also
represented on tissue level, mapping expression on single cell level
increases the resolution at which we can map and annotate expression.
Moving to profiling expression on single cell level allows tissue level
expression patterns to be attributed to the single cell types constituting the
tissue, which can greatly improve the precision of annotation of the human
transcriptome.

A new open-access section of the Human Protein Atlas was launched
named the ‘Single Cell Type Atlas’ (www.proteinatlas.org/celltype). In this
new resource, individual UMAPs for each dataset are presented, upon
which the gene expression in each individual cell is superimposed, as well
as barplots presenting the average expression of each gene across the 192
cell clusters. The data is presented in parallel with IHC imaging which
enables direct validation of expression also on protein level through the
bioimaging effort of the Tissue section of the Human Protein Atlas [87].
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Paper V – Annotating the human genome based on
expression patterns
In Paper V, we sought to extend the annotations previously made in the
Human Protein Atlas, as well as to integrate gene annotations made from
various technologies, including bulk RNA-Seq, scRNA-Seq, IHC, and IF, in
order to improve the utility of the Human Protein Atlas as a resource for
expression data and protein annotation. In this paper, we used single cell
and bulk tissue transcriptomics data for classifying genes according to their
expression patterns across tissues and cell types, both in terms of
specificity and co-expression.

The specificity across single cell types and tissues were defined both as
described in Table 2 and using the specificity score τ [152]. In a
comparison of specificity of genes displayed on single cell level to
specificity on tissue level, we show thatmost of cell type specific expression
patterns are also represented on tissue level, i.e., most of the genes that
show high specificity across cell types also do so across tissues. However, a
subset of around 1,000 genes showed higher specificity in cell types whose
expression is masked in bulk tissues, due to their wide-spread distribution
across many tissues, such as endothelial cells, adipocytes, smooth muscle,
pericytes, and immune cells, or cell types which have relatively low
abundance and therefore contribution to the bulk expression such as
Sertoli and peritubular cells of the testis. These results indicate high
concordance between specificity on tissue and single cell level, although
single cell data also has the advantage of increasing the resolution and
sensitivity of specificity annotation to single cell types.

The efforts described here inPapers I-IV have predominantly focused on
the specificity of genes, both defining subset of genes with functions
specific for cell types and tissues and subset of ubiquitously expressed
“housekeeping” genes. However, there are biologically relevant groups of
co-expressed genes with more subtle expression patterns that these types
of analyses are oblivious to. In this paper, we produce a whole protein-
coding genome clustering both across single cell type clusters from scRNA-
Seq data covering 566,108 cells from 25 tissues, and across tissues using
conventional bulk RNA-Seq. For both datasets, PCA was used for
dimensionally reduction and UMAP for visualizing the transcriptomic
landscape of all expressed protein-coding genes (Figure 11), and genes
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were clustered by Louvain clustering at a resolution (number of clusters)
informed by cluster stability. Each cluster was then annotated in terms of
specificity and common functions displayed by the genes in the cluster
using a multitude of publicly available functional gene annotations with
regards to subcellular location, cellular structures, cell markers, regulation
of transcription, and biological function (Figure 11).

Figure 11. Overview of gene clustering strategy. Gene expression
data is dimensionally reduced by PCA (although here visualized in a
UMAP), clustered, and clusters are annotated.

This cluster analysis allowed us togroup genes into 68 clusters with similar
expression pattern for generating hypotheses of gene function according to
the principle of “guilt-by-association”. For example, a cluster of 457 genes
was found containing genes with high specificity for ciliated andflagellated
cells, with an overrepresentation of genes related to cilia and cilia
associated functions and was thus annotated as “Ciliated cells – Cilium
organization”. Many of the genes in this cluster were not previously
associated with cilia or flagella, offering an opportunity to extend the
characterization of these genes. An in-depth targeted IHC analysis was
performed to validate the expression in ciliated and flagellated cell types
on protein level. Antibodies were available for 353 of the 457 genes, out of
which reliable protein staining was found for 300, with detailed spatial
annotation in ciliated and flagellated cells in airways, endometrium, and
testis (Figure 12). This demonstrates how clustering-based analysis of
expression data can be coupled with independent evidence to fill in gaps in
functional protein annotation.
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Figure 12. Summary of deep IHC annotation of a cluster with
predominantly cilia related genes found in gene clustering
based on scRNA-Seq data. Left: Pie chart showing a summary of IHC
staining. Right: Upset bar chart of the number of proteins with staining
in three locations in ciliated/flagellated cells (n = 300).

Other clusters relate to specific functions such as spermatogenesis,
keratinization, and immune functions, and furthermore lead to the
stratification of “housekeeping” genes into clusters of genes co-expressed
with ribosomal and mitochondrial genes, cell cycle associated genes,
among others. This annotation and UMAP visualization greatly increase
the comprehensibility of the human transcriptomic landscape presented
on the Human Protein Atlas and allows users to browse local
neighborhoods of genes, highlighting potentially unknown relationships
between genes. In combination of the IHC and immunofluorescence (IF)
images, this greatly enhances the utility of the annotation, by letting users
directly cross-reference transcriptomic data of genes of interest with
spatial protein data.

In summary, this new genome-wide stratification of genes into clusters of
similar expression patterns has allowed the classification of genes into
functionally related groups, in addition to a classification in terms of
specificity and distribution. This clustering has enabled the capture of
subtler patterns of expression and is helpful in the navigation of the
expression landscape across single cell types and tissues.
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Concluding remarks

This doctoral thesis entails the effort to map the mammalian proteomic
and transcriptomic landscape, and to provide a resource for researchers
across the globe. The effort of the HumanProtein Atlas programhas to this
date lead to the mapping of expression of 20,090 protein-coding genes
across single cells, tissues, immune cells, brain regions, and cancers. The
online resource now contains over 10 million manually annotated IHC
images and annotated subcellular locations of 13,041 proteins by 78,279 IF
images in cell lines [86]. The annotations based on gene expression and
protein localization provided by the Human Protein Atlas have been used
as reference knowledge databases for a number of bioinformatic tools used
for mining biological datasets, including DAVID [248], OmniPath [249],
and TissueEnrich [250]. While this type of expression mapping is not
unique, the Human Protein Atlas program has put an emphasis on
procuring a well curated baseline dataset spanning several biological
contexts and technologies, completewith annotations and visualizations to
provide an online resource accessible to experts and novices alike. This
work has built on the work of hundreds of researchers over a span of two
decades. It has been an honor and a privilege to contribute to this journey.

The work entailed in this thesis can be divided up in two phases. Phase one
was primarily focused on the collection of data for characterization of
protein-coding genes in terms of expression specificity and distribution
across tissues and cell types. Paper I catalogues the secreted proteome,
annotating the secretome by localization for secretion, and describes the
constituents of human blood [94]. Paper II is focused on the
characterization of protein-coding genes across 18 human peripheral
immune cell types [90]. In Paper III, a protein-coding gene expression
map is made for the increasingly important model species of pig, mapping
expression across 98 tissue types, and a new online resource was launched
for hosting the data and annotations generated in this effort
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(www.rnaatlas.org) [251]. InPaper IV, public single cell data spanning 13
tissues were used to create a single cell type map of protein-coding
expression, marking an important step to increase the resolution of the
gene expressionmap to individual cell types [217]. Phase two of this thesis,
composed of Paper V, regards the endeavor to use the knowledge
generated by the Human Protein Atlas and external sources for mining the
previously procured data for increasing the potential to functionally
annotate the proteome. In this manner, Paper V entails the integration of
biological knowledge and expression data by clustering of genes by
expression, and subsequent cluster annotation to find potential unknown
relationships between co-expressed genes, according to the principle of
“guilt-by-association”.

The second phase of this thesis is to my anticipation and hope merely the
beginning of an endeavor of theHuman Protein Atlas program to work for
closing gaps in functional and spatial annotation of mammalian proteins.
Utilizing tools such as dimensionality reduction, clustering, and data and
knowledge integration has the potential to provide a framework for
generating hypotheses for targeted experiments for internal and external
use alike, with the ultimate objective to fill themany knowledge gaps in the
annotation of protein function. In this manner, an important direction is
to provide tools for the community to enable the mining of publicly
available data and annotations, to extract as much utility of the already
available resource as possible. This could entail both statistical tools such
as the beforementioned DAVID [248], OmniPath [249], and TissueEnrich
[250], and custom visualizations to enable users to make their own visual
representations of data, to increase the comprehensibility of the resource.

While an abundance of data has already been generated to contribute to
the collective corpus of mapped gene expression, there are still many
biological contexts which could benefit from further studies. The advent of
single cell resolution technologies has already profoundly changed the
playing field in this regard, to increase the resolution of expression
mapping to single cell types. If the promises of efforts such as the Human
Cell Atlas pan out, we will see a great acceleration in the generation of
spatial and functional gene ontologies. The increase of resolution assured
from single cell technologies will lead attention to rare cell types that are
underrepresented in proteomic and transcriptomic profiling, and an
extension of the analysis of the transcriptomic and proteomic landscape of
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these should be prioritized. Additionally, relating to paper III, systematic
mapping of the transcriptomic landscape should be extended to clinically
relevant model animals, such as the pig, rodents, and non-human
primates. Mapping of these species will have great utility for studies of
evolutionary relationships of orthologs and paralogs, and will help in the
annotation of divergently evolved functions across species to further the
utility of model species in clinical applications.
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