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A comprehensive, computable representation of the functional repertoire of all
macromolecules encoded within the human genome is a foundational resource

for biology and biomedical research. The Gene Ontology Consortium has been
working towards this goal by generating a structured body of information about
gene functions, which now includes experimental findings reported in more than
175,000 publications for human genes and genes in experimentally tractable model
organisms™2 Here, we describe the results of a large, international effort to integrate
all of these findings to create a representation of human gene functions that is as
complete and accurate as possible. Specifically, we apply an expert-curated, explicit
evolutionary modelling approach to all human protein-coding genes. This approach
integrates available experimental information across families of related genes

into models that reconstruct the gain and loss of functional characteristics over
evolutionary time. The models and the resulting set of 68,667 integrated gene
functions cover approximately 82% of human protein-coding genes. The functional
repertoire reveals a marked preponderance of molecular regulatory functions, and
the models provide insights into the evolutionary origins of human gene functions.

We show that our set of descriptions of functions canimprove the widely used
genomic technique of Gene Ontology enrichment analysis. The experimental
evidence for each functional characteristic is recorded, thereby enabling the
scientific community to help review and improve the resource, which we have made

publicly available.

Human genes are segments of the genome that encode instructions
for making molecular machines—primarily proteins but also non-
coding RNAs—that perform the functions that create and sustain the
human body. Determining the entire functional repertoire of these
gene products is vital for understanding human biology and for the
treatment of disease. Previously published attempts to comprehen-
sively construct and analyse the entire repertoire of functions encoded
by human protein-coding genes were featured in reports of drafts of
the human genome sequence in 2001 (refs. 3,4). Both publications
reported analyses of the set of human protein-coding genes that
were state-of-the-art at the time using protein family identification
software such as Pfam® and PANTHER® and the nascent Gene Ontol-
ogy (GO) to define functional classes’. These studies reported that a
functional characteristic was either known or could be predicted for
approximately 40%* and 58%>, respectively, of human protein-coding
genes. However, these initial studies had several limitations, includ-
ing that gene function was described at only a high level and there
were no traceable links to supporting experimental evidence. As a
result, most genes were assigned to a single, broad category of func-
tion, and the accuracy of that assignment was not readily verifiable,

which made it difficult to build on these analyses as more experimen-
tal results became available. Since that time, multiple resources that
include humangene functions have been developed® ™, including our
own work in the GO Consortium'?, but these have not been system-
atically aimed at a complete, computable representation for human
genes.

Here we describe our work to develop a representation of human
protein-coding gene functions that is as complete as possible given
the currently available data using an approach based on explicit evo-
lutionary modelling™™. This process required the construction of evo-
lutionary models at alarge scale:in total, models were constructed for
6,333 phylogenetic trees in the PANTHER database’>' and all available
experimental information in the GO knowledgebase. In the resulting
representation, the overall function of eachhumangeneis described by
aset of multiple functional characteristics (annotations). Each charac-
teristicisrepresented by aselected term from the GO ontology (aformal
ontology of gene functions), is supported by traceable experimental
evidence and potentially has a distinct evolutionary history. We have
made this set of human gene functions publicly available at https://
functionome.geneontology.org.
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Creating agenome-wide set of functions

Our process to create acomprehensive set of human gene functionsis
showninExtended DataFig.1and describedin detailinthe Methods. It
relies on expert human curation with extensive computational support.
Thefirststep involved theidentification of publications that reported
experimental findings regarding the functions of genes, from which
biocurationscientists (biologists with expertise in datascience) created
‘primary GO annotations’. A GO annotation links agene to afunctional
characteristic, coupled with the evidence for that assertion. The func-
tional characteristic is selected from the graph of classes (or terms)
available from the GO ontology, aninformation science structure that
enables complex experimental findings in biology to be represented
in aform amenable for computation. The GO ontology defines three
broad categories of functional characteristics: molecular function
(MF; functions that the gene product performs at the molecular level);
biological process (BP; functions at the level of cellular and organism
systems); and cellular component (CC; the cellular structures where
thegene productisactive). Primary GO annotations currently include
findings from more than 175,000 peer-reviewed, published papers,
withmost of these coming from studies of model organisms. These pri-
mary GO annotations are arguably the most extensive and widely used
source of functional information about gene function™ However,
they do not constitute acomprehensive representation of human gene
functions. First, each primary annotation s limited in scope to a gene
functional characteristic that was experimentally demonstrated in a
single publication. Consequently, primary annotations are often more
reflective of the details of the experiment than the underlying gene
function. Moreover, annotations to the same gene can be partially or
completely redundant with each other, evenifthey refer to apparently
distinct GO terms (see Methods for examples). Primary annotations
arealso subject to biases in the published literature; for example, the
tendency of studies to focus on only a subset of human genes™. But
perhaps mostimportantly, direct experimental knowledge of human
gene functions remains incomplete. Thus, acomprehensive represen-
tation of human gene functions requires leveraging the vast amount
of experimental knowledge obtained in a wide range of other organ-
isms, which can provide important information because of the deep
evolutionary conservation of many protein-coding genes.

To address these limitations, we implemented a second step to
review and integrate the primary GO annotations—for both human
and related non-human genes—into a comprehensive, minimally
redundant description of human gene functions. This step created a
synthesis of the primary GO annotations, analogously to how areview
article synthesizes findings from primary research publications. In
this approach, called phylogenetic annotation using Gene Ontology
(PAN-GO), we performed the following actions: (1) systematically
reviewed all functional evidence in the GO knowledgebase for related
genes withinthe evolutionary tree of a gene family; (2) selected aset of
maximally informative and independent functional characteristics; and
(3) constructed an evolutionary model of how each selected functional
characteristic evolved in a gene family (that is, when it arose and, in
many cases, was subsequently lost). The evolutionary models were then
used to provide integrated PAN-GO annotations for each human gene.

The explicit evolutionary modelling approach represents anadvance
over previous work to leverage homology information'®*, which falls
into two broad categories. Methods that use protein families (for exam-
ple, Pfam® and InterPro2GO?) or subfamilies or orthologous groups (for
example, PANTHER" or COGs?) used in earlier genome-wide functional
analyses of the human genome>* have been updated and regularly
expanded. However, they are nonetheless limited to representing
functional characteristics that are broadly conserved over an entire
family or subfamily and can therefore lack coverage and precision.
By contrast, methods that use pairwise identification of homology*
or orthology®** essentially treat each homologous gene pair, and

each functional characteristic, in isolation rather than integrating
experimental information over multiple related genes. More recently,
methods based on deep learning have shown promise?*? but still face
similar challenges. In all of these methods, homology relationships
at the sequence level are used to make implicit inferences about the
evolution of gene functions. To our knowledge, the work presented
here is the first to make the evolutionary models explicit at the scale
of entire genomes.

PAN-GO evolutionary modelling process

We first illustrate the modelling process using the example of the
ubiquitin-activating enzyme (UAE) family. This family has been well
studied inthe literature, which enabled us to compare our evolution-
ary model to previously published findings. The UAE family is found
in all kingdoms of life and includes ten human genes. Members of the
UAE family can activate a range of ubiquitin-like modifiers (UBLs),
small proteins that once activated are attached to other proteins to
mark them for regulation. Fig. 1a shows part of the UAE gene family
tree in the evolutionary modelling tool called phylogenetic annota-
tion and inference tool (PAINT; see Methods for details), focusing on
the clade containing the human ATG7 gene. The modelling process
considered both the gene tree (indicating here the origin of the ATG7
clade before the last common ancestor (LCA) of eukaryotes) and the
sparse experimental knowledge of the functions (primary GO annota-
tions) of the genesinthe tree (Fig.1a, green squares and callouts). The
mostinformative, nonoverlapping set of functional characteristics (GO
classes) were selected, and then an evolutionary model was created,
specifying the tree branch along which each characteristicarose during
evolution (Fig.1a, bottom callout). The model in Fig.1corresponds to
the simplest evolutionary model®® ' that explains these experimental
observations given the evolutionary history in the gene tree. Finally,
the PAN-GO annotations for human ATG7 were assigned by applying the
evolutionary model, assuminginheritance (Fig. 1a, dotted line) of the
functional characteristics (GO terms) ‘Atgl2 activating enzyme activity’
and ‘Atg8 activating enzyme activity’ (GO term labels are indicated in
single quotes). Inthis example, the evidence for human gene function
was therefore derived from experiments on related genes in other
organisms. For example, the ‘Atg8-activating enzyme activity’ of human
ATG7is supported by experiments in mouse® and in budding yeast®.

Figure 1b shows the PAN-GO model for MFsin the entire UAE family,
which contains nine other human genes in addition to ATG7, as well
as homologous genes from archaea and bacteria. This model dem-
onstrates several important features of the PAN-GO process. First,
different members of the same family can have highly different anno-
tations of function. By contrast, the family-based approach used in
previous characterizations of human gene functions** does not assign
afunctional characteristic to any genes in the UAE family (see Pfam®
PF00899) because the diversity of functions prevents a functional
assignment that applies to allmembers. Second, the model is designed
to represent actual evolutionary events, to the degree possible given
the reconstructed phylogeny. Because GO classes that describe func-
tions are discrete, we expressed the model of each change in function
during evolution as a combination of gains and losses of GO classes.
For example, in the branch leading to ATG7, the ancestral ‘sulfotrans-
ferase activity’ (supported by experimental annotations in the clade
ofbacterial genes and one clade of eukaryotic genesincluding human
MOCS3) evolvedinto a UBL-activating enzyme activity specific for the
ATG12 and ATGS family of UBLs. In the PAN-GO model, this functional
change is modelled as a loss of the GO term ‘sulfotransferase activity’
(asthistermisnolongeranaccurate description of the newly evolved
function) and again of two GO terms: ‘Atg12 activating enzyme activity’
and ‘Atg8 activating enzyme activity’.

Using only a gene tree and experimental GO annotations, our mod-
elling process constructed a function evolution model that captured
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Fig.1|PAN-GO annotation processillustrated using the UAE family.

a, View of the PAINT software tool (Methods) showing the process of creating
afunction evolution model for the human ATG7 gene (top) thatintegrates
functioninformation fromrelated genes. The phylogenetic tree (left) shows
the evolutionary relationships between genes found in different organisms.
Treenodesrepresent speciation events (circles) and gene duplication events
(squares); extantgenes are labelled with the UniProt five-letter species code®
and gene symbol whenavailable. For each extantgene, the sparse experimental
functionannotations areshownontheright (green squares, each column
isadistinct GO class). Informationin the gene tree and primary GO annotations
(greencallouts) isused to constructa parsimonious model for function
evolution (bottom callout, dark blue), in which the selected functional
characteristics firstaroseinanancestral, ATG7-like gene. These functions were
then transmitted by inheritance to the human ATG7gene (dashed yellow arrow).

the major evolutionary events in this family, which were previously
determined through highly labour-intensive detailed studies. In our
model, the MOCS3 clade retains the ancestral ‘sulfotransferase activ-
ity’, consistent with previous assertions that MOCS3 provides an evo-
lutionary link to prokaryotic enzymes in this family***, Although the
phylogenetic tree does not reconstruct the order of early gene duplica-
tions (shown in Fig. 1b as multiple branches descending from a single
ancestral gene), our model does allow us to distinguish the order of
gene duplications and functional modifications that occurred more
recently to generate the three human genes UBAI, UBA6 and UBA?7.
For these three genes, our model is consistent with a previously pub-
lished model*®in essential details: (1) the ancestral gene was specific for
ubiquitin; (2) the duplication leading to UBA6 pre-dated that leading
to UBA7; and (3) UBA7 changed its specificity from ubiquitin to ISG15
(which we modelled as aloss of ‘ubiquitin activating enzyme activity’
and again of ‘ISG15 activating enzyme activity’).

The PAN-GO set of human gene functions

The PAN-GO evolutionary models for 6,333 gene families, combined
with selected primary GO annotations for asmall number (61) of human
genes that were not in PANTHER families, resulted in a set of 68,667
integrated GO annotations of function for 17,079 human protein-coding
genes (81.9% of the consensus gene set of 20,851 reported by UniProt¥).
PAN-GO annotations covered all three broad categories of the GO onto-
logy, comprising 18,499 MF, 22,022 CCand 28,146 BP annotations. The
coverage of genes by GO terms from each broad category is shown in
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b, The PAN-GO evolutionary model and PAN-GO MF annotations for allhuman
genesinthe UAE family. Gene duplication events and functional evolution
haveresulted inten humangenes that serve as activating enzymes (AEs) with
different functions at the molecular (shown here), cellular and organism levels
(seefullmodelat https://pantree.org/tree/family.jsp?accession=PTHR10953).
The PAN-GO function evolution model is shown by circles indicating gains
infunction, with crossesindicatinglosses of function and orange arrows
indicatinginheritance of ancestral function. The LCA of the family had
‘sulfotransferase activity’ (gainlabelled 1), which was passed on to the human
MOCS3gene (arrow leading from 1), but this function was modified in other
descendants (losses and gains labelled 2-11) to create the canonical UAEs of
varying specificities for different UBLs. For example, human UBAS is specific
for the UBL called UFML. Branch lengths represent the numbers of amino-acid
substitutions persite. The tree was drawn using the iToL tool.

Extended Data Fig. 2, and the distribution of annotations per gene is
shown in Extended Data Fig. 3.

To characterize the PAN-GO annotations and to demonstrate their
utility, we performed anin-depth comparison of PAN-GO annotations
to other available sets of human GO annotations. This included com-
parisons both to GO annotations from the published literature and to
predicted GO annotations using methods that have been extensively
tested and reviewed, including several automatic function prediction
methods that have been benchmarked in the Critical Assessment of
Function Annotation evaluations® or similar benchmarks. Details of
the comparison are described in the Supplementary Information, and
we summarize here the main findings. First, PAN-GO added 43,206
new annotations for human genes that were not previously presentin
the set of human primary GO annotations. Of these new annotations,
5,570 refer to related but more specific GO terms and therefore add
more functional detail. The majority (37,636), however, are in distinct
branches of the ontology and represent functional characteristics
that are missing from the set of human experimental annotations. As
described in the Methods, we used an established procedure to esti-
matea ‘reliability’ of these new annotations between 90-97%. Second,
most experimental GO annotations for human genes are excluded
from the PAN-GO set. This is due to the selection of largely independ-
ent, maximally informative GO terms for inclusion in the evolution-
ary models. Using datasets from previously published case studies®
(Supplementary Information), the PAN-GO set performed better in
enrichment analyses than the set of all GO annotations, as PAN-GO
avoids a major confounder in these analyses that arises from highly
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‘ Non-human model evidence
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Fig.2|Sources ofexperimental evidence for PAN-GO annotations. Venn
diagram showing the number of PAN-GO human gene annotations according to
the source of the experimental evidence used for the PAN-GO annotation.

annotated genes®. Thus, the PAN-GO set is valuable both for the new
annotations added and for the noisy primary annotations removed.

Experimental evidence for gene functions

As described above, each of the 68,667 PAN-GO annotations is sup-
ported by one or more lines of experimental evidence. We categorized
eachline of evidence as direct (based on experiments onagiven human
gene) or homology-based (based onexperiments either on a paralogous
humangene orahomologous geneinanother organism). Figure 2 shows
thedistribution of these sources, which considerably overlapped. Nota-
bly, only 25,997 (38%) of the PAN-GO annotations were supported by a
direct primary annotation (yellow ovalin Fig.2). The remaining 42,670
PAN-GO annotations (62%) were derived from the tree-based homology
inference process. Homology inference therefore contributed nearly
1.8 times as many annotations as the direct experimental annotations to
thefinalset of PAN-GO-reviewed human gene annotations. Nearly half of
the homology-based annotations (21,098 out 0f 42,653) were supported
by model organism data alone, with no experimental evidence from
either the human geneitself or ahuman paralogue. Inaddition, nearly
all homology-based annotations were supported by model organism
dataevenifthey were also supported by human paralogue data (shown
inFig.2by the blue areaas an almost complete superset of the red area).
Even for the human gene annotations that have direct experimental
support, there was additional evidence from a model organism over
70% of the time (yellow area overlapping with blue in Fig. 2).

We determined the contributions from each model organismto the
human PAN-GO annotations (Extended Data Table1). The overall trend
indicates the contributions depend onboth the evolutionary distance
to humans and the depth to which an organism has been studied experi-
mentally. Datainthe mouse (divergence from human about 80 million
years ago) supports around 60% of PAN-GO human annotations, and
Escherichia coli (divergence about 4,000 million years ago) supports
about 3%, aresult highlighting that even distantly related organisms
can provide insight into human biology.

Thelandscape of human gene functions

We used the structure of the GO ontology to group PAN-GO annota-
tions into broad categories to provide insight into the landscape of
human protein-coding gene functions (Fig. 3). We analysed two distinct
aspects of gene function, the molecular-level functions performed
individually by a protein (MF; Fig. 3a) and the systems-level processes
performedin conjunction with other proteins (BP; Fig.3b). For MF, the
most noteworthy feature is the preponderance of regulatory functions,
which specifically control the activities of other genes and proteins.
These were not limited to DNA-binding, gene-specific transcription

factors (which was previously reported®**°) but also included the fol-
lowing other major classes: (1) protein-modifying catalytic activities,
including protein kinases and proteases, enzymes that covalently
modify other proteins to modulate their functions; (2) regulators of
MFs through specific noncovalent-bindinginteractions; (3) signalling
receptors; (4) ligands for receptors; (5) GTPases, primarily large and
small G proteins, which are molecular switches that regulate other
proteins throughbinding; and (6) transcriptional co-regulators, most
of whichmodify chromatin to make specific regions of DNA accessible
totranscription factors. Together, these classes comprise 5,882 genes,
which account for nearly half of the genes with known MFs. Alarge pro-
portion of human protein-coding genes therefore seemto beinvolved
inthe precise control of the performance of other protein functions,
a‘parts list” with the potential for creating highly complex biological
programs. Ata higher level of biological organization, Fig. 3b provides
anoverview of the biological programs (GO BP) that are carried out by
multiple genes that function together. These range from programs
that occur primarily at the cellular level (for example, biosynthesis,
catabolism, cellular structure biogenesis and modification) to those
of larger-scale multicellular systems. At the cellular level, the follow-
ing processes involve the largest number of genes: signalling (that
is, the detection, transduction and integration of signals and other
stimuli); regulation of transcription (the control of gene expression
levels and major responses to signal transduction); cell differentiation
(in which a cell develops into a particular type with a specific physi-
ological role); and cytoskeletal organization (the maintenance and
change of cell shape). The number of genes implicated in multicellular
processes (such as anatomical structure development, immune system
processes, and nervous system processes including synaptic signal-
ling) was considerably smaller than for cellular processes. This result
isnot surprising given thatall proteins are expressedin a cell, and thus
nearly all genes perform some cellular level function together with
other proteinsinthat cell. By contrast, only asubset will beinvolvedin
processes that coordinate the actions among different cells. Moreover,
for many multicellular processes, the roles of specific genes are not as
well understood as for cellular processes.

The evolution of human gene functions

Although we constructed the evolutionary models with the specific
aim of creating acomprehensive representation of human gene func-
tions, the models also provide insights about the evolutionary origins
ofthese functions. Fig.4a shows the distribution of the times at which
humangene functionsfirstevolvedin terms of the LCAs representedin
our models. The distributions show peaks (periods with greater func-
tionalinnovation) and valleys (less innovation), with four distinguish-
able peaks: (1) the evolution of eukaryotes; (2) the period spanning the
evolution of animals (Eumetazoa) and then bilaterian animals; (3) the
period spanningthe evolution of vertebrates (Euteleostomi) and then
land animals (Tetrapoda); and asmaller peak during (4) the evolution
of placental mammals. A similar pattern was previously observed for
human gene ages*, which is anticipated to correlate to some degree
with the evolution of gene functions. However, the gene ages displayed
additional, dominant peaks at the extremes of very ancient (before the
last universal common ancestor (LUCA) of cellular life) and relatively
recent (placental mammals to primates) time periods. This discrepancy
maybe duein partto the challengesin assigning ages to genes*, which
shows the importance of considering function directly.

In our models, the majority of human gene functions evolved
long ago, and some more than 4 billion years ago (Fig. 4a, black bar
below LUCA). Notably, more than half of all human protein-coding
genes have inherited a functional characteristic (Fig. 4a, grey bars)
that evolved in our distant, single-celled ancestors (before the evolu-
tion of multicellularity in animals at least 715 million years ago) and
over one-third have not changed in overall function since that time
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Fig.3|Overview of the set of human protein-coding gene functions
categorized by high-level GO classes. a, Human genes categorized by MF
(activities of encoded proteins at themolecular level) for the 12,117 genes

with an MF annotationin PAN-GO.b, Human genes categorized by BP (larger
system functions to whicha protein contributes) for the 13,982 genes with aBP
annotationin PAN-GO. For each panel, the areas are proportional to the number
of genesinagiven functional category. Colours correspond to a few broad

(black bars). By contrast, relatively few human protein-coding gene
functions evolved after the LCA of placental mammals (Eutheria) almost
100 millionyears ago. Itisimportant to note that the functional charac-
teristicsinour models are limited to GO terms that have experimental
support for ahuman gene or a related gene and will tend to underes-
timate true functional changes during evolution. For example, in the
PAN-GO model for acytochrome P450 family (PTHR24300),18 human
genesinheritthe GO term ‘xenobiotic metabolic process’ fromacom-
mon ancestor in which that functional characteristic evolved more than
1billion years ago. This functional description is correct; however, at
amore detailed level not currently captured by GO terms, different
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human cytochrome P450 families have more recently evolved distinct
specificities for different types of xenobiotic chemicals*. Neverthe-
less, the difference between the two distributions in Fig. 4a shows that
our models do identify many instances of functional change. If all the
functional characteristics of a gene arose at the same time, the grey
and black bars would be the same. Therefore, the differences are due
to additional functional characteristics that arose later in evolution.
Forexample, ofthe1,300 humangenes that cantrace at least one func-
tional characteristic to a LUCA (bottom grey bar), only 470 (bottom
black bar) did not undergo further functional changes. In the period
immediately before the LCA of vertebrates 429 million years ago, many
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Fig.4 |Distribution of the age of human gene functions. Most human gene
functions evolved fromvery distant ancestors. a, Distribution of the time
periods at whichhuman genes evolved their present-day functions as assessed
using two measures: the overall function of agene (black bars, considering all
functional characteristics) and the oldest functional characteristic of agene
(greybars). Black barsindicate the most recent (newest) functional characteristic
toariseinthe evolutionary model for that gene, whereas grey barsindicate the
age of the most ancient (oldest) functional characteristicamongall the
functional characteristics for that gene. Asshownin Fig. 1, each evolutionary
eventinour modelsis mappedtoabranchofagenetree, whichrepresentsa
period of time separating the LCAs of two different taxonomic groups; the
evolution of each functional characteristicis assigned to the corresponding
timeinterval (see Methods for details). Asan additional reference, LCAs are

genes changed in function (grey bar compared with the black bar). In
most cases, these changes are due to the known prominence of gene
duplication in the evolution of the vertebrate genome***. Figure 4a
shows how gene duplication manifests in gene function evolution as
functional modificationsin which aduplicate gains and/or loses some
functional characteristics while retaining others.

We used the GO ontology structure to create groups of humangenes
that share the same type of functional characteristic at various levels
of resolutionand graphed the distribution of when that characteristic
evolved (different genes inthe same functional group may have evolved
that function during the sameinterval or different intervals). Figure 4b
compares the distributions for selected functional groupings. At a high
level of functional grouping (broad groups with many genes), metabolic
functions tended to have evolved earlier (most having appeared by the
LCA of Eukaryota) and signalling functions substantially later (similar to

expressed in more commonly recognized terms towards therightside.b, Age
distributions for different types of human gene functions; each time interval is
shaded accordingto the fraction of genes that evolved a given functional type
duringthatinterval. Different types of functions display substantially different
agedistributions, with some basic cellular metabolic functionsin humans
having remained largely unchanged over billions of years, whereas other
groups, such asregulation of transcription and immune processes, have
undergone substantial recent evolutionary change. Higher-level functional
typesareindicatedinbold, with more specific subtype names indented below.
Taxonomic names are from NCBI Taxonomy*, except Amorphea, the group
thatincludesthe Amoebozoaand Opisthokonta (fungi and animals). Note

that different functional characteristics of the same gene may have evolved at
different times. Ma, millions of years ago.

the overall distribution). Immune system functions appeared relatively
recently (primarily in vertebrates through to mammals). At a lower
level of grouping, we gained additional resolution. Among metabolic
processes, consistent with previous studies*®, the basic cellular pro-
cesses of carbohydrate metabolism and especially glycolysis appeared
very early in evolution, mostly before LUCA. Human DNA replication
functions evolved mostly before the Eukaryotic LCA, but consistent
with other phylogenetic studies*, our models indicated that the func-
tions of afew components were present in the LUCA, despite the lack
of homology between core DNA replication machineryinbacteriaand
eukaryotes. Most human signalling processes appeared much later,
with only a few, such as intracellular phosphatidylinositol-mediated
signalling, having evolved before the Eukaryota LCA. Transcriptional
regulation showed an additional broad peak of innovation from before
the Opisthokonta LCA (the LCA of both animals and fungi) through the
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Eumetazoa (animal) LCA, when many additional new transcription fac-
tor families evolved. Signalling pathways were substantially expanded
in animals and then in vertebrates. For example, the WNT signalling
pathway evolved before the Eumetazoa LCA (early animal evolution),
and the platelet-derived growth factor (PDGF) signalling pathway first
evolved before the vertebrate LCA with further modifications before
the tetrapod LCA. For human genes with roles inimmune system pro-
cesses, we observed a peak before the vertebrate LCA and a long tail
throughto the placental mammal LCA, whichreflects the evolutionary
appearance and further elaboration of the adaptive immune system.

Discussion

We reported here an initial representation of the functions of human
protein-coding genes that aimed to be as complete and accurate as
possible: a draft human gene ‘functionome’. Using explicit evolution-
arymodelling and expert review, we integrated all experimentally sup-
ported knowledge accumulated inthe GO knowledgebase over the past
25 years for human genes and related genes in highly studied model
organisms. Multiple advancements distinguish this functionome from
those published previously®* and from previously available annotations
in the GO knowledgebase" (Supplementary Results). Notably, the cov-
erage of human genes is greater, with 82% of genes associated with at
least one functional characteristic compared with 40-58% previously
reported in the literature, and 67% currently covered by primary GO
annotations (Extended DataFig. 2). Moreover, every PAN-GO functional
characteristichasafully traceable evidence trail, which ultimately links
backtothe experiments onwhichitis based (either directly onthe human
gene, arelated gene or both). Finally, PAN-GO annotations represent a
synthesis, succinctly summarizingall available primary GO annotations
intoanonredundant set of functional characteristics for each gene. We
showed that compared with other sources of GO annotations, the num-
ber of PAN-GO annotationsisrelatively consistent across human genes
(Extended Data Fig. 3). Furthermore, using PAN-GO directly in enrich-
ment analyses reduced a major source of bias that arises from highly
annotated genes® (see the section ‘Comparison of gene set enrichment
analysis results’ in the Supplementary Results). Unlike other sources
of GO annotations, in PAN-GO each selected GO term is designed to
representadistinct functional characteristic, and the annotation setis
therefore minimally redundant. This feature may be unfamiliar to many
GO knowledgebase users, who may assume that more annotations are
always better and that distinct annotations always represent distinct
functions. This property may also make the PAN-GO annotation set useful
asatraining setfor machinelearningin the prediction of gene functions.

The evolutionary modelling approach enabled us to draw some
preliminary conclusions about the evolution of human gene func-
tions. We found that most human gene functions were inherited from
very ancient ancestors, before the evolution of the first multicellu-
lar animals. The actual fraction may be even larger, as phylogenetic
approaches in general have been shown to underestimate gene ages
in protein families with highly diverged sequences, for which homol-
ogy cannot be reliably established on the basis of protein sequence
similarity*®. However, we probably underestimated the number of
recent, relatively fine-grained functional changes that have occurred
during evolution owing to lack of experimental data and insufficient
precision of GO terms. Our models also showed that different types of
functions appeared and were then further elaborated with additional
functional components during different time periods, whichled to a
range of distinct patterns of evolution.

The functional information from non-human genes was crucial for
achieving the high coverage and specificity of PAN-GO annotations.
However, italso showed that even with theinclusion of extensive know-
ledge from studies of model organisms, the current collective know-
ledge of the human functionome remains incomplete. In the PAN-GO
annotationset, roughly 30% of human genes have either no annotations

152 | Nature | Vol 640 | 3 April 2025

orannotations tojust one aspect of the GO ontology, similar to another
recent estimate of the ‘unknowme™’. We anticipate that the PAN-GO
annotations will help identify gapsin our knowledge that can be filled
by new experiments and by the inclusion of existing publications that
are not yet in the GO knowledgebase. We encourage the community
to review the human gene functions in which they have expertise and
submit suggested publications that should be added to the GO knowl-
edgebase and incorporated in the PAN-GO annotation set. We also
anticipate that additional functional information for poorly character-
ized humangenes willbe added from high-throughput phenotyping of
gene knockouts in human cells and tissues (https://morphic.bio) and
mouse embryos*’. The comprehensive set of human gene functions
we present here should therefore be viewed not as an end point but
as a snapshot that will be continually refined and expanded over the
comingyears, building on the work of alarge international community
of experimental, computational and biocuration scientists.
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ries, source data, extended data, supplementary information, acknowl-
edgements, peer review information; details of author contributions
and competinginterests; and statements of data and code availability
are available at https://doi.org/10.1038/s41586-025-08592-0.

1. Fields, S. & Johnston, M. Cell biology. Whither model organism research? Science 307,
1885-1886 (2005).

2. Mdller, B. & Grossniklaus, U. Model organisms—a historical perspective. J. Proteomics 73,
2054-2063 (2010).

3. Venter, J. C. et al. The sequence of the human genome. Science 291, 1304-1351(2001).

4. Lander, E.S. et al. Initial sequencing and analysis of the human genome. Nature 409,
860-921(2001).

5. Mistry, J. et al. Pfam: the protein families database in 2021. Nucleic Acids Res. 49, D412-D419
(2021).

6. Thomas, P. D. et al. PANTHER: a library of protein families and subfamilies indexed by
function. Genome Res. 13, 2129-2141 (2003).

7. Ashburner, M. et al. Gene ontology: tool for the unification of biology. Nat. Genet. 25,
25-29 (2000).

8.  Breuza, L. et al. The UniProtkKB guide to the human proteome. Database 2016, bav120
(2016).

9.  Milacic, M. et al. The Reactome Pathway Knowledgebase 2024. Nucleic Acids Res. 52,
D672-D678 (2024).

10. Kanehisa, M., Sato, Y., Kawashima, M., Furumichi, M. & Tanabe, M. KEGG as a reference
resource for gene and protein annotation. Nucleic Acids Res. 44, DA57-D462 (2016).

1. Aleksander, S. A. et al. The Gene Ontology Knowledgebase in 2023. Genetics 224,
iyad031(2023).

12.  Duck, G. et al. A survey of bioinformatics database and software usage through mining
the literature. PLoS ONE 11, e0157989 (2016).

13. Gaudet, P, Livstone, M. S., Lewis, S. E. & Thomas, P. D. Phylogenetic-based propagation of
functional annotations within the Gene Ontology consortium. Brief. Bioinform. 12, 449-462
(201).

14. Feuermann, M., Gaudet, P.,, Mi, H., Lewis, S. E. & Thomas, P. D. Large-scale inference of
gene function through phylogenetic annotation of Gene Ontology terms: case study of
the apoptosis and autophagy cellular processes. Database 2016, baw155 (2016).

15.  Thomas, P. D. et al. PANTHER: making genome-scale phylogenetics accessible to all.
Protein Sci. 31, 8-22 (2022).

16.  Mi, H. et al. PANTHER version 16: a revised family classification, tree-based classification
tool, enhancer regions and extensive API. Nucleic Acids Res. 49, D394-D403 (2021).

17.  Edwards, A. M. et al. Too many roads not taken. Nature 470, 163-165 (2011).

18. Stoeger, T., Gerlach, M., Morimoto, R. |. & Nunes Amaral, L. A. Large-scale investigation of
the reasons why potentially important genes are ignored. PLoS Biol. 16, 2006643 (2018).

19. Das, S. & Orengo, C. A. Protein function annotation using protein domain family
resources. Methods 93, 24-34 (2016).

20. Zhou, N. et al. The CAFA challenge reports improved protein function prediction and
new functional annotations for hundreds of genes through experimental screens.
Genome Biol. 20, 244 (2019).

21.  Burge, S. et al. Manual GO annotation of predictive protein signatures: the InterPro
approach to GO curation. Database 2012, bar068 (2012).

22. Tatusov, R. L. et al. The COG database: an updated version includes eukaryotes. BMC
Bioinformatics 4, 41(2003).

23. Pearson, W. R. Protein function prediction: problems and pitfalls. Curr. Protoc.
Bioinformatics 51, 4.12.11-14.12.18 (2015).

24. Altenhoff, A. M. et al. Standardized benchmarking in the quest for orthologs. Nat. Methods
13, 425-430 (2016).

25.  Kuzniar, A., van Ham, R. C., Pongor, S. & Leunissen, J. A. The quest for orthologs: finding
the corresponding gene across genomes. Trends Genet. 24, 539-551(2008).

26. Littmann, M., Heinzinger, M., Dallago, C., Olenyi, T. & Rost, B. Embeddings from deep
learning transfer GO annotations beyond homology. Sci. Rep. 11, 1160 (2021).


https://morphic.bio
https://doi.org/10.1038/s41586-025-08592-0

27. Bordin, N. et al. Novel machine learning approaches revolutionize protein knowledge.
Trends Biochem. Sci. 48, 345-359 (2023).

28. Schultz, T. R., Cocroft, R. B. & Churchill, G. A. The reconstruction of ancestral character
states. Evolution 50, 504-511 (1996).

29. VYu,Y., Blair, C. & He, X. RASP 4: ancestral state reconstruction tool for multiple genes and
characters. Mol. Biol. Evol. 37, 604-606 (2020).

30. Fitch, W. M. Distinguishing homologous from analogous proteins. Syst. Zool. 19, 99-113
(1970).

31.  Goloboff, P. A. Methods for faster parsimony analysis. Cladistics 12, 199-220 (1996).

32. Radoshevich, L. et al. ATG12 conjugation to ATG3 regulates mitochondrial homeostasis
and cell death. Cell 142, 590-600 (2010).

33. Tanida, . et al. Apg7p/Cvt2p: a novel protein-activating enzyme essential for autophagy.
Mol. Biol. Cell 10, 1367-1379 (1999).

34. Leidel, S. et al. Ubiquitin-related modifier Urm1 acts as a sulphur carrier in thiolation of
eukaryotic transfer RNA. Nature 458, 228-232 (2009).

35. Wang, F., Liu, M., Qiu, R. & Ji, C. The dual role of ubiquitin-like protein Urm1 as a protein
modifier and sulfur carrier. Protein Cell 2, 612-619 (2011).

36. Liu, S. etal. Insights into the evolution of the ISG15 and UBA7 system. Genomics 114,
110302 (2022).

37.  The UniProt Consortium. UniProt: the Universal Protein Knowledgebase in 2023. Nucleic
Acids Res. 51, D523-D531(2023).

38. Skunca, N., Altenhoff, A. & Dessimoz, C. Quality of computationally inferred gene
ontology annotations. PLoS Comput. Biol. 8, €1002533 (2012).

39. Ballouz, S., Pavlidis, P. & Gillis, J. Using predictive specificity to determine when gene set
analysis is biologically meaningful. Nucleic Acids Res. 45, €20 (2017).

40. Lovering, R. C. et al. A GO catalogue of human DNA-binding transcription factors.
Biochim. Biophys. Acta Gene Regul. Mech. 1864, 194765 (2021).

41.  Domazet-Loso, T. & Tautz, D. An ancient evolutionary origin of genes associated with
human genetic diseases. Mol. Biol. Evol. 25, 2699-2707 (2008).

42. Capra, J. A., Stolzer, M., Durand, D. & Pollard, K. S. How old is my gene? Trends Genet. 29,
659-668 (2013).

43. Veith, H. et al. Comprehensive characterization of cytochrome P450 isozyme selectivity
across chemical libraries. Nat. Biotechnol. 27, 1050-1055 (2009).

44. Ohno, S. Gene duplication and the uniqueness of vertebrate genomes circa 1970-1999.
Semin. Cell Dev. Biol. 10, 517-522 (1999).

45. Holland, P. W. Garcia-Fernandez, J., Williams, N. A. & Sidow, A. Gene duplications and the
origins of vertebrate development. Development https://doi.org/10.1242/dev.1994.
Supplement125 (1994).

46. Koonin, E. V. & Galperin, M. Y. in Sequence-Evolution-Function. Computational
Approaches in Comparative Genomics Ch. 7 (Kluwer Academic, 2003).

47.  Koonin, E. V., Krupovic, M., Ishino, S. & Ishino, Y. The replication machinery of LUCA:
common origin of DNA replication and transcription. BMC Biol. 18, 61(2020).

48. Moyers, B. A. & Zhang, J. Phylostratigraphic bias creates spurious patterns of genome
evolution. Mol. Biol. Evol. 32, 258-267 (2015).

49. Rocha, J. J. et al. Functional unknomics: systematic screening of conserved genes of
unknown function. PLoS Biol. 21, €3002222 (2023).

50. Birling, M. C. et al. A resource of targeted mutant mouse lines for 5,061 genes. Nat. Genet.
53, 416-419 (2021).

51.  Swiss-Prot Protein Knowledgebase TrEMBL Protein Database. speclist.txt. UniProt
Knowledgebase https://ftp.uniprot.org/pub/databases/uniprot/current_release/
knowledgebase/complete/docs/speclist.txt (2025).

52. Letunic, |. & Bork, P. Interactive Tree Of Life (iTOL) v5: an online tool for phylogenetic tree
display and annotation. Nucleic Acids Res. 49, W293-W296 (2021).

53. Schoch, C. L. et al. NCBI Taxonomy: a comprehensive update on curation, resources and
tools. Database 2020, baaa062 (2020).

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution

oy 4.0 International License, which permits use, sharing, adaptation, distribution

and reproduction in any medium or format, as long as you give appropriate

credit to the original author(s) and the source, provide a link to the Creative Commons licence,
and indicate if changes were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your
intended use is not permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a copy of this licence,
visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2025

Gene Ontology Consortium

Suzanne A. Aleksander?, James Balhoff®, Seth Carbon?®, J. Michael Cherry*,

Harold J. Drabkin®, Dustin Ebert?, Marc Feuermann', Pascale Gaudet', Nomi L. Harris®,

David P. Hill%, Raymond Lee’, Colin Logie®, Huaiyu Mi?, Sierra Moxon?,

Christopher J. Mungall®, Anushya Muruganujan?, Tremayne Mushayahama?,

Paul W. Sternberg’, Paul D. Thomas?, Kimberly Van Auken’, CACAO/EcoliWiki, dictyBase,
Evidence and Conclusion Ontology, FlyBase, Functional Gene Annotation UCL, Mouse
Genome Informatics, PomBase, Reactome, Rat Genome Database, Saccharomyces Genome
Database, SynGO Consortium, The Arabidopsis Information Resource (TAIR), UniProt
Consortium (Swiss-Prot Group), UniProt Consortium (EMBL-EBI), WormBase, Xenbase &
Zebrafish Information Network (ZFIN)

“Department of Genetics, Stanford University, Stanford, CA, USA. *Renaissance Computing
Institute, University of North Carolina, Chapel Hill, NC, USA. °The Jackson Laboratory for
Mammalian Genomics, Bar Harbor, ME, USA. "California Institute of Technology, Pasadena,
CA, USA. ®Faculty of Science, Radboud Institute for Molecular Life Sciences, Nijmegen,
the Netherlands.

CACAO/EcoliWiki
Jolene Ramsey® & Deborah A. Siegele®

“Texas A&M University, College Station, TX, USA.

dictyBase
Rex L. Chisholm™ & Petra Fey™

"°Northwestern University, Chicago, IL, USA.

Evidence and Conclusion Ontology
Michelle Giglio" & Suvarna Nadendla"

"University of Maryland School of Medicine, Baltimore, MD, USA.

FlyBase
Giulia Antonazzo™, Helen Attrill'2, Nicholas H. Brown'?, Phani V. Garapati'? &
Steven Marygold™

2Department of Physiology, Development and Neuroscience, University of Cambridge,
Cambridge, UK.

Functional Gene Annotation UCL

Saadullah H. Ahmed™, Praoparn Asanitthong™, Diana Luna Buitrago™, Meltem N. Erdol®,
Matthew C. Gage®, Siyao Huang'™, Mohamed Ali Kadhum™, Kan Yan Chloe Li*, Miao Long®,
Aleksandra Michalak™, Angeline Pesala®, Armalya Pritazahra®, Shirin C. C. Saverimuttu®,
Renzhi Su™, Qianhan Xu®™ & Ruth C. Lovering™

BUniversity College London, London, UK.

Mouse Genome Informatics
Judith Blake®, Karen Christie®, Lori Corbani®, Mary E. Dolan®, Harold J. Drabkin®,
David P. Hill®, Li Ni°, Dmitry Sitnikov® & Cynthia Smith®

PomBase
Manuel Lera-Ramirez™, Kim Rutherford" & Valerie Wood"

““Department of Biochemistry, University of Cambridge, Cambridge, UK.

Reactome
Peter D’Eustachio®™

NYU Grossman School of Medicine, New York, NY, USA.

Rat Genome Database

Wendy M. Demos'®, Jeffrey L. De Pons'®, Melinda R. Dwinell’®, G. Thomas Hayman'®,
Mary L. Kaldunski'®, Anne E. Kwitek's, Stanley J. F. Laulederkind'®, Jennifer R. Smith's,
Marek A. Tutaj'®, Mahima Vedi'® & Shur-Jen Wang'®

®Medical College of Wisconsin, Milwaukee, W, USA.

Saccharomyces Genome Database
Suzanne A. Aleksander*, J. Michael Cherry*, Stacia R. Engel*, Kalpana Karra®,
Stuart R. Miyasato®, Robert S. Nash*, Marek S. Skrzypek®, Shuai Weng* & Edith D. Wong*

SynGO Consortium

Tilmann Achsel”, Maria Andres-Alonso™*, Claudia Bagni®°, Alex Bayés?'??, Thomas Biederer®,
Nils Brose?, John Jia En Chua®*?¢, Marcelo P. Coba?, L. Niels Cornelisse®, Jaime de Juan-
Sanz?®, Hana L. Goldschmidt®°, Eckart D. Gundelfinger'®*, Richard L. Huganir®°,

Cordelia Imig®?, Reinhard Jahn®, Hwaijin Jung®, Pascal S. Kaeser®®, Eunjoon Kim®,

Frank Koopmans®¢, Michael R. Kreutz'®"®, Noa Lipstein®’, Harold D. MacGillavry®,

Peter S. McPherson®®, Vincent O’Connor*°, Rainer Pielot*, Timothy A. Ryan*?, Carlo Sala*®,
Morgan Sheng**“%, Karl-Heinz Smalla®, A. B. Smit*®, Paul D. Thomas? Ruud F. Toonen®,

Jan R. T. van Weering?, Matthijs Verhage?®*® & Chiara Verpelli*®

"Department of Fundamental Neurosciences, University of Lausanne, Lausanne, Switzerland.
"8Center for Molecular Neurobiology, ZMNH, University MC Hamburg-Eppendorf, Hamburg,
Germany. ®Leibniz Institute for Neurobiology, Magdeburg, Germany. ?°Department of
Biomedicine and Prevention, University of Rome Tor Vergata, Rome, ltaly. ?Institut
d’Investigaci6 Biomeédica Sant Pau (IIB SANT PAU), Barcelona, Spain. ?Universitat Autbnoma de
Barcelona, Bellaterra, Spain. ?Department of Neurology, Yale School of Medicine, New Haven,
CT, USA. *Department of Molecular Neurobiology, Max Planck Institute for Multidisciplinary
Sciences, Géttingen, Germany. **Yong Loo Lin School of Medicine, National University of
Singapore, Singapore, Singapore. “Institute of Molecular and Cell Biology, Agency for Science
Technology and Research (A*STAR), Singapore, Singapore. ?’Zilkha Neurogenetic Institute,
University of Southern California, Los Angeles, CA, USA. ®Center for Neurogenomics and
Cognitive Research, Amsterdam University Medical Center, Amsterdam, The Netherlands.

Nature | Vol 640 | 3 April2025 | 153


https://doi.org/10.1242/dev.1994.Supplement.125
https://doi.org/10.1242/dev.1994.Supplement.125
https://ftp.uniprot.org/pub/databases/uniprot/current_release/knowledgebase/complete/docs/speclist.txt
https://ftp.uniprot.org/pub/databases/uniprot/current_release/knowledgebase/complete/docs/speclist.txt
http://creativecommons.org/licenses/by/4.0/

Article

2Sorbonne Université, Institut du Cerveau, Paris, France. *°Kavli Neuroscience Discovery
Institute, Johns Hopkins University, Baltimore, MD, USA. *'Center for Behavioral Brain Sciences
(CBBS) and Institute of Pharmacology and Toxicology, Medical Faculty, Otto von Guericke
University, Magdeburg, Germany. *?Department of Neuroscience, University of Copenhagen,
Copenhagen, Denmark. **Laboratory of Neurobiology, Max-Planck Institute for Biophysical
Chemistry, Géttingen, Germany. **Department of Biological Sciences, Korea Advanced
Institute of Science and Technology (KAIST), Daejeon, South Korea. *Department of
Neurobiology, Harvard Medical School, Boston, MA, USA. **Center for Neurogenomics and
Cognitive Research, Vrije Universiteit Amsterdam, Amsterdam, The Netherlands. ¥Department
of Molecular Physiology and Cell Biology, Leibniz-Forschungsinstitut fiir Molekulare
Pharmakologie, Berlin, Germany. **Cell Biology, Neurobiology and Biophysics, Faculty of
Science, Utrecht University, Utrecht, The Netherlands. **Department of Neurology and
Neurosurgery, Montreal Neurological Institute, McGill University, Montreal, Quebec, Canada.
“OBjological Sciences, University of Southampton, Southampton, UK. “!Institute for
Pharmacology and Toxicology, Otto-von-Guericke University, Magdeburg, Germany.
“2Department of Biochemistry, Weill Cornell Medicine, New York, NY, USA. “*CNR Neuroscience
Institute Milan, Vedano al Lambro, Italy. “‘Stanley Center for Psychiatric Research, Broad
Institute of MIT and Harvard, Cambridge, MA, USA. “*Department of Brain and Cognitive
Sciences, Massachusetts Institute of Technology, Cambridge, MA, USA.

The Arabidopsis Information Resource (TAIR)
Erika Bakker®®, Tanya Z. Berardini*® & Leonore Reiser*®

“6Phoenix Bioinformatics, Newark, CA, USA.
UniProt Consortium (Swiss-Prot Group)

Andrea Auchincloss', Kristian Axelsen', Ghislaine Argoud-Puy', Marie-Claude Blatter',
Emmanuel Boutet', Lionel Breuza', Alan Bridge', Cristina Casals-Casas', Elisabeth Coudert',

154 | Nature | Vol 640 | 3 April 2025

Anne Estreicher’, Maria Livia Famiglietti', Marc Feuermann', Arnaud Gos',

Nadine Gruaz-Gumowski', Chantal Hulo', Nevila Hyka-Nouspikel', Florence Jungo',
Philippe Le Mercier', Damien Lieberherr', Patrick Masson', Anne Morgat', Ivo Pedruzzi',
Lucille Pourcel', Sylvain Poux', Catherine Rivoire' & Shyamala Sundaram'

UniProt Consortium (EMBL-EBI)

Emily Bowler-Barnett*’, Hema Bye-A-Jee”, Paul Denny*’, Alexandr Ignatchenko®,
Rizwan Ishtiag*’, Antonia Lock”, Yvonne Lussi*’, Michele Magrane*’, Maria J. Martin¥,
Sandra Orchard, Pedro Raposo”, Elena Speretta®, Nidhi Tyagi?’, Kate Warner®’ &
Rossana Zaru¥’

“’European Molecular Biology Laboratory, European Bioinformatics Institute, Hinxton, UK.

WormBase
Raymond Lee’, Juancarlos Chan’, Stavros Diamantakis’, Daniela Raciti’, Paul W. Sternberg’
&Kimberly Van Auken’

Xenbase
Malcolm Fisher®, Christina James-Zorn*®, Virgilio Ponferrada®® & Aaron Zorn*®

“8Cincinnati Children’s Hospital Medical Center, Cincinnati, OH, USA.

Zebrafish Information Network (ZFIN)
Sridhar Ramachandran®, Leyla Ruzicka*® & Monte Westerfield*®

“University of Oregon, Eugene, OR, USA.



Methods

Primary GO annotations

The process for creating GO primary (experimental) annotations from
the published literature has been previously described in detail>*.
New annotations from additional publications are added at the rate
of approximately 4,000 per month, and some annotations, if they
havebeensupersededinlight of new experimental results or updates
inthe biological representation captured in the ontology, are revised
orremoved. Scientific publications used to supportexperimental GO
annotations are labelled with a PubMed LinkOut® whenever possi-
bleand canberetrieved at https:/pubmed.ncbi.nlm.nih.gov/?term=lo
provGeneOntol%5bSB%5d. A small number of additional publications
arenotindexed by PubMed. Our analyses used the ontology and annota-
tions from the GO knowledgebase release 22-03-2022 (https://release.
geneontology.org/2022-03-22/index.html, https://doi.org/10.5281/
zen0do0.6399963). There were 713,330 primary annotations, includ-
ing 147,872 annotations to human genes and 565,458 to genes in other
organisms. For all annotation counts, we excluded direct annotations
to theclass ‘protein binding’, as these statements represent observed
interactions but are not descriptions of function in the same sense as
other GO annotations®, and are therefore not considered for inclusion
inthe PAN-GO set.

Overview of the evolutionary modelling approach
Ourapproach®brings together all experimentally supported GO anno-
tations for allmembers of agene family, in the context of a phylogenetic
tree representing how those genes are related, to generate amodel of
the evolutionary process by which the members obtained the functions
they now possess. Thisis alongstanding, standard method for recon-
structing the evolution of traits or characters thatis commonly applied
to species®!, Here we applied a similar approach to trees of genes
rather than species and to functional characteristics rather than phe-
notypic characters. However, modelling gene functional characteristics
involved the major additional challenge that the experimental dataare
sparse and highly unevenly distributed. Genes have been studied to
widely varying degrees depending on scientific and medical interest,
and this interest has been largely concentrated on genes in humans
and a handful of model organisms. To address this challenge, we also
use many other pieces of evidence, such as protein domain structure,
known active-site residues, free-text function descriptions from the
UniProtKB/Swiss-Prot knowledgebase®, among others.

For eachgene family, we generated an evolutionary model that speci-
fieshow each functional characteristic, represented by a GO class, was
gained or lost during evolution. Specifically, we describe the evolution
of functionin terms of three types of event: root, gain and loss. A root
eventis definedasa GO class thatisinferred tohavebeen presentinthe
LCA of the protein family. A gaineventis defined as a GO class that was
not (or cannot be confidently inferred to be) presentin the LCA of the
entire family, but arose later along a specific branch of the tree. A loss
eventis defined asa GO class that had arisen earlier (through aroot or
gainevent) but was subsequently lost along a specific subbranch of the
tree (thatis,in some but not all descendants of the original root or gain).

Every root or gain event must be supported by direct experimental
evidencein at least one, but often multiple, of the descendants of the
root or selected branch of the tree. As aresult, each event is based on
acombination of traceable experimental evidence and curator infer-
enceof the pointinevolution (the root or aspecificbranchinthe tree)
at which this function first appeared. The Evidence and Conclusion
Ontology (ECO)* evidence code IBD (ECO:0000319 ‘inferred from
biological descendant’) was used to denote this type of evidence, and
allgenes with experimental evidence are stored as metadata to provide
atraceable evidence trail. Loss events prevent GO classes from being
inherited by specific subclades that descend from a gain event; the
evidence used for loss events is described in more detail below.

The evolutionary model for the family was then used to create
inferred annotations for each family member based on inheritance
fromancestorsinthetree:aGO classisinherited by all children of aroot
orgainevent for that class unless aloss of that same class is encountered
alongthe pathinthetree. All family members will therefore receive the
same GO annotations if the family has only root events, but different
annotationsif there are any gain or loss events along specific internal
branches of the tree. These inferred annotations comprise the set of
human gene functions we describe here and can beidentified inthe GO
knowledgebase by the ECO code ‘inferred from biological ancestor’
(IBA) (EC0O:0000318). EachIBA annotation also includes the following
metadata for providing a traceable evidence trail: (1) the persistent
identifier of the tree node from which the annotation wasinherited (the
root node or terminal node of the annotated gain branch); and (2) the
source of the experimental data used to support the root or gainevent.

PAN-GO evolutionary modelling process

Amore detailed description of the process of producing and updating
PAN-GO annotations is shown in Extended Data Fig. 4. The process
includes manual construction of an evolutionary model for each family,
using as input PANTHER phylogenetic trees and primary GO annota-
tions. Both automated and manual updates are performedinresponse
to user feedback, changes in biological knowledge in the ontology,
changesin primary annotations and changesin PANTHER tree topology.
Updated PAN-GO gene annotations (IBA) are generated monthly from
these updated models. The different steps leading to the final PAN-GO
gene annotations are described in this section.

Phylogenetic trees

The gene trees were obtained from the PANTHER knowledgebase®. The
PAN-GO annotation set presented here was generated using v.15.0 of
the knowledgebase, released in 2020. Trees were constructed using
the GIGA tree reconstruction algorithm®® for protein-coding genesin
142 organisms that span the tree of life, but the selection of organisms
(https://pantherdb.org/panther/speciesTree.jsp) was biased with the
aim of reconstructing genome evolution in humans and well-studied
model organisms. The trees were fully reconciled with the known spe-
ciestree,and allnodes were annotated by event type (speciation, gene
duplication and horizontal gene transfer) and the common ancestor
speciesor clade for speciation nodes. Each tree has an associated pro-
tein sequence alignment that was used to reconstruct the phylogeny.
Protein sequences were obtained from the UniProt Reference Pro-
teomes resource®, which selects one canonical protein sequence per
protein coding gene in each genome.

Creating curated models of function evolution

To implement the PAN-GO process, we created a specific software
tool for manual curation of function evolution models, which we call
PAINT". The PAINT user interface provides an integrated view of the
phylogenetictree, amatrix of experimental GO annotations structured
by ontology relationships, a multiple sequence alignment annotated
with functional sites from UniProt/Swiss-Prot records® and domains
from the Pfamresource’. Italso displays brief free-text descriptions of
the protein products of each genein the tree, protein names and links
to pages in knowledgebases including UniProt/Swiss-Prot and model
organism databases. PAINT enables expert biocuration scientists to
transformtheinputinformation, aphylogenetic tree with experimental
GO annotations on terminal (leaf) nodes of the tree, into an output
evolutionary model as described above. The specific guidelines for
constructing models of function evolution in a protein family, to pro-
mote consistency and reproducibility of the evolutionary models, are
detailed at https://wiki.geneontology.org/PAINT _User_Guide. Curators
also meet regularly to review sample families from each curator, to
review and to cross-check the evolutionary models. The evolutionary
models are saved to a relational database and can be accessed and
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viewed at https://pantree.org. The PAN-GO annotations derived from
the models are exported in Gene Annotation Format (GAF) (https://
geneontology.org/docs/go-annotation-file-gaf-format-2.2/) and depos-
ited in the GO knowledgebase. They are also included in the data dis-
tributed by providers of GO annotations suchas UniProt-GOA%. These
annotations are labelled with the evidence code IBA, and contain meta-
datawith details of the evidence or provenance, including the curated
tree node fromwhichitinherited its function (represented as astable
PANTHER tree node identifier) and the genes providing the original
experimental evidence. Source code for the PAINT tool is available at
GitHub (https://github.com/pantherdb/db-PAINT).

Inspection of the phylogenetic trees. The first step of the PAN-GO
curation process consists of the analysis of the structure of the phyloge-
netic tree to gather clues about the evolution of the family. Speciation,
duplication and horizontal transfer events are closely considered. Spe-
ciation events define the age of the family and the taxonomic distribu-
tion of related genes in different clades. This information helps guide
the choice of GO classes based on the functions known to occurinthe
species presentin a tree or subtree. A more ancient ancestor (which
generally leads to awider species distribution) may lead to more con-
servative annotations owing to uncertainty in reconstructing ancient
functions. The tree can also provide other important clues for identi-
fying functional evolution events. Duplication events are examined
closely as these events often lead to gain and/or loss of functions. Hori-
zontal gene transfers, whichinclude some eukaryotic mitochondrial or
plastid genes with origins inancestral prokaryotic endosymbionts, are
also carefully evaluated, as functional characteristics of a transferred
gene may have been modified after transfer.

Application of taxonomic restrictions. Because of the high diver-
sity of living organisms, it is not possible to cover all species with a
taxon-neutral ontology and there are inherent taxon specificities
in many branches of the GO ontology. An iconic example is the cel-
lular component ‘mitochondrion’, which is specific to eukaryotes.
Explicit formalization of taxon constraints®® are used to avoid taxon-
inappropriate annotations. The PAINT curation tool highlights any
inconsistencies between taxon constraints and annotations when
constructing an evolutionary model.

Analysis of the experimental evidence. The analysis of all the experi-
mental dataavailable enables the selection of the most relevant classes
that willbe usedinthe evolutionary model for agene family. An essential
indicatoris the consistency of the MF, BP and CC classes associated with
the various members across species represented inthe tree. If the anno-
tationsinaclade of related genes are consistent, they are likely to have
allinherited those aspects of function fromtheir LCA, which suggests
that those functions evolved before the LCA. If they areinconsistent, a
curator attempts toidentify consistent subclades that evolved a differ-
entfunction, or gained or lost a function. Assessing consistency among
GO classes that are not explicitly related in the ontology structure is
challenging and often requires deep biological knowledge on the part
ofthe curator. To decide which classes are appropriate to be associated
with members of a protein family, the PAN-GO curators use additional
sources: they can review the content of model organism databases or
UniProtKB/Swiss-Prot (https://www.uniprot.org) throughdirect links
provided by the PAINT tool. Curators often assess additional references
to confirmorinvalidate certain data. Finally, the presence of particular
predicted sites and domains (active sites, transmembrane regions or
protein domains) may lend more support for specific functions having
evolved along particular branchesin the tree.

Selection of the most informative annotations
In principle, PAN-GO curation could have resulted in an evolutionary
root or gain eventin the tree for every GO class that was annotated to

at least one family member from experimental evidence. In practice,
however, thereis often considerable redundancy and overlap between
these GO classes, and not all terms represent actually distinct func-
tional characteristics. Consequently, the PAN-GO curation process is
selective. We provide some examples below. To provide a quantitative
estimate of the selectivity, we counted, for each family, the number of
nonredundant function classes (that is, excluding annotations to more
general classesin the ontology) that were available to a curator; these
were all the classes that could have been usedin the evolutionary model
for the family. We then calculated the number of classes actually usedin
the evolutionary model for each aspect of the ontology. Extended Data
Table 2 shows the average of these values over all families. On average,
only 24%,28% and 13% of the experimentally annotated MF, CC and BP
GO classes, respectively, were annotated toroot or gain events during
the phylogenetic curation process. In general, this high selectivity is
duetotheintegrative aspect of the process: all experimental GO anno-
tations for all family members are considered as a whole. By contrast,
anexperimental GO annotation is designed to capture a specific find-
ing from experiments reported in a single publication. As aresult, a
PAN-GO curator canselect the mostinformative GO classes among the
experimental annotations and recognize when different experimental
annotations are likely related to the same underlying function. Often,
functionally related terms are also related in the ontology (the PAINT
tool groups together hierarchically related terms to facilitate the selec-
tion process). Curators can then distinguish such apparent functional
differences fromactual functional differences among family members.
Extended Data Table 2 shows that the PAN-GO curation process results
inselection of arelatively small fraction of GO biological process classes
compared with the other aspects of the GO ontology. This is due in
part to the complexity of the biological process branch of the ontol-
ogy (around 30,000 classes versus <10,000 each for MF and CC), and
partly duetoless stringent criteria forinvolvementina process versus
the other aspects. Many of the excluded classes are either related but
less informative classes or downstream effects of the primary functions
ofthegene, such as peripheral functions or phenotypes and readouts
that represent consequences of a gene’s function but not accurate
descriptions of the function itself.

Anexample of BP class selectionis shownin Extended DataFig. 5a: the
regulation of production of various interleukins and transcription of
downstream targets are observations (experimental readouts) for the
‘cytoplasmic pattern recognition receptor signalling pathway’. There
are several reasons that primary annotations for the same underlying
function often use related, but not identical, GO classes: primary anno-
tation is spread out in both space and time, and each species is often
treated by adifferent curator. Thisis compounded by the fact that some
functional characteristics (GO terms) are important in a few species
but too specific for inclusion in the evolutionary model. Moreover,
the authors of the articles from which the primary annotations are
drawn use widely varying terminology. Primary GO annotations that
are only supported by data from large-scale experiments (most typi-
cally, cellular localization) or annotations inconsistent with all other
dataavailable for the family are set aside until there is strong support
by other annotations.

Inmany cases, parentand child classes (indicating less specific, rep-
resentations of a functional characteristic) are both used for primary
annotation throughout the families, but only the most relevant ones
are selected in the PAN-GO process (Extended Data Fig. 5b): the GO
terms ‘regulation ofinnateimmune response’and ‘cellular response to
virus’are more general classes for the concept ‘antiviral innate immune
response’, whichis more representative of the function of genesinthe
family. Itistheintegrated analysis of the family and its primary annota-
tion that enabled the PAN-GO curator to select the most appropriate
class (or classes) to include in the evolutionary model.

Asinthe ‘three blind men and the elephant’ parable, primary anno-
tations, which describe individual experimental observations, are
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generally correct but sometimes only tell part of the story. The goal
of the PAN-GO curation is to provide a more integrated picture when-
ever possible while still providing acomprehensive set of GO function
annotations.

Capturing loss of function and preventing inheritance of low-
confidence annotations. Loss of function is based on specific types
of evidence when available. In some cases, negative primary GO anno-
tations (indicated by the NOT qualifier) are available, and in this case
the loss event (like root and gain events) uses the IBD evidence code.
In other cases, when important residues or domains are known to be
required for the function, multiple sequence alignments can reveal
the absence of theseimportant featuresinsomebranches and provide
evidence for the loss of function; these are denoted with the ‘inferred
from known residues’ (IKR) (ECO:0000320) evidence code. The loss
of function due to mutations in specific amino acids such as active
site residues is well characterized in the literature for some families
(for example, PTHR24418, non-receptor protein kinase family). For
families with relatively well-studied genes, it is often possible to infer
thatalack of corroborating GO annotations suggests that the function
hasbeen lost; in these cases, curators check the UniProtKB/Swiss-Prot
knowledgebase as well as the literature to increase the confidence
of such inferences. In less well-studied families (that is, with sparse
experimental GO annotations), curators may decide tointroduce a
loss (particularly after gene duplication) to avoid false-positive annota-
tions. These events are denoted by the ‘inferred from rapid divergence’
(IRD) (EC0:0000321) evidence code. The main purpose of this step is
toremain conservative inthe PAN-GO inference processto ensure the
high quality of the annotation set produced. It should be noted that
loss events labelled with IBD or IKR result in negative GO annotations
(indicating that a gene does not possess a given functional character-
istic), and these annotations are available in the GO knowledgebase.
However, for clarity, we do not include negative annotations in the
PAN-GO set of human gene functions available at https://functionome.
geneontology.org, and these appear only in the evolutionary models.

Annotations for genes that were notina PANTHER family. There are
994 humangenes thatare not currently ina PANTHER family, and these
mainly encode short proteins, many of which do not exhibit clear evolu-
tionary conservation. Only 114 of these genes had primary annotations.
For 61ofthese genes, we were able to select informative primary annota-
tions and included themin the PAN-GO set of human gene functions.

Staying current with evolving knowledge

Asthe GO ontology and primary gene annotations are constantly being
expanded and revised in response to new experimental dataandinter-
pretation, the PAN-GO process includes an automated updating and
publishing step after each new GO knowledgebase release (approxi-
mately monthly) or each new PANTHER release (yearly). In addition,
issuesidentified by feedback from GO curators and the wider GO user
community lead to manual review of the ancestral annotations (or,
much less commonly, trees) as appropriate. The PAN-GO project has
developed an extensive software suite to support these updates and
improvements.

Addressing changes to GO classes and annotations. The monthly auto-
mated updating step after each new GO knowledgebase release handles
any required action due to changes in the ontology classes (terms)
or experimental GO annotations that were used as evidence for the
functional evolution events in the evolutionary model. These actions
include updates for obsolete and merged classes, and the removal of
any annotation no longer supported by experimental data or failing
taxonrestrictions.

Evolutionary models are also updated according to the availability
of new experimental data and subsequent primary GO annotations,

as new classes and new annotations cannot be integrated automati-
cally butgo through manual analysis of the experimental evidence. For
instance, during the complete review of the ontology associated with
transcription, the class ‘histone chaperone activity’ was created, and
primary annotations were revised. This new class was used to update
the evolutionary models of applicable PANTHER families such as
PTHR21315 or PTHR12040.

Addressing updates to the topology of phylogenetic trees. The
phylogenetic trees are updated after release of new PANTHER ver-
sions, based on the annual release of the protein sequence data from
the UniProt Reference Proteomes and Quest for Orthologs efforts®.
PAN-GO evolutionary modelsrefer directly to stable tree-node identi-
fiers; that is, each gain and loss event is associated with the identifier
for the terminal node of the branch along which the event occurred. As
tree-nodeidentifiers areretained between PANTHER versions whenever
possible, the PAN-GO annotations for those branches are retained in
the newer version of PANTHER trees. However, improvementsin tree
reconstruction algorithms and the addition of more species sometimes
lead to modifications of the family structure: some families can be
splitintoseveral smaller families or mergedinto asingle, larger family.
Consequently, some branches can move from one family to another or
belost. When this happensto abranch that was annotated ina PAN-GO
evolutionary model, a ‘require review’ notification is added to the
affected families, and curators review and revise the evolutionary mod-
elswhen necessary.

Addressing user feedback. Extensive feedback from experts from
several model organism databases permitted the addition of an ex-
tra layer of quality control to the PAN-GO evolutionary models. Feed-
back is handled through the GO annotation issue tracker in GitHub
(https://github.com/geneontology/go-annotation/labels/PAINT %20
annotation). The two largest contributors of feedback tickets have
been PomBase, the scientific resource for Schizosaccharomyces pombe
(fission yeast) (https://www.pombase.org/)%, with nearly 600 up-
date requests, and FlyBase, the scientific resource for Drosophila
melanogaster (fruit fly) (https:/flybase.org/)®, with over 200 update
requests, over a7 year period. The genomes of Drosophila species con-
tain many traces of more or less ancient duplication events, which also
enableabetter understanding of these eventsin the whole phylogenetic
tree and contribute to improving our evolutionary models of gain or
loss of functions®*. The other resources in the GO Consortium, includ-
ing model organism databases and UniProtKB, also contributed to the
validation of the annotations (total of 100 update requests).

Analysis methods

Accessing and using the human PAN-GO annotations. The PAN-GO
annotations used for the analyses presented here can be downloaded
at https://functionome.geneontology.org/download/functionome_
release.gaf.gz.

Estimating the reliability of PAN-GO annotations. There isno abso-
lute source of truth that enabled us to assess the correctness of GO
annotations. To address this problem, a surrogate measure called
‘reliability’, which can be calculated for GO annotations, has been pre-
viously proposed®. This measure takes advantage of the fact that GO
annotations are being added and removed over time, and they can be
compared at different time points to calculate the reliability of older
annotations. Specifically, if an experimental annotationis later added
to the GO knowledgebase that is to the same or more specific term
than an older annotation, the older annotation is considered to be
confirmed. Conversely, if an experimental annotation is later added
to the GO knowledgebase that uses the NOT qualifier (indicating that
agene hasbeenshown NOT to have that functional characteristic) and
iseither the same or less specific than the older annotation, the older
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annotation is considered to be rejected. Because NOT annotations
arerare in the GO knowledgebase, the number of rejected annota-
tions is low in practice, thereby leading to an inflated reliability. The
previous study’® suggested that another property could be calculated,
the number of older annotations that were later removed, based on
the assumption that they were later judged tobe incorrect. They then
defined reliability as:

Reliabi"ty = Nconﬁrmed/(Nconﬁrmed + Nrejected + Nremoved) (1)

where N,q.nrmeq 1S the number of GO annotations presentin an older ver-
sion (at time point ¢,) of an annotation set, which were later confirmed
before time point ¢}, Nygjecreq is the number of GO annotations present
attime ¢, that were rejected between time points ¢, and ¢, and N,emoved
is the number that were removed between time ¢, and ¢,.

Using this method, we calculated the reliability of PAN-GO annota-
tions. We first gathered all primary annotations made between Octo-
ber 2019 and March 2022 from the GO knowledgebase using the date
stamp on each annotation. We then compared them with the PAN-GO
annotations in the October 2019 release of the GO knowledgebase.
The comparisonincluded 11,102 new primary annotations and 21,145
PAN-GO annotations for the same set of 4,007 human genes. If the GO
class fromthe new primary annotationis the same or more specific as
that of a PAN-GO annotation, the PAN-GO annotationis considered to
be confirmed. By this definition, 2,354 PAN-GO annotations for 1,608
genes were confirmed. Extended Data Table 3 shows the breakdown of
the confirming primary annotations by evidence code; most of these
derive from direct assays on aspecific gene product (IDA), and only 29
were from high-throughput studies (HDA).

Of the new experimental annotations, there were 54 negative (NOT
qualifier) annotations, of which only three disagreed with PAN-GO
annotations. After reviewing these three negative annotations, we
found that one was specific to one proteinisoformbut not the canonical
proteinencoded by the gene (so the PAN-GO annotationis correct), and
the remaining two were to the same transporter gene and refer to zinc
as asubstrate (SLC30A10 NOT ‘zinc ion transmembrane transporter
activity’, and SLC30A10 NOT ‘intracellular zinc ion homeostasis’).
However, other papers (supporting other primary GO annotations)
have demonstrated these same functions for SLC30A10, and therefore
confirm the PAN-GO annotations. As a result, there were O negative
GO annotations that canbe considered to reject PAN-GO annotations.
We recognize that 54 negative annotations is a small sample, which
will underestimate the actual PAN-GO error rate. Following the previ-
ously described method*®, we also examined the PAN-GO annotations
that were present in our October 2019 release but later removed. We
found 4,809 PAN-GO annotations had been removed, but in most cases,
annotations were removed owing to redundancy with another, more
informative PAN-GO annotation (fine-tuning of the annotation set) and
notbecause of an error. To estimate anerror rate, we reviewed arandom
sample of 500 removed annotations and categorized each one as cor-
rectbut not meeting PAN-GO selection criteria (fine-tuning of selected
annotations for modelling), incorrect (selection in the evolutionary
model of an experimental annotation that is actually incorrect) or
uncertain (demonstrated inahomologue but possibly incorrect for the
annotated humangene). We found that 7 (1.4%) were incorrect and 20
(4%) were uncertain. Assuming these percentages approximately hold
for theentire set of removed annotations, we estimated that between 67
(removed because they wereincorrect, 4,809 x 1.4%) and 260 (removed
because they were either incorrect or uncertain, 4,809 x 5.4%) were
removed because of errors. This would give a reliability (equation (1)
above) of PAN-GO annotations between 90% (260/(2,354 + 260)) and
97% (67/(2,354 + 67)).

One example of a clearly incorrect PAN-GO annotation was found
within the carnitine O-acyltransferase family (PTHR22589). CPT1C, in
contrasttothe CPT1A and CPT1B paralogues, does not have ‘carnitine

O-palmitoyltransferase activity’ in mitochondria, but localizes in the
endoplasmicreticulumwhere it shows ‘palmitoyl-(protein) hydrolase
activity’®>*®. This type of incorrect inference of functional conservation
through ancient duplication events, and therefore errorsin evolution-
ary modelling, is one of the most common errors we found during our
review. When such errors are discovered, the PAN-GO evolutionary
modelis updated to correct the error.

Arelatively frequent case ofimportant fine-tuning of PAN-GO anno-
tationsrelates to the sometimes subtle difference betweena GO term
foraBP and the corresponding GO term for regulation of that process.
Frequently, the primary annotation derived from an experiment, often
based onthe effects of agenetic manipulation such as adeletion, uses
the regulatory term. Other experiments, however, may show that the
proteinin question is directly involved in the process (resulting in an
annotation to the process itself rather than its regulation). Several
PAN-GO annotations were updated (5in our sample of 500) to consist-
ently reflect either involvement in, versus regulation of, a particular
BP.Other common updates were duetoinconsistenciesinthe primary
annotations for enzyme complexes to the GO term ‘complex assembly’
(10inourrandom sample of 500), which we consider to be fine-tuning
asthey are correct even if not highly informative.

Broad functional categories on the PAN-GO website. To facilitate
browsing of the PAN-GO annotations, and for visualizing the landscape
of human gene functions in Fig. 3, we mapped each annotationto a
set of selected, relatively high-level GO categories. Broad functional
categories were taken from the generic GO subset, which is available
at https://release.geneontology.org/2022-07-01/ontology/subsets/
goslim_generic.obo. Note that these are categories of annotations, not
genes, so a gene annotated to multiple distinct GO terms may appear
in multiple categories. Note also that some of these broad categories
are subcategories of others; in this case, a gene was assigned only to
the more specific subcategory, and not the more general category,
to minimize the overlap between categories and therefore facilitate
visualization and browsing.

PAN-GO annotation browser. We developed a simple web-based tool
for exploring the set of human gene functions, including links to all
experimental evidence and phylogenetic trees. Itisimplemented using
ElasticSearch and is available at https://functionome.geneontology.
org/. Code s available from GitHub (https://github.com/pantherdb/
pango).

Contributions of experimental evidence from model organism anno-
tations. Primary GO annotations (supported by published experimental
evidence) are used for all PAN-GO annotations. We characterized this
evidence in detail for each model organism (Extended Data Table 1).
Column 2reports the number of PAN-GO annotations that are support-
ed by one or more publications with experimental evidence for func-
tion of a gene in that organism. Evidence obtained from experiments
on humangenesis divided into two rows: one for direct evidence for a
givengene and one for evidence for arelated (paralogous) human gene.
Column 3reports the number of PAN-GO annotations supported only
by experimental evidence for homologous genes (that is, it excludes
any PAN-GO annotations that have direct experimental evidence for
the human gene). These annotations were inferred from other human
paralogues or non-human homologues, but have not yet been experi-
mentally confirmed. Column 4 counts PAN-GO annotations that are
based on non-human experimental data only. Column 5 counts PAN-GO
annotations that are based on evidence from only one species. Column 6
counts allexperimental annotations ineach organism that could poten-
tially be used as literature evidence for human PAN-GO annotations.

Evolution of gene functions. For each PAN-GO annotation, we ret-
rieved the branch of the evolutionary tree that was modelled as having
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gained that functional characteristic, representing when that char-
acteristic first evolved in an ancestor of a human gene. Because the
phylogenetic approach defines ancestors in terms of LCAs of extant
species, our evolutionary model specifies the interval between two
ofthese LCAs, during which the functional characteristic evolved. The
approximate dates for each of these LCAs has been determined®, sowe
couldconvertthe LCAintervalto atimeinterval. Forinstance, ifagene
function characteristic now foundinahumangenefirstappeared along
the branch leading from the LCA of Eukaryota and Archaea (around
4,250 millionyears ago) to the LCA of plants and animals (the LCA of Eu-
karyota, about 1,598 million years ago), then the function first evolved
between 4,250 and 1,598 million years ago, and was then transmitted
unchanged from parent to child for atleast 1.6 billion years all the way
to modern humans.

Reporting summary
Furtherinformation onresearchdesignisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

PAN-GO browser: https://functionome.geneontology.org. PAN-GO
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Extended Data Table 1| Sources of experimental evidence for human PAN-GO annotations

Source of experimental All PAN-GO Homology based Homology based Homology based All experimental
evidence for human PAN-GO  annotations PAN-GO PAN-GO PAN-GO annotations of the
annotation supported by annotations annotations annotations genome in human-
(time of last common evidence from the  supported by supported only by supported by gene-containing
ancestor with humans) source evidence from the non-human evidence only in trees
source experimental data ONE source
Human direct experiment 24,386 NA NA 5,904 113,304
Human paralogs 32,907 21,566 NA 2,742
Mus musculus 39,545 26,105 12,033 7,098 98,047
(~87 Ma)
Rattus norvegicus 22,627 14,704 5,153 1,963 50,532
(~87 Ma)
Drosophila melanogaster 18,100 11,655 3,810 813 37,445
(~708 Ma)
Saccharomyces cerevisiae 12,206 7,552 4,102 1,754 26,376
(~1275 Ma)
Caenorhabditis elegans 10,374 6,633 1,838 305 17,646
(~708 Ma)
Danio rerio 7,208 4,752 1,469 288 19,323
(~429 Ma)
Schizosaccharomyces pombe 6,469 3,974 1,640 359 13,736
(~1275 Ma)
Arabidopsis thaliana 6,028 3,379 1,170 223 29,501
(~1598 Ma)
Dictyostelium discoideum 3,406 2,112 613 88 6,369
(~1598 Ma)
Gallus gallus 2,887 1,881 430 55 2,864
(~319 Ma)
Escherichia coli 1,383 794 470 135 4,146
(~4250 Ma)
Others 10,689 6,393 1,487 166 15,125

Divergence times (Ma, million years ago) from humans are taken from the TimeTree resource®’.



Article

Extended Data Table 2 | Average number of GO classes selected for evolutionary modeling, compared to total number of
experimentally annotated GO classes in each family

Ontology aspect of GO Avg. number of GO terms selected for evolutionary ~ Avg. number of GO terms experimentally annotated for
modeling of a family genes in a family

biological process 2.32 18.19

molecular function 1.75 5.28

cellular component 1.76 7.37




Extended Data Table 3 | Type of experimental evidence
for later GO annotations that confirmed earlier ‘predicted’
PAN-GO annotations

Evidence code # of confirming experimental annotations
IDA (inferred from direct assay) 1940

IMP (inferred from mutant phenotype) 347

IPI (inferred from protein interaction) 263

HDA (inferred from high-throughput direct assay) 29

IGI (inferred from genetic interaction) 24

EXP (other experimental) 14

IEP (inferred from expression pattern) 4

These are primary annotations added to the GO knowledgebase between October 2019

and March 2022, which were found to confirm (by direct experimental evidence) PAN-GO
annotations made before October 2019 that were previously supported only by experimental
evidence for a homologous gene. Detailed documentation of GO evidence codes can be
found at https://geneontology.org/docs/guide-go-evidence-codes/.
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