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Abstract

Despite decades of research and the availability of the full genomic sequence of the baker’s yeast
Saccharomyces cerevisiae, still a large fraction of its genome is not functionally annotated. This
hinders our ability to fully understand cellular activity and suggests that many additional processes
await discovery. The recent years have shown an explosion of high-quality genomic and structural
data from multiple organisms, ranging from bacteria to mammals. New computational methods
now allow us to integrate these data and extract meaningful insights into the functional identity

of uncharacterized proteins in yeast. Here, we created a database of sensitive sequence similarity
predictions for all yeast proteins. We use this information to identify candidate enzymes for known
biochemical reactions whose enzymes are unidentified, and show how this provides a powerful
basis for experimental validation. Using one pathway as a test case we pair a new function for

the previously uncharacterized enzyme Yhr202w, as an extra-cellular AMP hydrolase in the NAD
degradation pathway. Yhr202w, which we now term Smn1 for Scavenger MonoNucleotidase 1, is
a highly conserved protein that is similar to the human protein ESNT/CD73, which is associated
with multiple cancers. Hence, our new methodology provides a paradigm, that can be adopted to
other organisms, for uncovering new enzymatic functions of uncharacterized proteins.
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Introduction

One of the biggest revolutions in cell biology of eukaryotes came with the complete
sequencing of the first eukaryotic genome, that of the yeast Saccharomyces cerevisiae
(Goffeau et al., 1996). Computational analysis of the linear sequence uncovered a genome
holding under 6000 genes that are mostly devoid of introns (Dujon, 2006; Ingolia et al.,
2009) and lacking alternative splicing. This gives rise to a simple eukaryotic cell that can
function with under 6000 protein products. Despite the simplicity of the yeast genome, a
large portion of yeast proteins have not been functionally characterized. This hinders not
only our understanding of cell biology but also of any biological process that relies on cells
such as development and disease states.

One class of proteins that was intensively studied before the genome sequencing era
is enzymes. Enzymes are molecular machines that can reduce the activation energy for
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metabolic reactions to occur (Forster et al., 2003) and hence to understand cellular
metabolism it is essential to map enzyme substrates and products. The specific enzymatic
step that enzymes performed was historically discovered either through biochemical
purification step based on activity or through genetic screens coupled with biochemical
follow-ups (Duntze et al., 1969; Knobling et al., 1975; Korch and Snow, 1973; Lynen, 1969;
Masselot and de Robichon-Szulmajster, 1975; Schweizer et al., 1986). These approaches
required a clear growth phenotype or testable biochemical activity. While this made it
feasible to uncover the major players and pathways, it was not an optimal approach

to identify and characterize enzymes that provide non-essential metabolites, that have
isoenzymes, or other parallel pathways. The complete genome sequence of yeast provided
an ability to identify the presence of new proteins and as such new enzymes, however many
remained without a functional annotation.

In recent years an attempt to uncover new enzymatic functions was undertaken by

utilizing untargeted metabolomics approaches. Metabolomic profiling provides a map of all
metabolic changes that occur in the absence of specific genes (Fuhrer et al., 2017; Oliveira
et al., 2012; Sauer, 2006; Sévin et al., 2017). Despite the ability of such methods to uncover
enzymatic functions in some cases (Clasquin et al., 2011; Sévin et al., 2017), as a general
rule, the immense metabolic rewiring that occurs in each strain has made it difficult to
extrapolate exact gene functions from such data without a guiding hypothesis.

One way by which hypotheses could be formed for gene functions is by relying on the rich
information that has been accumulating in multiple organisms at the biochemical, genomic
and structural levels. To date, these data have not yet been fully tapped to create hypotheses
as to protein functions and hence support the discovery of new enzyme functions.

Here, we derived sensitive sequence similarity (SSSP) predictions for all yeast proteins
using the HHSearch platform (Steinegger et al., 2019). These predictions, now easily
accessible through our website (https://www.weizmann.ac.il/molgen/AnalogYeast/) uncover
new mammalian proteins that are similar to yeast proteins not previously found by simple
sequence comparisons alone. Together with the simple sequence-based predictions, this
suggests that a larger fraction of the yeast proteome is conserved to humans than previously
appreciated.

Utilizing the knowledge that accumulated in other organisms, from bacteria through plants,
invertebrates and vertebrates, we derive functional predictions for yeast proteins. We focused
on the fraction of the proteome that has unknown function and specifically, on the likely
enzymes in this group. By crossing the list of uncharacterized enzymes with a map of
missing ones in known pathways, we provide a new methodology for predicting enzymatic
functions of uncharacterized proteins. Using a test case of the protein product of YHR202W,
we show how such predictions can be rapidly validated using metabolomic pipelines. These
allow us to support the role of Yhr202w (which we now name, Smn1 for Scavenger
MonoNucleotidase 1) as a newly-identified AMP hydrolase.
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Results

Sensitive sequence similarity predictions expand the known degree of similarity between
yeast and human proteomes

Ever since the establishment of the Baker’s yeast as a leading model for eukaryotic cells,
there has been an effort to characterize the exact extent of similarity between this simple
unicellular organism and human cells. Previous efforts started even before the complete
compilation of the yeast or human genome sequences (Botstein and Fink, 1988) and
suggested that as little as 25% of genes in yeast will have human homologs. These efforts
were simplified as whole genome sequences became available (Botstein et al., 1997) leading
to a higher degree of predicted homology (31%). A compendium of many sequence-based
prediction algorithms gathered by the “Quest for orthologs” database (Altenhoff et al., 2020)
presented the most comprehensive comparison to date and suggested that ~ 55% of yeast
gene products have homologs in humans based on sequence (Figure 1, Supplementary Table
1).

However, 1 billion years of evolution have created proteins that are similar in function

and in structure but have little similarity at the sequence level. Such proteins require
identification using more sensitive approaches. Here, we took advantage of such a tool,
HHSearch (Steinegger et al., 2019) that was optimized to predict similarity based on amino
acid sequence and secondary structure predicted from the amino acid sequence. Importantly,
while most of these similarities result from divergent evolution, others might be the result of
convergent evolution hence we use the term similarity and not homology.

We extracted such sensitive sequence similarity predictions (SSSPs) using HHSearch on all
yeast proteins and found that over 40% of yeast proteins had predicted similar proteins in
the human proteome (Figure 1) (Supplementary Table 2). Since the available databases for
this method are based on the limited available protein structures and protein domains, it is
not surprising that the number of similar proteins that we found based on this strategy is less
than those found based on the sequence comparison alone. Importantly, the SSSP did not
simply constitute a subset of the 55% of homologs based on simple sequence comparisons.
In fact, we found similar proteins for an additional 10% of the yeast proteome bringing

the overall predicted similarity to humans to be about two thirds of the yeast proteome
(Figure 1). This stresses, again, the validity of using yeast as a representative model for
understanding conserved cellular functions.

A large fraction of the yeast proteome remains uncharacterized

To truly understand cellular function, it is essential to know the activity of the constituting
proteins. However, many yeast proteins have remained uncharacterized despite decades of
efforts. To uncover the exact fraction of proteins for which no defined molecular function
has been identified, we took two complementary approaches. First, we used text mining in
the relevant fields to identify entries in the Saccharomyces Genome Database (SGD) (Cherry
et al., 2012) that suggest a lack of known function (Figure 2A). In parallel, we manually
curated all SGD descriptions of protein functions and generated a list of those that did not
have sufficient support for a molecular function (Figure 2A, Supplementary Table 3). Each
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approach in as of itself showed that ~25% of yeast genes are yet to be characterized, and the
combination of these approaches had a similar magnitude (Figure 2A). Hence, we decided to
continue working with the list that we manually curated.

How have so many proteins evaded functional discovery despite decades of research? One
hypothesis is that these proteins may be part of paralogous pairs or protein families.
Having such similar proteins in the proteome may hinder functional annotation since
backup by a paralog may reduce the phenotypes of losing a gene making the likelihood

of capturing it by genetic methodologies smaller. To assay this hypothesis, we took a list
of all yeast paralogous proteins (Fenech et al., 2020) and divided them into characterized
and uncharacterized ones (from the curated list). We then asked what is their probability
to have a paralog that is itself uncharacterized. We found that indeed proteins that are
uncharacterized have a much bigger probability of having a paralog that is also not
functionally characterized, supporting the back-up hypothesis (Figure 2B).

Another reason why these proteins may have been understudied is because they are yeast
specific. To explore this hypothesis, we expanded our search for similar proteins to create
SSSP of yeast proteins to all organisms as well as defined domains (Supplementary Table
2). To make these similarity predictions accessible to the yeast community, we organized
them into an easily searchable database (https://www.weizmann.ac.il/molgen/AnalogYeast/).
In this database (Using the term Analogy that includes both divergent and convergent
evolution (Fitch, 1970)), for each yeast protein we present all predicted proteins based on
SSSP as well as their description from UniProt (UniProt Consortium, 2021), Pfam (Mistry
et al., 2021) and links to the respective databases. In addition, for relevant cases we added
information regarding their involvement in human diseases (Rappaport et al., 2017) and/or
their enzymatic activity (Chang et al., 2021).

Using these predictions, we found that the uncharacterized proteins are half as likely, relative
to the whole proteome, to have similar proteins identified by SSSP in other model organisms
(Figure 2C). This suggests that indeed conservation has both promoted research as well as,
maybe, incentivized it. However, nearly 800 yeast proteins with unknown functions do have
similar proteins in some species or have conserved domains. For these, advanced approaches
can, and should, be used to gain a better understanding of function (Figure 2C). Importantly,
18% are conserved in humans. Hence, uncovering their function becomes critical not only
for a better understanding of yeast cells (for biotechnological applications or as drug targets
for antifungals) but also as a basis for better understanding conserved cellular functions.

Many uncharacterized proteins show similarity to enzymes in other organisms

Proteins can be assigned into functional categories such as structural proteins that define
the building blocks of cellular architecture, regulatory and chaperoning proteins that
function through binding of other biomolecules (proteins, DNA or RNA), and enzymes.
The last century saw a huge burst of enzyme discovery through the fields of genetics and
biochemistry, enabling us to map the enzymes carrying out the majority of the central
metabolism pathways (Caspi et al., 2016; Karp et al., 2021; Lu et al., 2019). However, in
recent years it is becoming clear that many additional enzymatic activities, that contribute
to peripheral metabolism, signaling and stress responses, exist. Since such reactions are not
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essential, at least not under standard growth conditions, the identification of the enzymes
carrying them out has been lagging behind.

To test whether some of the uncharacterized proteins that we defined have the potential to
be enzymes we used the predictions from the SSSP algorithms to look for those proteins
that show similarity to proteins with annotated enzymatic functions in any other organism.
Importantly, since our analysis defines proteins as similar even if only a small part of

the sequence is similar, sometimes not even in the active site of the enzyme, this type

of analysis obviously gives rise to potential false positives and negatives. Taking that into
account, our analysis uncovered that ~20% of the uncharacterized proteins may be enzymes
(Figure 3). This is a slightly smaller number than the fraction of enzymes in characterized
proteins (~28%) (Figure 3). This suggests that either proteins that are enzymes have been,
historically, more likely to be identified, or rather that some enzymes are part of protein
families that have not been structurally characterized in any organism.

Of the potential enzymes in our uncharacterized group, ~20% were already annotated in
SGD as potential enzymes based on manual curation (Figure 3). Regardless, our analysis
reveals a rough estimate of over 200 proteins that may be yeast enzymes not previously
characterized (Supplementary Table 4). Moreover, these proteins show similarity to defined
enzymes in other organisms, some of which have been studied and whose substrates or
products are known. This suggests that we could directly use these similarities to predict the
enzymatic functions of uncharacterized yeast proteins.

Metabolic gaps in known pathways can be filled by predicting enzyme functions based on

similarity

Over the years there has been an effort to map metabolic pathways and the enzymes carrying
out each step in multiple organisms (Karp et al., 2019, 2021). In yeast, this has led to the
curation of over 572 reactions in 144 pathways consisting of 1417 enzymes. However, about
10% of the reactions (52) (Supplementary Table 5) still remain unaccounted for — meaning
that it is clear that the step occurs but the enzyme carrying it out has not been identified

or proven. These gaps of metabolic knowledge have been termed “pathway holes” and have
awaited exploration.

We focused on these 52 pathway holes and probed whether any of our uncharacterized
proteins for which we could find analogous enzymes, may account for the exact (or similar)
reaction that occurs (Supplementary Table 5, Figure 4). We used Enzymatic Commission
(EC) numbers, which define the exact enzyme function by a four-position hierarchical
decision tree, to find proteins that can fit into the pathway “holes”. Generally, the first
position of an EC number defines the general type of reaction, the second position defines a
more specific reaction type, the third position defines the active enzymatic subclass and the
fourth position defines the substrate (McDonald et al., 2001). We chose to focus on enzymes
that are either identical in their function and substrate to the defined hole (the EC number

is identical to the “hole” in all four positions) or that are largely similar in their enzymatic
functions (the EC number is identical up to the third position).

J Mol Biol. Author manuscript; available in PMC 2022 May 16.
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We found that 15 out of the pathway holes have at least one candidate that fits in all
four-positions and 42 out of the holes have candidates that fit three-positions (Figure 4).
Despite the fact that a four-position match should be the identical enzymatic reaction, some
holes had multiple four-position candidates. This suggests that either this step has a large
enzymatic redundancy or that additional pathways with more refined substrates or distinct
cellular locals should be characterized in the future.

Assigning an enzyme for a pathway hole in the periplasmic NAD degradation pathway

To test case our predictions we chose to focus on an important activity that has evaded
discovery using previous approaches. The pathway is a nucleoside salvage pathway
converting NAD+ to AMP and adenosine (Figure 5A). Interestingly, the enzyme carrying
out the second step, converting AMP to adenosine, was suggested to reside in the periplasm
(Bogan and Brenner, 2010) and its activity is described by the EC number 3.1.3.5, yet

was never identified in yeast (Figure 5A). Our data suggested that two candidates are a fit
for this “pathway hole” (highlighted in Figure 4) - the uncharacterized proteins Yhr202w
and Ydl024c. Incidentally, both proteins have a predicted signal peptide and are soluble
(Bernsel et al., 2009; Weill et al., 2019) (for a schematic of Yhr202w see Figure 5B),
suggesting that they could be periplasmic. However, ydl024c was already annotated to an
additional EC number (3.1.3.2) and was only matched to EC 3.1.3.5 based on similarity

to a single human protein. In comparison, Yhr202w was not annotated to any other EC
number and shows similarity to multiple enzymes of this function in several organisms:
multiple bacterial species, Chinese cobras and humans. This made Yhr202w a more likely
candidate. Moreover, Ayhr202wwas shown to enable resistance to sodium selenite whose
uptake is linked to that of phosphate, supporting a role for Yhr202w as a phosphatase as
well as its extra-cellular localization. (Lazard et al., 2010; Pinson et al., 2004). We therefore
first assayed whether Yhr202w is indeed a secreted enzyme by tagging the protein on its
C’ with a Green Fluorescence Protein (GFP) and replacing its promotor with an inducible
promotor (GALpr) to allow a strong inducible expression. To catch the intracellular phase
by microscopy, before it is all secreted and cannot be imaged, we performed time-lapse
microscopy (Supplementary Video) and could indeed capture a short phase where punctate
structures, that could be secretory vesicles, appear (Figure 5C). At longer induction times
very little intracellular signal was seen as would be expected from a secreted enzyme
(Supplementary Video). To follow potential secretion, we performed a protein secretion
assay whereby protein levels are tracked both intra-cellularly as well as in the medium
(Figure 5D). As a control, we followed the levels of cytosolically expressed mCherry which
should not be secreted and can serve to identify events of leakage of intracellular proteins
to the medium. Indeed, Yhr202w-GFP could be found in both the media and the cellular
fraction whereas mCherry could mostly be found in the cellular fraction supporting the
notion that Yhr202w is a secreted enzyme.

Since Yhr202w is indeed secreted and has the correct enzymatic domains, we decided to
directly assay its effect on the pathway substrates and products utilizing a metabolomics
approach. We analyzed deletion and overexpression strains of Yhr202w and compared them
to control strains by untargeted metabolomics on whole cell lysates using instrumentation
that will allow us to focus on bases and other small polar metabolites (For a full list of
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metabolite changes see Supplementary Table 6). Using this we could confirm that indeed
overexpression of Yhr202w causes an accumulation of adenosine in cells coupled with a
reduction in AMP, ADP and ATP (Figure 5E). Conversely, the deletion mutant causes a
reduction in adenosine with only a very small increase in ADP and ATP which are most
likely highly regulated in their cellular levels (Figure 5E). As expected, overexpression of
Yhr202w resulted in reduced NAD+ levels explained by the increased flux through the
pathway (and suggesting that the limiting step of this pathway was Yhr202w) while the
deletion resulted in an order of magnitude increase in NAD+ and NADH. This striking effect
can be explained by the presence of a feedback loop completely blocking NAD+ degradation
in the periplasm when Yhr202w is absent. We therefore decided to name Yhr202w Smnl
(Scavenger MonoNucleotidase 1).

Discussion

One of the big frontiers in modern cell biology is to map the “dark matter” of life hidden

in the large percent of cellular proteins whose function is unknown. Our work shows that at
least one quarter of proteins in the most highly studied eukaryotic model cell, yeast, are still
uncharacterized. This highlights how fragmented our picture of cellular activity still is.

One of the places where this is clearest is yeast metabolism. While decades of biochemical
studies have highlighted the central pathways and focused on core, essential metabolites,
about 10% of these core pathways still have holes and more research is required to finalize
their annotation. Moreover, it is now clear that yeast metabolism is more complex than
previously thought. Our work suggests that ~20% of uncharacterized proteins are enzymes,
highlighting at least 200 different reactions and pathways that could occur inside a yeast
cell that have not yet been annotated. This may be especially relevant for metabolites that
comprise single reactions or are stress induced.

Importantly, now is the time to uncover these new metabolic reactions and the enzymes
mediating them. First, large metabolomic datasets showing changes in hundreds of
metabolites for deletions of every cellular gene have already been published (Milleder et
al., 2016). However, by themselves these datasets can only provide limited answers to what
specific enzymes are doing. This is because each perturbation causes a rewiring of cellular
metabolism, resulting in myriads of changes in known, and uncharacterized, metabolites.
Hence reaching a clear hypothesis as to the primary function of a single protein from the
metabolic signature of its mutant has been challenging.

On the other hand, similarity predictions are now also emerging as a powerful tool due

to the availability of multiple sequenced genomes, accumulation of structural data and
powerful algorithms for comparing sequences and structures. However, such predictions are
also, in as of themselves, often not enough. Our analysis shows this by examples of how
multiple enzymes could potentially fulfill the requirement for a single specific pathway
hole. Conversely, other holes have no candidate enzymes. Moreover, it is now clear that
multiple enzymes have paralogs or isoenzymes that may perform an identical function but in
a different compartment, slowing down correct assignment.

J Mol Biol. Author manuscript; available in PMC 2022 May 16.
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Luckily the last few years have brought about extensive mapping of protein localizations

in yeast (Breker et al., 2014; Weill et al., 2018; Yofe et al., 2016). Hence, the true

power is how to use emerging computational approaches for integrating the large amounts
of available genomic data coupled with the availability of large scale metabolomic data
(Ramirez-Gaona et al., 2017) and proteomic information to integrate them into predictive
models (Amantonico et al., 2008; Ibafiez et al., 2013; Nobata et al., 2011; Urban et al.,
2011). Indeed, many such efforts have been undertaken (from bacteria, through invertebrates
to humans) to utilize the abundant genomic and proteomic data to uncover a function for
uncharacterized proteins relying on computational approaches (for just a few examples see:
(Kacsoh et al., 2019)(Garcia et al., 2019)(Zhang et al., 2018)).

However, any such predictions must still be tested to reach a more certain assignment

of enzyme function. Our work shows that a powerful way to test these predictions is by
measuring both deletion as well as over-expression versions of the enzymes. Using both
mutants is important since deletions alone may not show a strong phenotype either due

to rewiring of metabolism or because of buffering by enzyme redundancy. For example,
Yhr202w has three similar proteins and there exist multiple other pathways to eliminate
NAD+ or form AMP. Indeed, overexpression often gives a much stronger signature.
However, the most powerful approach is to find metabolites that change in inverse directions
in the two, inverse, mutants. While many metabolites change for each genetic manipulation,
very few will display this unique characteristic signature, narrowing down the search range.

Generally, and regardless of the approach used, identifying a function for a yeast protein
holds many advantages, even if its similar proteins were already studied in other organisms.
First, uncovering functions for uncharacterized proteins helps to “catalog” the yeast
proteome — essential for reaching at true understanding of this simple cell. In addition,

yeast can serve as an evolutionary bridge between the various branches of organisms. This is
especially useful when trying to uncover similarity between bacteria and mammals that have
3 billion years of evolution between them. In this case yeast can serve as a “springboard” —
being only ~1 billion years distant from mammals. Finally, yeast can serve as an excellent
model for functional studies as well as drug screening. For example, we identified Smn1 as
a protein similar to human ESNT/CD73. While the human ESNT/CD73 was already shown
to degrade AMP to adenosine (Jeffrey et al., 2020; Narravula et al., 2000) it was difficult

to use for uncovering drug targets. Since it was shown to have a role in cancer progression
and cyclic AMP (cAMP) signaling (Clayton et al., 2011; Godecke, 2008; Narravula et al.,
2000; Sciaraffia et al., 2014) uncovering such drugs may be beneficial. Interestingly we can
also see changes in cAMP levels in the overexpression strains of Smn1 suggesting that yeast
can serve as a model for ESNT/CD73 cellular activities. Now, having the yeast protein may
provide a powerful platform for screening of novel inhibitors of this periplasmic protein —
circumventing the need for drugs to enter cells.

More globally what is most surprising from our analysis is that yeast is much more similar
to mammalian cells than previously thought. While previous assessments on similarity
suggested that around half of the yeast proteome is conserved to mammals, the contribution
of advanced computational approaches now suggests that it may be up to ~64% that are,

J Mol Biol. Author manuscript; available in PMC 2022 May 16.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Cohen et al. Page 9

in fact, conserved. This stratifies the belief that yeast is a superb model for human cellular
activity and supports the need to continue and uncover the function of all of its proteins.

Materials and Methods

Computational analysis

Quest—The Quest for Orthologs database (Altenhoff et al., 2020) was downloaded on
January 18t 2020, containing all homology hits between yeast and other organisms based
on a combination of different homology algorithms and their benchmark criteria.

HHSearch—Protein sequences for all saccharomyces cerevisiae genes were obtained from
SGD (Cherry et al., 2012) and rearranged to individual FASTA file formats using a
homemade script. The individual FASTA files were submitted to a standalone HHSearch
(from hhsuite3) (Steinegger et al., 2019) and searched against Pdb70 (Berman et al.,

2000), PfamA V34 (Mistry et al., 2021), scop70-1.75 and scop40 (Andreeva et al., 2014,
2020). All proteins with the word “dubious” in their description were discarded, as well

as hits with similarity score below 95 (out of 100). The result files were combined to

a single.csv file using a homemade script. If the match was through a PDB structure,

the host organism was added from the PDB description. Further information for each
protein was added from UniProt (UniProt Consortium, 2021), including the indicated

EC numbers (McDonald et al., 2001). Additionally, the involvement of each human

protein with specific diseases was added based on a MalaCards search (Rappaport et

al., 2017) conducted on GeneCards (Stelzer et al., 2016) version VV4.13 on February

26t 2020. Further analyses were performed on this assembled database, from here

on termed, AnalogYeast, using homemade scripts (https://github.com/Maya-Schuldiner-lab/
AnalogYeast). Raw prediction results can also be found on our lab webpage: https://
mayaschuldiner.wixsite.com/schuldinerlab/analogyeast

Curation of genes whose proteins have unknown functions—Using the SGD
database (Cherry et al., 2012), we assembled three lists containing proteins of unknown
function. The first is a text mining list, containing all protein entries that included
the keywords “uncharacterized”, “unknown”, “predicted”, “associates with”, “possibly”,
“presumed” and “putative”, under the categories “Brief Summary” and “Function
Summary”. The second list was manually curated based on SGD descriptions. The third

list is a union of the two preceding lists.

Metabolic Pathway Holes—The list of pathway holes was acquired from the SGD
YeastPathways database (Karp et al., 2021) on June 11 2021.

Yeast strains, strain construction and culturing conditions—All strains in this
study are based on the BY4741 laboratory strain (Brachmann et al., 1998). All information
on strains, plasmids and primers can be found in Supplementary Table 7.

For metabolomics analysis all yeast strains were grown in standard synthetic dextrose (SD)
medium (6.7 g/L yeast nitrogen base with ammonium sulfate, 2% glucose, and all necessary
amino acids) from ODggg 0f~0.1 overnight in a 30°c incubator. Then the cultures were
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diluted back to ODggg 0f~0.1 and incubated again overnight. Next the cultures were back
diluted a last time to ODgg 0f~0.1 and left to grow until ODggg 0f~0.5 in 40ml culture
breathable tubes (LIFEGENE).

Secretion assay

Yeast strains were grown in standard synthetic dextrose (SD) medium (6.7 g/L yeast
nitrogen base with ammonium sulfate, 2% galactose) from OD600 of~0.1 overnight at 30°c.
Next, the cultures were back diluted to OD600 of~0.1 and let to grow until OD600 of~0.5.
The media fraction was separated from the cells using centrifugation (3000g for 3min) and
cells were washed with DDW. Both media and cell fractions were precipitated using 10%
Trichloroacetic acid (TCA) (Sigma) for 20min on ice, centrifuged for 15min at 140009

at 4°c, the supernatant was aspirated, pellet was washed in cold acetone, dried at room
temperature for 30min and resuspended in urea lysis buffer (8M urea in 50mM tris pH 7.5
and oComplete Protease Inhibitor (Roche)). The cells were beaten with 100ul of glass beads
(scientific industries) for 10min at 4°c. Then 0.1% SDS and 50mM DTT were added to both
the cells and the media fractions and boiled at 95°c for 5min. Glass beads and cell debris
were removed and the samples were resolved on 4-20% precast polyacrylamide gel (Bio-
Rad), transferred to nitrocellulose membrane (PALL), and probed with a monoclonal mouse
a-cherry (ab125096, Abcam) and a polyclonal rabbit a-GFP (ab290, Abcam). Secondary
antibodies were alexa680 a.-rabbit (ab175773, Abcam) and alexa790 a-mouse (ab186695,
Abcam) that enable scanning using an Odyssey imaging system (LI-COR Biosciences).

Microscopy of yeast strains

Imaging of yeast strains was performed using a VisiScope Confocal Cell Explorer system
(VisView), composed of a Yokogawa spinning disk scanning unit (CSU-W1) coupled with
an inverted microscope (1X83; x60 oil objective; Olympus) at an excitation wavelength of
488 nm for GFP. Images were taken by a connected PCO-Edge SCMOS camera (PCO)
controlled by VisView software.

Metabolomics

Sample preparation—Each culture was filtered using a filtration apparatus onto a 25mm
nylon membrane (GVS), washed once with 5ml of DDW and filtered again. The filter was
transferred to 5ml cold 50% acetonitrile in DDW, vortexed and snapped frozen in liquid
nitrogen.

Sample mass spec analysis—Sample analysis was carried out by MS-Omics using a
Thermo Scientific Vanquish LC coupled to Thermo Q Exactive HF MS. An electrospray
ionization interface was used as ionization source. Analysis was performed in negative and
positive ionization mode. The Ultra-performance liquid chromatography was performed
using a slightly modified version of a previously described protocol (Hsiao et al.,

2018). Peak areas were extracted using Compound Discoverer 3.1 (Thermo Scientific).
Identification of compounds was performed at four levels; Level 1: identification by
retention times (compared against in-house authentic standards), accurate mass (with an
accepted deviation of 3ppm), and MS/MS spectra, Level 2a: identification by retention
times (compared against in-house authentic standards), accurate mass (with an accepted
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deviation of 3ppm). Level 2b: identification by accurate mass (with an accepted deviation of
3ppm), and MS/MS spectra, Level 3: identification by accurate mass alone (with an accepted
deviation of 3ppm).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Percentage of yeast proteins
with similar human proteins

By either type of similarity ~64%

Figure 1. Sensitive sequence similarity predictionsincrease the percent of yeast proteinsfor
which similar human proteins can be found.

A Venn diagram showing similarity levels between S. cerevisiae and human proteomes.
Shown are the percentage of yeast proteins with similar human proteins uncovered by
sensitive sequence similarity predictions (HHSearch), homologs uncovered by sequence
alone (Quest for Orthologs), or the combination of both.
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Figure 2. A large fraction of uncharacterized yeast proteins have similar proteinsin other

organisms

A) A bar plot of the number of yeast proteins that are still functionally uncharacterized.
Shown are the numbers based on either text mining of the SGD database, or by manual

curation as well as the union of both.

B) Pie chart showing the percent of functionally characterized vs uncharacterized yeast
proteins out of those that have at least one paralog (center). Out of each group shown is the

percentage that have at least one paralog that is also uncharacterized.

C) Bar plots presenting the percent of yeast proteins that have similar proteins in other
model organisms — divided by either all proteins or only the uncharacterized ones. Left -
separation to discrete model species. Right — the contribution of each model species to the

overall similarity level.
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B Proteins without similarity to enzymes

B Proteins with similarity to enzymes

B Potential enzymes
predicted only
through similarity
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potential enzymes
in SGD

78.01%

Characterized proteins Uncharacterized proteins

Figure 3. A substantial fraction of uncharacterized proteins have similarity to enzymesin other
Species.

Pie charts displaying the percent of proteins (either the functionally characterized yeast
proteins or the uncharacterized ones) with predicted similarity to enzymes. From the
Uncharacterized proteins an additional pie chart demonstrates the magnitude of novel

detections enabled by the sensitive sequence searches.
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Figure 4. Matching predicted enzymes with metabolic pathway holes
A plot depicting all pathways in yeast that have an enzymatic step for which an enzyme has

not yet been identified (hole). Plotted are the number of proteins with matching enzymatic-
annotation (EC number) uncovered by SSSP. Green represents a full (4-positions) match.
Blue represents a partial (3-positions) match. Highlighted in orange is the pathway on which
we focus (Figure 5).
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Figure 5. Assigning an enzyme for a pathway holein the periplasmic NAD degradation pathway
A) The periplasmic NAD degradation pathway, consisting of two reactions, one with an EC

number 3.6.1.22 giving rise to AMP from NAD+ and one, for which no enzyme has yet been

described, giving rise to adenosine from AMP.

B) Yhr202w is a soluble protein containing a 21 amino acid signal sequence according to

TOPCONS topology prediction.

C) Fluorescent microscopy image taken out of a time-lapse experiment showing the
localization of Yhr202w-GFP under control of a GALpr. Images are shown 3.5 hours after
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activation of the GAL inducible promoter by transfer to growth in galactose containing
medium. Scale bar =5um

D) Yhr202w secretion analyzed by western blot. Yhr202w can be found in both the secreted
and in the cellular fraction, while a soluble mCherry expressed under a constitutive promoter
can be found mainly in the cellular fraction.

E) A bar plot showing the fold change of metabolites uncovered by metabolomics on strains
in which Yhr202w/Smn1 was either deleted or overexpressed. The results depict fold change
relative to genetically matched controls, with error-bars indicating the standard error of
means. Fold-changes are marked with stars if they have a P-value < 0.005 in a T-test with a
Benjamini-Hochberg correction.
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