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Abstract To characterize how protein-protein interaction (PPI) networks change, we quantified
the relative PPl abundance of 1.6 million protein pairs in the yeast Saccharomyces cerevisiae across
nine growth conditions, with replication, for a total of 44 million measurements. Our multi-condition
screen identified 13,764 pairwise PPls, a threefold increase over PPIs identified in one condition. A
few ‘immutable’ PPIs are present across all conditions, while most ‘mutable’ PPIs are rarely
observed. Immutable PPls aggregate into highly connected ‘core’ network modules, with most
network remodeling occurring within a loosely connected ‘accessory’ module. Mutable PPIs are less
likely to co-express, co-localize, and be explained by simple mass action kinetics, and more likely to
contain proteins with intrinsically disordered regions, implying that environment-dependent
association and binding is critical to cellular adaptation. Our results show that protein interactomes
are larger than previously thought and contain highly dynamic regions that reorganize to drive or
respond to cellular changes.

Introduction
As environmental conditions change, cells undergo programmed alterations that ultimately rewire
PPI networks to execute different biological processes. Numerous examples of localized PPI rewiring
have been found (Balajee and Geard, 2001; Celaj et al., 2017; Mailand et al., 2013; Marles et al.,
2004; Rochette et al., 2014). Yet, little is known about how PPl networks reorganize on a global
scale or what drives these changes. One challenge is that commonly-used high-throughput PPI
screening technologies are geared toward PPl identification (Gavin et al., 2002; Ito et al., 2001,
Tarassov et al., 2008; Uetz et al., 2000; Yachie et al., 2016; Yu et al., 2008), not a quantitative
analysis of relative PPl abundance that is necessary to determine if changes in the PPl network are
occurring. The murine dihydrofolate reductase (nDHFR)-based protein-fragment complementation
assay (PCA) provides a viable path to characterize PPl abundance changes because it is a sensitive
test for PPls in the native cellular context and at native protein expression levels (Freschi et al.,
2013; Remy and Michnick, 1999, Tarassov et al., 2008). Indeed, moderate-scale mDHFR-PCA
studies have characterized the dynamics of a subset of known PPIs in yeast, finding that between
15% and 55% change across environments and are frequently driven by changes in protein abun-
dance (Celaj et al., 2017; Rochette et al., 2014; Schlecht et al., 2012; Schlecht et al., 2017).
However, because mDHFR-PCA studies have only considered the dynamics of PPIs that have
been identified under standard laboratory growth conditions (rich complete media), they may be
providing an incomplete view of global PPI rewiring (Celaj et al., 2017). One possibility is that PPIs
identified from a single condition are biased toward ‘immutable’ PPls that are found in all conditions,
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and 'mutable’ PPIs that are present in only some conditions have a large impact on global PPI net-
work dynamics. If true, mutable PPls would also be expected to be underrepresented in current PPI
networks, with important consequences to our understanding of how the protein interactome is
organized and how proteins typically interact. Previous work supports the idea that proteins that
participate in mutable PPls have different properties. For example, protein hubs predicted by mRNA
co-expression data to participate in mutable PPIs (‘date’ hubs) have been found to have more
genetic interactions and to bridge tightly connected modules in the PPl network (Han et al., 2004).
However, the robustness of conclusions drawn from co-expression data has undergone a vigorous
debate (Agarwal et al., 2010; Batada et al., 2006; Batada et al., 2007; Bertin et al., 2007,
Yu et al., 2008).

Here, we combine the mDHFR-PCA assay with a double barcoding system (Liu et al., 2019;
Schlecht et al., 2017) to quantify the relative in vivo PPl abundance of 1.6 million protein pairs
across nine growth conditions. We find that a large majority of PPls detected in our screen have not
been identified as PPIs in standard growth conditions, providing us with a new view of how mutable
PPIs contribute to PPI network rewiring.

Results

Defining a multi-condition PPl network

In mDHFR-PCA, two proteins of interest are fused to complementary mDHFR fragments. An interac-
tion between the proteins reconstitutes mDHFR, providing resistance to the drug methotrexate and
a growth advantage that is monotonically related to the PPl abundance (Celaj et al., 2017,
Freschi et al., 2013; Rochette et al., 2014, Schlecht et al., 2012; Schlecht et al., 2017). We have
previously shown that mDHFR-PCA can be adapted into a pooled barcode sequencing assay by fus-
ing two genomic barcodes in vivo using a method called PPiSeq (Schlecht et al., 2017). To generate
a large PPiSeq library, all strains from the protein interactome (MDHFR-PCA) collection that were
found to contain a protein likely to participate in at least one PPl (1742 X 1130 protein pairs)
(Tarassov et al., 2008) were barcoded in duplicate using the double barcoder iSeq collection
(Liu et al., 2019), and mated together in a single pool (Figure 1A). Double barcode sequencing
revealed that the PPiSeq library contained 1.79 million protein pairs and 6.05 million double barco-
des (92.3% and 78.1% of theoretical, respectively, 1741 x 1113 protein pairs), with each protein pair
represented by an average of 3.4 unique double barcodes (Figure 1—figure supplement 1). The
library was grown under mild methotrexate selection in nine environments for 12-18 generations in
serial batch culture, diluting 1:8 every ~3 generations, with a bottleneck population size greater than
2 x 107 cells (Appendix 2 Table S1). Double barcodes were enumerated over 4-5 timepoints by
sequencing, and the resulting frequency trajectories (Appendix 2 Table S2) were used to estimate
the relative fitness (Appendix 2 Table S3) of each strain, which is a rough measure of the average PPI
abundance over a growth cycle (Figure 1B; Levy et al., 2015; Li et al., 2018; Schlecht et al., 2017).
We recovered a minimum of two reliable replicate fitness estimates for 1.6 million protein pairs, and
downstream analysis was limited to this set. We examined the reproducibility of fitness estimation
within an environment by plotting the standard deviation by the mean of replicate fitness measures
for each protein pair (Figure 1C and Figure 1—figure supplement 2). We found that fitness esti-
mates are precise for high-fitness strains (putative PPIs), but less precise for low-fitness strains, which
are more subject to noise stemming from growth bottlenecks, PCR, and sequencing (Li et al.,
2018).

To identify protein pairs that interact, we compared replicate fitness scores for each protein pair
against a set of ~17,000 negative control strains that were included in the pool (Figure 1D, ORF x
Null). Using putatively positive and negative reference sets, we empirically determined a statistical
threshold for each environment with the best balance of precision and recall (positive predictive
value (PPV) >61% and true positive rate >41% in SD media, Appendix 1—table 1). In general, pro-
tein pairs required replicated high fitness measures (mean >0.18 in SD) and low variance (standard
deviation <0.02 in SD) to be identified as a PPI (Figure 1C and D). However, due in part to differen-
ces in the strength of methotrexate selection across environments, the minimal fitness of a PPI varied
by environment (Figure 1—figure supplement 5 and Appendix 2 Table S4). Quantitative fitness
measures between different barcodes marking the same PPl within a growth pool correlate well
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Figure 1. PPiSeq. (A) A cartoon of PPiSeq yeast library construction. Strains from the protein interactome collection are individually mated to strains
from the double barcoder collection and sporulated to recover haploids that contain a mDHFR-tagged protein and a barcode. Haploids are mated as
pools. In diploids, expression of Cre recombinase causes recombination between homologous chromosomes at the loxP locus, resulting in a
contiguous double barcode that marks the mDHFR-tagged protein pair. (B) Representative double barcode frequency trajectories over twelve
generations of competitive growth. Trajectories are used to calculate a quantitative fitness for each double barcoded strain. (C) Standard error of fitness

Figure 1 continued on next page
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Figure 1 continued

estimates of protein pairs. The blue and red lines represent the median standard error for a sliding window (width = 0.05) of all fitness-ranked protein
pairs and of only the positive protein-protein interactions, respectively. (D) Estimated fitness of strains with different double barcodes representing the
same protein pair in the same pooled growth. Positive protein pairs are randomly selected within a fitness window. ORF x Null is a violin plot of the
fitness distribution of all interactions with a mDHFR fragment that is not tethered to a yeast protein. DHFR(-) is yeast strains that lack any mDHFR
fragment. DHFR(+) is yeast strains that contain a full length mDHFR under a strong promoter. (E) Density plot of the fitness of double barcodes that
represent the same putative PPl in the same pooled growth. In (B-E), the data in SD environment are used. (F) Density plot of the normalized mean
fitness of the same PPl between two pooled growth cultures in SD environment. PPls detected in either one growth culture are included. (G) Venn
diagram of the number of PPIs identified within our search space by PPiSeq in nine environments (magenta), PPiSeq in SD environment (pink), the
interactome-scale protein-fragment complementation screen (PCA, yellow), and the BioGRID database excluding any PPIs previously detected by PCA
(blue).

The online version of this article includes the following figure supplement(s) for figure 1:

Figure supplement 1. Double barcodes and protein pairs in the PPiSeq library.

Figure supplement 2. Standard error of fitness estimates of protein pairs in each environment.

Figure supplement 3. Density plot of the fitness of double barcodes that represent the same positive PPl in the same pooled growth of each
environment.

Figure supplement 4. Comparison of PPiSeq data in SD condition to other PPI datasets.

Figure supplement 5. The OD 600 trajectories of DHFR(-) strain in various conditions with and without 0.5 pg/mL methotrexate.

(0.67 < r < 0.92 for all environments, Spearman'’s correlation, Figure 1E and Figure 1—figure sup-
plement 3), as do fitness measures of the same PPl assayed in replicate growth cultures (Spearman’s
r=0.73, Figure 1F).

In total, we identified 13,764 PPls across nine environments, a 2.9-fold increase over PPls identi-
fied under standard growth conditions (SD media), and a 5.6-fold increase over colony-based
mDHFR-PCA (Figure 1G and Figure 1—figure supplement 4). Within our search space, PPls identi-
fied by liquid-growth-based PPiSeq encompass 62% (1544 of 2476 PPls, PPV > 98.2% in
Tarassov et al., 2008, see Appendix 1 for differences between PPVs) of those identified by mDHFR-
PCA, but only 7% (925 of 13,259 PPIs) of those identified by other methods. In addition, PPiSeq
identified 34% of PPIs (1838 of 5347) that mDHFR-PCA had identified as likely to be PPIs (80% <
PPV < 98.2% in Tarassov et al., 2008) but had not called.

Further highlighting similarities to colony-based mDHFR-PCA, PPiSeq is enriched for PPIs within
and between membranous compartments (Figure 2A, blue box) and those involved in cell division
(purple box), and between related biological processes (Figure 2B, green box). By examining how
much PPls change across environments, we found that some cellular compartments and biological
processes were more likely to gain or lose PPls. For example, the number of PPls associated with
the chromosome are more variable (Figure 2A, orange triangles), as are those involved in transcrip-
tion (Figure 2B, black triangles), which is consistent with a role for PPl-level regulation of gene
expression. Also changing are PPIs involved in protein translation, RNA processing, and ribosome
regulation (Figure 2B, brown triangles), which could reflect a global regulation of ribosome produc-
tion rates in different growth or stress conditions (Brauer et al., 2008; Gasch et al., 2000). However,
some processes are less likely to change in PPl number, such as endocytosis, exocytosis, vacuolar
organization, and transport of amino acids, lipids, carbohydrates and endosomes.

A large dynamic accessory protein interactome

We partitioned PPIs by the number of environments in which they were identified and defined PPIs
at opposite ends of this spectrum as ‘'mutable’ PPIs (identified in only 1-3 environments) and ‘immu-
table’ PPls (identified in 8-9 environments). Mutable PPls far outnumbered immutable PPIs, with
PPIs identified in only one environment outnumbering all other PPls combined (Figure 3A and Fig-
ure 3—figure supplement 1). Immutable PPIs were likely to have been previously reported by col-
ony-based mDHFR-PCA or other methods, while the PPls found in the fewest environments were
not. One possible explanation for this observation is that previous PPl assays, which largely tested in
standard laboratory growth conditions, and variations thereof, are biased toward identification of
the least mutable PPIs. That is, since immutable PPIs are found in nearly all environments, they are
more readily observed in just one. However, another possible explanation is that, in our assay, muta-
ble PPIs are more likely to be false positives in environment(s) in which they are identified or false
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Figure 2. Functional enrichment of PPIs detected by PPiSeq. PPl enrichment (red) and variability (blue) across environments of gene ontology cellular
compartments (A) and biological processes (B). Red node size is the percent of interacting protein pairs (interaction density) observed for a given pair
of GO terms and the node color is the p-value of this percent over a random expectation. Blue node size and color are the variability (coefficient of
variation, CV) of interaction densities across nine environments tested. GO terms are hierarchically clustered by the interaction density (red dots). Boxes

Figure 2 continued on next page
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mark frequently interacting and invariable cellular compartments and biological processes involved in membrane transport and protein maturation
(blue and green) and cell division (purple). Barplots show the mean CV of interaction densities for each GO term across all other GO terms. Orange,
black and brown triangles highlight three different groups of related GO terms: chromosome, transcription, and translation, respectively.

negatives in environments in which they are not identified. To investigate this second possibility, we
first asked whether PPIs present in very few environments have lower fitnesses, as this might indicate
that they are closer to our limit of detection. We found no such pattern: mean fitnesses were roughly
consistent across PPIs found in 1 to 6 conditions, although they were elevated in PPIs found in 7-9
conditions (Figure 3—figure supplement 2A). To directly test the false-positive rate stemming from
pooled growth and barcode sequencing, we validated randomly selected PPIs within each mutability
bin by comparing their optical density growth trajectories against controls (Figure 3B). We found
that mutable PPIs did indeed have lower validation rates in the environment in which they were iden-
tified, yet putative false positives were limited to ~50%, and, within a bin, do not differ between PPIs
that have been previously identified and those that have been newly discovered by our assay (Fig-
ure 3—figure supplement 2B). We also note mutable PPls might be more sensitive to environmen-
tal differences between our large pooled PPiSeq assays and clonal 96-well validation assays,
indicating that differences in validation rates might be overstated. To test the false-negative rate, we
assayed PPIs identified in only SD by PPiSeq across all other environments by optical density growth
and found that PPIs can be assigned to additional environments (Figure 3—figure supplement 2C).
However, the number of additional environments in which a PPl was detected was generally low (2.5
on average), and the interaction signal in other environments was generally weaker than in SD (Fig-
ure 3—figure supplement 2D). To better estimate how the number of PPls changes with PPl muta-
bility, we used these optical density assays to model the validation rate as a function of the mean
PPiSeq fitness and the number of environments in which a PPI is detected. This accurate model
(Spearman’s r = 0.98 between predicted and observed, Figure 3—figure supplement 3) provided
confidence scores (predicted validation rates) for each PPl (Appendix 2 Table S5) and allowed us to
adjust the true positive PP| estimate in each mutability bin. Using this more conservative estimate,
we still found a preponderance of mutable PPIs (Figure 3—figure supplement 3D). Finally, we used
a pair of more conservative PPI calling procedures that either identified PPls with a low rate of false
positives across all environments (FPR <0.1%, see Materials and methods, Appendix 2 Table Sé) or
removed data from the most extreme environmental perturbation (16°C). Using these higher confi-
dence sets, we still found that mutable PPIs far outnumbered others in the multi-condition PPI net-
work (Figure 3—figure supplement 4).

We next examined if mutable PPls can be distinguished from less mutable PPIs in the PPl net-
work. We first asked whether proteins that participate in less or more mutable PPIs differed in their
connectivity (degree distribution) and found that proteins from less mutable PPls are more likely to
be and interact with hubs in the multi-environment PPI network (Figure 3—figure supplement 5A
and B). One possible explanation for these findings is that proteins in less mutable PPls form a
‘backbone’ in the PPl network and that proteins in more mutable PPls decorate this backbone. Alter-
natively, proteins that participate in less and more mutable PPIs may be forming distinct modules in
the protein interactome, with modules of less mutable PPls being more highly connected. To distin-
guish between these two possibilities, we calculated a mutability score for each protein based on
the variability in fitness measures across environments for PPls in which it participates, and compared
the mutability score of each protein against the mean mutability score of its neighbors
(Materials and methods, Figure 3—figure supplement 5C and D). We found that the neighbors of
proteins in less mutable PPIs tend to be in other PPIs with low mutability, suggesting that less muta-
ble PPIs are forming tight ‘core’ modules in the PPI network and that more mutable PPIs form a dis-
tinct ‘accessory’ module. To verify this, we applied three network community detection algorithms
to our multi-environment PPI network (Clauset et al., 2004; Pons and Latapy, 2005; Rosvall et al.,
2009). Each found three major communities that differed by the mean mutability score of their con-
stituents: two core modules composed with a greater proportion of highly connected (hub) proteins
with low or intermediate mutability scores, and an accessory module composed of less connected
proteins with high mutability scores (Figure 3C-E and Figure 3—figure supplement 6). Using gene
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Figure 3 continued on next page
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Figure 3 continued

form distinct modules in the network. PPIs that are detected in at least five environments (red edges) form two tight core modules. PPIs that are
detected in fewer than five environments (blue edges) form a less connected accessory module. Proteins in different modules are labeled with different
shapes and colors. The network uses an edge-weighted spring embedded layout. (D) Number of PPIs within and between each community. PPIs
detected in at least or fewer than five environments are shown in red and blue, respectively. The size of the square or circle is proportional to the
number of PPls. The number below each community is the number of proteins within each community. (E) Scatter plot of degrees and mutability scores
of proteins in each community.

The online version of this article includes the following figure supplement(s) for figure 3:

Figure supplement 1. PPIs across conditions.

Figure supplement 2. Validating PPIs.

Figure supplement 3. Predicting validation rates.

Figure supplement 4. Mutable PPls outnumber immutable PPls in higher confidence PPl networks.

Figure supplement 5. PPIs with a similar mutability are more likely to be connected.

Figure supplement 6. The multi-environment PPl network contains three major communities with different mutability scores.

ontology term enrichment analysis, we found that proteins in each module were enriched for differ-
ent cellular compartments. The less mutable core modules are associated with membranous com-
partments (low mutability) and the actin cytoskeleton (intermediate mutability), while the highly
mutable accessory module is associated with the chromosome (Figure 3E and Appendix 2 Table
S7).

Properties of mutable PPIs

Previous work has used patterns of mRNA co-expression to predict which hub proteins are likely to
participate in PPls that are mutable across environments (calling these proteins ‘date hubs’), and
found that they have several distinguishing features (Han et al., 2004). However, the robustness of
these conclusions has been vigorously debated (Agarwal et al., 2010, Batada et al., 2006;
Batada et al., 2007; Bertin et al., 2007; Yu et al., 2008). Here, because we have a direct measure
of the mutability of each PPl across environments, we are able to confidently validate or reject pre-
dictions made from co-expression data, in addition to testing new hypotheses.

We first asked whether co-expression is indeed a predictor of PPl mutability and found that it is:
co-expression mutual rank (which is inversely proportional to co-expression across thousands of
microarray experiments) declined with PPl mutability (Figure 4A and Figure 4—figure supplement
1, Obayashi and Kinoshita, 2009; Obayashi et al., 2019). Confirming a second prediction from co-
expression data, we found that proteins from less mutable PPls are more likely to co-localize to the
same cellular compartment in standard laboratory conditions than those from more mutable PPls
(Chong et al., 2015), suggesting localization changes drive some changes (Figure 4B; Levy et al.,
2014; Rochette et al., 2014). Both the co-expression and co-localization patterns were also appar-
ent in our higher confidence PPI sets (Figure 4—figure supplements 2A, B, 3A and B), indicating
that they are not caused by different false positive rates between the mutability bins.

We next asked what features from existing genome-wide data sets correlate with proteins that
are involved in less or more mutable PPls. We binned proteins by their PPl degree, and, within each
bin, determined the correlation between the mutability score and another gene feature (Figure 4C
and Figure 4—figure supplement 4, Appendix 2 Table S8) (Costanzo et al., 2016; Finn et al.,
2014; Gavin et al., 2006; Holstege et al., 1998; Krogan et al., 2006; Levy and Siegal, 2008;
Myers et al., 2006, Newman et al., 2006; Ostlund et al., 2010; Rice et al., 2000; Stark et al.,
2011; Wapinski et al., 2007; Ward et al., 2004; Yang, 2007; Yu et al., 2008). These correlations
were also calculated using our higher confidence PPI sets, confirming results from the full data set
(Figure 4—figure supplements 2C, D, 3C and D). We found that mutable hubs (>15 PPIs) have
more genetic interactions, in agreement with predictions from co-expression data (Bertin et al.,
2007; Han et al., 2004), and that their deletion tends to cause larger fitness defects. However, these
two correlations were weaker or not seen with non-hub proteins. Contradicting predictions from co-
expression data, we did not find that mutable hubs are more quickly evolving, as measured by dN/
dS (Costanzo et al., 2016; Yang, 2007), but that non-hub proteins (the vast majority of mutable
PPIs) are. In addition, we found that proteins that participate in mutable PPIs tend to have lower

Liu et al. eLife 2020;9:62365. DOI: https://doi.org/10.7554/eLife.62365 8 of 37


https://doi.org/10.7554/eLife.62365

e Llfe Research article

Computational and Systems Biology

A

2000 3000 4000 5000

Co-expression mutual rank

1000

1 2 3 4 5 6 7 8 9
Environments in which

a PPl is observed

O

0.2 0.3

Pearson’s r between PPiSeq fitness and
mean protein abundance
0.1

0.0

Percent colocalized

100

90

Gene Ontology

Fluorescence

Heterodimer signal, Sy 5

4 6 8

Environments in which

0.5

0.4

0.3

0.2

0.1

0.0

a PPl is observed

Pearson’s r = 0.0701

dN/dS o
—
=
Protein disorder T
—
—
Number of complexes HE—
—

—

Deletion fitness defect =
—
—
Genetic interaction degree ||
—
—
Expression level |_-
|_| PPI degree

M o4
Protein abundance = 5-14

B 15+

0.4 -0.2 0.0 0.2 0.4

Correlation with the mutability score

Pearson’s r = 0.956

Erv25 x Shr3

X

Akr1 x Any1

“

Percent of heterodimers explained

by the mass action kinetics model

20% 30% 40%

10%

0%

1 2 3 4 5 6 7 8 9
Environments in which a PPl is observed

0.6

32/75

28/76
23/65

28/93

@)
25/122
o
25/161

18/78 22/95

@
20/447

1 2 3 4 5 6 7 8 9
Environments in which a PPl is observed

07 08 09 10 02 03 04 05
Heterodimer signal expected from \/S4 4 Sgp

0.6

Environment
e 16°C
® Doxorubicin
o FK506
e Forskolin
® H0:
Hydroxyurea
® NaCl
Raffinose
® SD
Heterodimer PPl is
® Positive

X Negative

Figure 4. Properties of mutable and less mutable PPIs. (A) The co-expression mutual rank for PPls binned by the number of environments in which the
PPl is detected. A higher mutual rank means worse co-expression. Notches are the 95% confidence interval for the median, hinges correspond to the
first and third quartiles, and whiskers extend 1.5 times the interquartile range. (B) The percent of protein pairs that have been found colocalized by
gene ontology (GO Slim, dashed line) and fluorescence (solid line) (Chong et al., 2015). (C) Spearman correlation between the PPl mutability score and
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other gene features, binned a gene’s PPI degree. In (B) and (C), the error bars are the standard deviation from 1000 bootstrapped data sets. (D)
Pearson correlation between a PPI's fitness and geometric mean abundance of two interacting proteins in Ho et al., 2018, binned by the number of
environments in which a PPl is detected. (E) Examples of non-significant (Erv25 x Shr3) and significant (Akr1 x Any1) predictions. Observed heterodimer
fitness (Sap) is plotted against the expectation based on the geometric mean of the two constituent homodimer fitnesses (Saa and Sgg). (F) Percent of
heterodimers whose fitness changes can be significantly predicted by the geometric mean of the two constituent homodimers, binned by the number
of environments in which a PPl is observed.

The online version of this article includes the following figure supplement(s) for figure 4:

Figure supplement 1. The co-expression mutual rank for PPls detected in each condition binned by the number of environments in which the PPl is

detected.

Figure supplement 2. Mutable PPIs and their properties for higher confidence PPI calls.
Figure supplement 3. Mutable PPls and their properties, excluding the 16°C condition.

Figure supplement 4. Spearman correlation between the protein’s mutability score and other gene features.
Figure supplement 5. Proteins that participate in multiple complexes are distributed over a wide range of complexes.
Figure supplement 6. Exploring the relationship of protein abundance, PPl abundance, and PPl mutability.

mRNA and protein expression levels than those in less mutable PPls (Holstege et al., 1998;
Newman et al., 2006), perhaps because highly abundant proteins are more difficult to post-transla-
tionally regulate. As might be expected, we also found that mutable hubs, but not non-hubs, are
more likely to participate in multiple protein complexes than less mutable proteins (Figure 4—figure
supplement 5; Costanzo et al., 2016). Finally, confirming another prediction from co-expression
data (Singh et al., 2007), we found that proteins in mutable PPls are more likely to contain intrinsi-
cally disordered regions, suggesting that they may adopt different conformations in some environ-
ments or intracellular contexts to promote a PPI. Taken together, these correlations largely confirm
predictions from co-expression data, but highlight differences between hub and non-hub proteins in
the core and accessory PPl networks.

Given the above results, we suspected that changes in mutable PPls may be more likely to be
driven by post-translational regulation than protein abundance changes (Taylor et al., 2009). We
first tested if the relationship between protein abundance and PPI abundance changes with PPI
mutability. For each PPIl, we compared our estimated PPl abundance in standard rich media (fitness
in SD) to a meta-analysis estimate of mean protein abundance of each protein pair (Ho et al., 2018).
These two measures correlate weakly (Pearson’s r = 0.16, Figure 4—figure supplement 6A). How-
ever, when binned by PPl mutability, we find that less mutable PPls are more strongly correlated
than highly mutable PPIs (Figure 4D). Second, we asked if quantitative changes in PPl abundance
across conditions are better predicted by changes in protein abundance for less mutable PPIs. Using
homodimer PPl abundance estimates (fitnesses) as a proxy for protein abundance (Stynen et al.,
2018) in a mass-action kinetics model (Materials and methods), we used linear regression to test if
changes in the estimated abundance of a set of PPIs (1212 heterodimers) are explained by our proxy
measure of the constituent protein abundances (180 homodimers). We find that some heterodimers
fit this simple model well (Figure 4E, right), while others fit poorly (Figure 4E, left), with 19% of het-
erodimers explained by the model (Figure 4—figure supplement 6B, Materials and methods). We
next used logistic regression to determine what features may underlie a good or poor fit to the
model (Figure 4—figure supplement 6C) and found that PPl mutability was the best predictor, with
more mutable PPls being less frequently explained (Figure 4F). Unexpectedly, mean protein abun-
dance was the second best predictor, with high abundance predicting a poor fit to the model, par-
ticularly for less mutable PPIs (Figure 4—figure supplement 6D and E). Taken together, these data
suggest that mutable PPls are subject to more post-translational regulation across environments and
that high basal protein abundance may saturate the binding sites of their partners, limiting the ability
of gene expression changes to regulate PPIs.

Rewiring of the glucose transporter network

We have shown above that most protein network rewiring occurs within a dynamic accessory module
and that changes in the module are more likely to reflect condition-specific protein localization,
binding, or other mechanisms, rather than by changes in protein abundance. To explore whether
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Figure 5. Carbohydrate transport network rewiring as captured by PPiSeq. (A) Heatmap of abundances (fitnesses) of PPls involved in carbohydrate
transport across different environments. (B) Boxplots of fitnesses of PPls involving Hxt proteins in SD, Raffinose and NaCl environments. The bottom of
each box, the line drawn in the box, and the top of the box represent the 1st, 2nd, and 3rd quartiles, respectively. The whiskers extend to +1.5 times
the interquartile range. (C) Circular network plots of PPls containing Hxt proteins in SD, Raffinose, and NaCl environments. Nodes are proteins and
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colors are as in (A). Node size is proportional to its degree in the multi-environment PPl network. Edge width is proportional to abundance in each
environment. (D) Scatter plot of fitness changes relative to SD as measured by PPiSeq and clonal growth dynamics for randomly chosen carbohydrate-
transport PPls in Raffinose (80 PPIs) and NaCl (30 PPIs).

coordinated changes are also occurring in the core module and what drives these changes, we
examined how core PPls involved in carbohydrate transport change across environments
(Figure 5A). Glucose is transported into the cell using membrane-spanning hexose transporters
(HXT genes) (Boles and Hollenberg, 1997, Kruckeberg, 1996; Ozcan and Johnston, 1999). The
major Hxt transporters can be divided by their extracellular glucose binding into low affinity (Hxt1,
Hxt3), moderate affinity (Hxt5), and high affinity (Hxt2, Hxt4, Hxt6, Hxt7) (Ozcan and Johnston,
1995; Reifenberger et al., 1995; Verwaal et al., 2002), two of which were excluded from our
screen (Hxt4, Hxté). For PPls involving at least one HXT gene product, we found that there were
only minor differences in PPl abundance between most environments that contained glucose as their
sugar source. However, several environments showed marked differences (NaCl, 16°C, Doxorubicin,
Raffinose), presumably reflecting how transport is altered in these environments. We examined
changes in the Raffinose (low glucose [Ozcan and Johnston, 1999]) and NaCl (high glucose, osmotic
stress [Verwaal et al., 2002]) environments more closely by plotting a carbohydrate transport sub-
network in each environment (Figure 5B and C) and validating differences using optical density
growth trajectories of 90 randomly chosen PPIs (Figure 5D). Most Hxt PPls that were detectable in
SD were lost in the low-glucose Raffinose environment. However, Hxt5, the only glucose transporter
expressed during the stationary phase (Verwaal et al., 2002; Wu et al., 2004), maintained most of
its PPIs (Figure 5B and C). Surprisingly, the high-affinity glucose transporter Hxt7, whose mRNA and
protein expression has been reported to increase in Raffinose (Lai et al., 2007, Ye et al., 2001), lost
most of its PPls, suggesting other factors such as protein endocytosis or degradation could be
important to regulating its activity over our growth cycles (Ye et al., 2001). In NaCl, fewer PPls were
detectable than in SD, but some PPls, especially those involving Hxt5 increased in relative

11000 Ju i m o o o R
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Figure 6. The estimated number of true PPls discovered by PPiSeq using repeated sampling of data in permuted
orders of environment addition. Boxplots summarize the distribution of the number of unique PPIs across
permutations. The bottom of each box, the line drawn in the box, and the top of the box represent the 1st, 2nd,
and 3rd quartiles, respectively. The whiskers extend to £1.5 times the interquartile range. Overlayed solid red lines
and dashed red lines are the Kindt exact accumulation curves and the bootstrap estimators of the total number of
unigue PPls across infinite environments for each simulation, respectively.
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abundance (Figure 5B and C). Previous work has found that HXT5 expression increases during salt
stress (Verwaal et al., 2002), suggesting the change in Hxt5 PPIs may be a direct consequence of
its change in abundance. Taken together and consistent with mechanisms of core network regulation
described above, these results suggest that the changes in the glucose transport subnetwork are
mainly driven by changes in protein expression (Celaj et al., 2017).

Size of the pan-environment protein interactome

The yeast protein interactome has been previously estimated to contain 37,600 to 75,500 detectable
interactions in standard growth conditions (Hart et al., 2006; Sambourg and Thierry-Mieg, 2010).
We have shown here that much of the PPl network is rewired across conditions (Figure 3A), suggest-
ing that the pan-environment PPl network is likely to be larger than these projections. To estimate
how many PPIs remain to be discovered within our search space (~9% of protein pairs), we con-
structed several hypothetical PPI-by-environment observation matrices by randomly assigning a PPI
observation at a rate proportional to its confidence score within an environment
(Materials and methods, Appendix 2 Table S5). We then plotted PPl accumulation curves across per-
muted orders of environment addition (Oksanen et al., 2019) and found that the number of
observed PPIs is beginning to approach saturation, with fewer PPIs accumulating with the addition
of each new environment (Figure 6). Borrowing a species richness estimator from ecology
(Oksanen et al., 2019), we estimate that there are ~10,840 true interactions within our search space
across all environments, ~3 fold more than are detected in SD (note difference to Figure 3, which
counts observed PPIs). This analysis shows that the number of PPIs present across all environments is
much larger than the number observed in a single condition, but that it is feasible to discover most
of these new PPIs by sampling a limited number of conditions.

Discussion

We developed a massively parallel quantitative PPl assay to characterize how the yeast protein inter-
actome changes across conditions. We found a large, previously undersampled accessory protein
interactome that changes across conditions and is enriched for proteins involved in transcription,
RNA processing, and translation. Mutable PPls are less likely to co-express, co-localize, and be
explained by simple mass action kinetics, and more likely to contain intrinsically disordered regions,
evolve quickly, and be of low abundance in standard conditions. Taken together, these results sug-
gest that major rewiring within the protein interactome is driven to a larger extent by post-transla-
tional regulation, with protein abundance changes being more likely to tune levels of relatively
immutable PPls in the core interactome.

Results presented here and elsewhere (Huttlin et al., 2020) suggest that PPls discovered under a
single condition or cell type are a small subset of the full protein interactome emergent from a
genome. We sampled nine diverse environments and found approximately threefold more interac-
tions than in a single environment. However, the discovery of new PPls began to saturate, indicating
that most condition-specific PPIs can be captured in a limited number of conditions. Testing in many
more conditions and with PPl assays orthogonal to PPiSeq will undoubtedly identify new PPIls, how-
ever a more important outcome could be the identification of coordinated network changes across
conditions. Using a test set of ~1.6 million (of ~18 million) protein pairs across nine environments, we
find that specific parts of the protein interactome are relatively stable (core modules) while others
frequently change across environments (accessory modules). However, two important caveats of our
study must be recognized before extrapolating these results to the entire protein interactome across
all environment space. First, we tested for interactions between a biased set of proteins that have
previously been found to participate in at least one PPl as measured by mDHFR-PCA under standard
growth conditions (Tarassov et al., 2008). Thus, proteins that are not expressed under standard
growth conditions are excluded from our study, as are PPIs that are not detectable by mDHFR-PCA
or PPiSeq. It is possible that a comprehensive screen using multiple orthogonal PPl assays would
alter our observations related to the relative dynamics of different regions of the protein interactome
and the features of mutable and immutable PPls. Second, we tested a limited number of environ-
mental perturbations under similar growth conditions (batch liquid growth). It is possible that more
extreme environmental shifts (e.g. growth as a colony, anareobic growth, pseudohyphal growth)
would introduce new accessory modules or alter the mutability of the PPIs we detect. Nevertheless,
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results presented here provide a new mechanistic view of how the cell changes in response to envi-
ronmental challenges, building on the previous work that describes coordinated responses in the
transcriptome (Brauer et al., 2008, Gasch et al., 2000) and proteome (Breker et al., 2013;
Chong et al., 2015).

We have shown that our iSeq platform is capable of building libraries that exceed one billion
interactions (Liu et al., 2019; Schlecht et al., 2017), making it feasible to expand assay coverage to
an entire protein interactome. While we used reconstruction of C-terminal-attached mDHFR frag-
ments as a reporter for PP| abundance, similar massively parallel assays could be constructed with
different PCA reporters or tagging configurations to validate our observations and overcome false
negatives that are specific to our reporter. Indeed, the recent development of ‘swap tag’ libraries,
where new markers can be inserted C- or N-terminal to most genes (Weill et al., 2018; Yofe et al.,
2016), in combination with our iSeq double barcoder collection (Liu et al., 2019), makes extension
of our approach eminently feasible.

Our assay detected subtle fitness differences across environments (Figure 3—figure supplement
1B and C), which we used as a rough estimate for changes in relative PPl abundance. While it would
be tempting to use fitness as a direct readout of absolute PPl abundance within a cell, non-linearities
between fitness and PPl abundance may be common and PPl dependent. For example, the relative
contribution of a reconstructed mDHFR molecule to fitness might diminish at high PPl abundances
(saturation effects) and fitness differences between PPls may be caused, in part, by differences in
how accessible a reconstructed mDHFR molecule is to substrate. In addition, environmental shifts
might impact cell growth rate, initiate a stress response, or result in other unpredictable cell effects
that impact the selective pressure of methotrexate and thereby fitness (Figure 1—figure supple-
ments 2, 3 and 5). Finally, our assays were performed across cycles of batch growth meaning that
changes in PPl abundance across a growth cycle (e.g. lag, exponential growth, saturation) are coarse
grained into one measurement. While this method potentially increases our chance of discovering a
diverse set of PPIs, it might have an unpredictable impact on the relationship between fitness and
PPl abundance (Li et al., 2018). To overcome these issues, strains containing natural or synthetic
PPIs with known abundances and intracellular localizations could be spiked into cell pools to cali-
brate the relationship between fitness and PP| abundance in each environment. In addition, continu-
ous culturing systems may be useful for refining precision of growth-based assays such as ours.

PPIs have often been reported as a qualitative presence or absence of a PPI, but the propensity
of two proteins expressed in the same cell to form a complex is a continuum. For some analyses in
this work, we use qualitative statistical calls to identify ‘positive’ PPls, but our approach preserves
and analyzes a quantitative signal for each PPI. Quantitative assays presented here and elsewhere
(Celaj et al., 2017; Diss and Lehner, 2018; Rochette et al., 2014; Schlecht et al., 2012,
Schlecht et al., 2017) hold promise to shift the paradigm of high-throughput PPI assays from PPI
detection to in vivo PPl characterization. This will require novel analyses to re-conceptualize the PPI
network as a continuum of interaction probabilities that are dependent not only on changes in pro-
tein abundance, but also on post-translational modifications, intracellular localization, steric effects,
and competitive binding (Stynen et al., 2018). One important goal would be to estimate an in vivo
‘functional binding affinity’ for each PPl — an important analog to in vitro binding affinity that
reports how PPl abundance scales with the abundance of its constituent proteins (Kastritis and Bon-
vin, 2013). Here, we use homodimer abundance as a proxy for protein abundance. However,
genome-wide mRNA abundance measures could be used as a proxy for protein abundance or pro-
tein abundance could be measured directly in the same pool (Levy et al., 2014) by, for example,
attaching a full length mDHFR to each gene using ‘swap tag’ libraries mentioned above (Weill et al.,
2018; Yofe et al., 2016). Changes in the functional affinity across environments would point to other
mechanisms of in vivo regulation that could be dissected in high-throughput by combining PPiSeq
with mutagenesis of interacting proteins or trans-acting factors (Diss and Lehner, 2018).
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PPiSeq library construction
Construction of diploid PPiSeq library

A interactome-scale protein-fragment complementation assay (PCA) screen (Tarassov et al., 2008),
found 2770 PPIs with a positive predictive value (PPV) of 98.2%. In this study, MATa bait (F[1,2],
1757 strains) and MATa prey (F[3], 1135 strains) PCA strains that participated in a PPl with > 80%
PPV (~10,000 PPIs) in Tarassov et al., 2008 were selected for barcoding. Each strain was barcoded
in duplicate, pooled with strains of the same mating type, and mated to opposite mating type
strains as part of a pool to generate ~4 double barcoded strains per PPI. Strains lost at each stage
of this process are detailed in Supplementary file 1. The final diploid PPiSeq pool contained ~6 mil-
lion double barcodes, representing ~1.6 million protein pairs. Controls added to this pool are dis-
cussed later.

Construction of haploid PPiseq libraries

Haploid PCA strains were picked from Yeast-Interactome Collection (Dharmacon, YSC5849) using
the ROTOR HDA (SINGER instruments) and mated as arrays to the double barcoder collection on
YPD agar plates (Liu et al., 2019). Following a 24 hr incubation at 30°C, diploids were selected by
replicating colonies onto YPD + Nat + G418 plates (bait-F[1,2]) or YPD + Hyg + G418 plates (prey-F
[3]) and incubating at 30°C for 48 hr. Selected diploids were replicated onto the sporulation plates
(Baryshnikova et al., 2010), sealed with parafilm, and incubated at room temperature for a week.
Sporulated bait-F[1,2] diploids were replicated onto SC - Met - Lys - Cys - Arg - His + Canavanine +
G418 + Nat plates and incubated at 30°C for 96 hr to select MATa barcoded bait (F[1,2]) strains.
Sporulated prey-F[3] diploids were replicated onto SC - Met - Lys - Cys - Arg - Leu + Canavanine +
G418 + Hyg plates and incubated at 30°C for a week to select for MATa barcoded prey (F[3]) strains.
To further purify barcoded haploids, they were replicated again onto the same selection plates and
incubated at 30°C for another 48 hr. Purified haploids were stored at -80°C in 384-well plates.

Generation of the diploid PPiSeq library by bulk mating

Frozen barcoded F[1,2] and F[3] strains were thawed and replicated into 384-well plates with SC -
Met - Lys - Cys - Arg - His + Canavanine + G418 + Nat and SC - Met - Lys - Cys - Arg - Leu + Cana-
vanine + G418 + Hyg liquid media, respectively. The cells were grown to saturation at 30°C for
96 hr. All F[1,2] and F[3] clones were pooled by pipetting, resulting in 2.13 X 10" and 3.36 X 10"
cells, respectively. F[1,2] and F[3] pools were each transferred to independent flasks of 1 L YPD +
G418 liquid media and grown at 30°C for 24 hr. The two cell pools were mixed (2 L, 5.36 X 10"
cells), pelleted, resuspended in 50 mL water, plated onto 46 YPD plates at a density of ~1.15 X 10'°
cells per plate, and incubated for 24 hr at 30°C to mate. All cells were scraped from YPD plates and
pooled in ~250 mL of water. The number of cells in the pool was counted (7 X 10" cells) and all cells
were plated onto 265 YPD + Nat + Hyg + G418 plates at equal cell densities (~2.5 X 107 cells per
plate). Cells were incubated at 30°C for 48-h and then replica plated onto another 265 YPD + Nat +
Hyg + G418 plates. After another 48 hr incubation at 30°C, cells were scraped from the 265 plates
and pooled in ~1.3 L of water. All cells (~1.67 X 10'?) were spun down at 1500 g, resuspended with
8.5 L YP + 2% galactose liquid media, and grown at 30°C for 48 hr. Cells were counted (~2.88 X
10"?) and ~44.4% of cells were transferred into 16 L SC-Ura liquid media, and incubated for 72 hr at
30°C. Cells were 1:10 diluted into another 16 L SC-Ura liquid media and grown for another 48-h.
Finally, all the cells were collected to form the pooled diploid PPiSeq library.

Construction of barcoded DHFR-fragment control strains

Overview

Bait or prey PCA constructs that nonspecifically bind to other tagged proteins will result in false pos-
itive interactions calls. To screen for these promiscuous constructs (Tarassov et al., 2008), we con-
structed barcoded strains that constitutively express one of four unlinked DHFR fragments under the
TEF1 promoter at the HO locus: linker-F[1,2], F[1,2], linker-F[3], and F[3], where the linker codes for a
10 amino acid (Gly.Gly.Gly.Gly.Ser), flexible polypeptide. These strains were mated to the haploid
PPiSeq libraries to generate diploid DHFR-fragment control (ORF x Null) strains. ORF x Null control
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strains were spiked into the final diploid PPiSeq library. Identification and removal of promiscuous
bait or prey constructs because of interactions with DHFR-fragment controls is described in Appen-
dix 1.

Construction and barcoding haploid strains that express DHFR fragments
The linker-DHFR[1,2]-NatMx and DHFR[1,2]-NatMX fragments were cloned from the plasmid pAG25
linker-DHFR[1,2]-NatMX (Tarassov et al., 2008) with primers 0SL368 and oSL373, and oSL369 and
oSL373, respectively (Supplementary file 2). Similarly, the linker-DHFR[3]-HygMx and DHFR[3]-
HygMX fragments were cloned from the plasmid pAG32 linker-DHFR[3]-HygMX (Tarassov et al.,
2008) with primers 0oSL368 and 0SL373, and oSL370 and oSL373, respectively. These primers add
BamHI and Xhol restriction sites on either end of each amplicon. BamHI and Xhol restriction sites
were used to subclone amplicons downstream of the TEF1pr sequence in the pS413 TEF1pr-His3
plasmid. These plasmids were used as a PCR template to construct homologous recombination cas-
settes for integration at the HO locus. PCR was carried out using primers 0oSL378 and 0SL379, which
add 40-nucleotides of homology to the HO locus to either end of the aplicons. Amplicons were inte-
grated into the HO locus of BY4741 (MATo, his3A1, leu2A0, met15A0, ura3A0) or BY4742 (MATo,
his3A1, leu2A0, lys2A0, ura3A0) using standard lithium acetate transformation and selected on YPD
+ Nat or YPD + Hyg, respectively. Each of these strains was barcoded twice, as described above,
resulting in strains ySL235-241 (Supplementary file 3).

Bulk mating of barcoded DHFR-fragment control strains with haploid

PPiSeq libraries

Pooled F[1,2] and F[3] haploid PPiSeq libraries were constructed as described above. Approximately
1.5 x 107 cells of the pooled MATa PPiSeq library (~2x10"° cells) and ~1.5x 10 cells of the pooled
MATa PPiseq library (~3x10"° cells) were inoculated into 75 mL YPD + Nat + G418 and 75 mL YPD
+ Hyg + G418 liquid media, respectively, and grown for 16 hr. Meanwhile, barcoded MATa and
MAT«a fragment control strains were each inoculated into 3 mL YPD + Nat + G418 or YPD + Hyg +
G418 liquid media, respectively, and grown for 24 hr. 1 mL of each of the four barcoded MATa frag-
ment control strains (ySL235-238) was added to 80 mL YPD + Nat + G418 liquid media and grown
for 16 hr. Similarly, 1 mL of each of the four barcoded MAT«a fragment control strains (ySL239-242)
was added to 80 mL YPD + Hyg + G418 liquid media and grown for 16 hr. These fragment control
strain libraries were each mixed with the corresponding haploid PPiSeq library at equal cell numbers
to yield mating pools of 2 x 10'° cells. Mating pools were pelleted, resuspended in water and
plated on two YPD plates at a density of 10'° cells/plate. Cells on mating plates were incubated for
24 hr at 30°C, scraped and pooled in water (~3.6x10"° cells). Cells were plated onto 10 YPD + Nat +
Hyg + G418 plates at equal cell densities, incubated for 48 hr at 30°C, and replica plated onto
another 10 YPD + Nat + Hyg + G418 plates. After another 48 hr incubation at 30°C, cells were
scraped, pooled in water, counted (~6x10"° for each mating), spun down, transferred to 350 mL YP
+ Galactose liquid media, and grown for 24 hr at 30°C. Next, 120 mL cells from each mated pool
were transferred into 1 L SC - Ura liquid media and incubated for 48 hr at 30°C. Cells from each pool
were diluted 1:10 into another 1 L of SC - Ura liquid media and grown for another 48 hr. The two
polls were mixed at a ratio such that the final pool contains ~2000 copies of each genotype.

Adding spike-in controls to the diploid PPiSeq library

We spiked-in several different barcoded control strains into the diploid PPiSeq library at various fre-
quencies to aid in the downstream data analysis (Supplementary file 4). In addition to DHFR-frag-
ment controls developed here, several other previously developed controls were spiked-in: 10
positive control strains containing a full length of mMDHFR (DHFR+), 100 negative control strains lack-
ing a mMDHFR (DHFR-), a set of 70 likely protein-protein interaction pairs (positive reference set or
PRS) (Liu et al., 2019; Yu et al., 2008), and a set of 67 random pairs (random reference set or RRS)
(Liu et al., 2019; Yu et al., 2008). After mixing, the pool of 1.5 x 10"" cells was centrifuged, washed
with SC-Ura liquid media, transferred into 6 L SC-Ura liquid media, and grown at 30°C for 24 hr to
form the final PPiSeq library.
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Cell growth

The final PPiSeq library was grown in serial batch culture in 14 environments with 0.5 pg/mL metho-
trexate, 9 of which were used for PPl detection (Supplementary file 5, see below for a discussion
why some environments could not be used). The PPiSeq library was grown in the SD environment
twice, with replicates being performed in different labs and at different times (Figure 1F). For each
environment, ~7.4x 107 of frozen cells were inoculated into 1.2 L mediaina 2 L Delong flask (Bellco).
The cells were grown for a total of 21 generations, bottlenecking 1:8 every 48 hr (~3 generations
between transfers). Bottlenecks were performed by pelleting 150 mL of the evolution and then trans-
ferring the pellet into 1.2 L of fresh media. At each bottleneck, the cell concentration was measured
to estimate the number of generations that passed. The ~1.05 L of cells remaining after bottleneck-
ing was centrifuged, resuspended in water (~1x10° cells/mL) and then stored in —20 °C for down-
stream processing.

The methotrexate concentration chosen (0.5 ug/mL) was previously determined to cause a ~30%
fitness deficit for cells that lack DHFR in SD (Schlecht et al., 2017). Prior to barcode sequencing, we
assessed whether this methotrexate concentration causes a similar fitness deficit in the other envi-
ronments by monitoring growth of cells that lack DHFR (DHFR- control stains) in that environment
with or without the addition of methotrexate (Figure 1—figure supplement 5). To our surprise, the
fitness cost of 0.5 ng/mL methotrexate varied considerably between environments, with some envi-
ronments showing similar growth curves of the DHFR- cells in the presence and absence of metho-
trexate. Because our ability to detect PPls depends on methotrexate exerting a large fitness cost in
the absence of any DHFR molecules, five environments with small fitness costs were not processed
further. In future studies, we recommend first tuning the methotrexate concentration in each envi-
ronment so that all environments cause a similar fitness deficit.

Barcode sequencing

Genomic DNA was extracted using the MasterPure Yeast DNA purification Kit (epicentre) with modi-
fications, as described (Schlecht et al., 2017). Double barcodes were then amplified using a two-
step PCR protocol (Levy et al., 2015; Liu et al., 2019). First, a four-cycle PCR was performed with
OneTaq polymerase (New England Biolabs) in 200 reactions (125 pL/reaction), with 500 ng of geno-
mic DNA template per reaction (~500 copies per double barcode total). Primers for this reaction fol-
low this format:

Forward:
ACACTCTTTCCCTACACGACGCTCTTCCGATCTNNNNNNNNXXXXXTTAATATGGAC
TAAAGGAGGCTTTT

Reverse:
CTCGGCATTCCTGCTGAACCGCTCTTCCGATCTNNNNNNNNXXXXXXXXXTCGAATTCAAGC
TTAGATCTGATA.

The Ns in these sequences correspond to any random nucleotide and are used as Unique Molecu-
lar Identifiers (UMlIs) in the downstream analysis to remove skew in the counts caused by PCR jack-
potting. The Xs correspond to a one of several multiplexing tags, which allows different samples to
be distinguished when loaded on the same sequencing flow cell. The complete list of all primers
used here are in Appendix 2 Table S3 of Liu et al., 2019. The PCR products were pooled and puri-
fied with NucleoSpin Gel and PCR Clean-up columns (Macherey-Nagel) at 20 reactions per column.
A second 22-cycle PCR was performed with PrimeSTAR HS polymerase (Takara) in 20 X125 L reac-
tions. For each reaction, 30 puL of purified product from the previous PCR was used as template, and
primers were standard lllumina paired-end ligation primers (pE1 and pE2 [Liu et al., 2019]). PCR
products were pooled and purified by NucleoSpin Gel and PCR Clean-up columns (Macherey-Nagel)
at five reactions per column. Amplicons were further purified by agarose gel electrophoresis.
Because barcode amplicons may form heteroduplex DNA, with a different electrophoretic mobility,
the complex PCR product typically formed a smear with apparent sizes between 400 bp and 3 kb.
To prevent biases that may be caused by differences between barcodes in the propensity to form
heteroduplex molecules, we cut out an agarose chunk that spanned this entire smear and used this
for sequencing. Purified amplicons were quantified by Qubit fluorometry (Life Technologies,
Q32854), pooled, and pair-end sequenced on lllumina Hiseq 4000 with 25% balanced DNA spike-in.
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Barcode sequencing analysis

Barcode counting

Barcode reads were processed with custom written software in Python, as described (Levy et al.,
2015; Schlecht et al., 2017), with modifications (available in Github https://github.com/sashaflevy/
PPiSeq). Briefly, sequences were first sorted by their multiplexing tags, and then parsed to isolate
the two barcodes (26 base pairs each) and two UMlIs (eight base pairs each). Barcode reads were
removed if they failed to pass any of three quality filters: (1) The average lllumina quality score for
both barcode regions must be greater than 30, (2) the first barcode must match the regular expres-
sion:  "\D*?((ACC|T.CC|TA.C|TAC.\D{4,7}?7AA\D{4,7}?TT\D{4,7}?TT\D{4,7}?( TAAJA.AA|AT.A|ATA.)
\D*', (3) the second barcode must match the regular expression: \D*?(.ACC|T.CC|TA.C|TAC.\D
{4,7}?AA\D{4,7}?AA\D{4,71?TT\D{4,7}?(. TAC|T.AC|TT.C|TTA.\D*". Each barcode (of 2) was indepen-
dently clustered with Bartender (default settings except z = —1) (Zhao et al., 2018). Bartender clus-
ter centroids (with associated read indices) were matched to the known barcode sequences
(Liu et al., 2019) if they were less than two mismatches away (Levenshtein distance). These matches
provided a list of all read indices for a particular known barcode. The read indices for all unique dou-
ble barcodes were identified, and the number of unique UMI combinations at these indices was
used as the ultimate count for each double barcode. For all time points and conditions, the average
double barcode read count was greater than 30.

Correction for putative PCR chimeras

PCR chimeras are two barcodes that stem from two different templates that are merged during PCR
or sequencing (Jaffe et al., 2019; Schlecht et al., 2017; Sinha et al., 2017). PCR chimeras are most
easily detected by the presence of an erroneous double barcode (that is not in the pool) made from
two single barcodes that are in the pool, but paired with other barcodes. However, PCR chimeras
can also inflate counts of double barcodes that are in the pool. We have previously found that the
number of PCR chimeras for a barcode pair (BC1-BC2) scales linearly with the product of the total
count of each constituent barcode in the pool across all double barcodes (BC1*BC2)
(Schlecht et al., 2017). This linear relationship can vary subtlety from sample to sample. To deter-
mine the relationship for each sample, we therefore fit a line (using the Im() function in R) for each
BC1-BC2 combination that did exist in the experimental pool at each time point in each environ-
ment. This line was used to estimate the expected number of PCR chimeras for each BC1-BC2 com-
bination that did exist in the pool. The expected number of PCR chimeras was subtracted from the
observed BC1-BC2 read count to generate a corrected read count.

Fitness estimation

Fitness of each double barcode was estimated by likelihood maximization using Fit-Seq (default set-
tings) (Li et al., 2018). Some double barcodes were present in the pool at low or undetectable fre-
quencies, making fitness estimation unreliable. Prior to performing Fit-Seq, we therefore merged all
lineages that were likely to result in a poor fitness estimate into a single large lineage. If a lineage
met any of the following criteria, it was merged: (1) it contains less than three times points with a
read count greater than zero, (2) it has no time point with greater than four reads, or (3) it has less
than 10 reads across all time points. In all environments, the merged lineage trajectory was similar to
negative control lineages, indicating that merged lineages are likely to be negative for PPIs. To
remove poor fitness estimates that were not initially merged, we calculated the difference (d)
between the observed trajectory and the predicted trajectory (from Fit-Seq) given the estimated
fitness:

d— Predicted count; — Observed count; 2
B Observed count;

where i is the generation number.
We defined lineages with poor fitness estimates as those with d >= 19 and removed them from
downstream analyses.
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Identification of PPIs

In each environment and for each protein pair, we calculated a mean fitness value () and a p-value
(p) against negative controls from its replicate fitness measurements. We called PPls using a combi-
nation of f and p by using a dynamic threshold that rendered the best balance between precision
and recall, as assessed using reference sets constructed from the BioGRID database. We removed
PPIs containing ‘promiscuous proteins’ by identifying proteins that interact with untethered mDHFR
fragment controls. Details can be found in Appendix 1.

PPI validation by split mDHFR clonal growth dynamics

MATa (BAIT-DHFR-F[1,2]-NatMX) and MATo. (PREY-DHFR-F[3]-HgyMX) PCA strains were cherry-
picked from the Yeast-Interactome Collection (Dharmacon, YSC5849) and mated on YPD plates
using a ROTOR HDA (SINGER instruments). A negative control diploid strain that lacks DHFR was
generated by mating a MATa (HO::NatMX) strain with a MATo. (HO::HygMx) strain. Following mat-
ing, cells were plated onto YPD + Nat + Hyg agar and grown for 48 hr at 30°C. Each diploid colony
was re-arrayed into 3 wells of YPD + Nat + Hyg liquid media in the same 96-well plate. Negative
control diploids were manually inoculated into 6 wells of each 96-well plate. Diploids (PPIs) on each
plate were randomly picked using ‘sample’ function in R (replace = FALSE) from PPIs that meet spe-
cific requirements. Plates were grown for 24 hr at 30°C, and then stored in 15% glycerol at —80°C.
Frozen cells were thawed and inoculated into a new 96-well plate filled with yeast nitrogen base +
ammonium sulfate + His + Leu + Ura + glucose and grown for 48 hr at 30°C. Cells were next inocu-
lated into a fresh 96-well plate containing the condition media and grown for 48 hr at 30°C. Growth
conditions are as listed in Supplementary file 5, plus an additional 72 mg/L uracil, since these dip-
loids do not contain URA3. For growth curve measurements, cells were re-inoculated into fresh
media, and the optical density (OD600) of each culture was monitored every 15 mins for 48 hr using
a GENios microplate reader (Tecan). The optical density trajectory of each strain was also measured
in the absence of methotrexate (MTX-) as a control. The area under the curve (AUC) for each well
was calculated as the sum of all OD readings right after saturation (40 hr for MTX + and 25 hr for
MTX-). We compared the replicate AUCs of each protein pair (AUCiarget mtx + - AUCiarget MTx -)
against those of negative controls (AUC ontrol MTX + = AUCcontrol MTX -) Using a one-sided Welch's t-
test, and calculated an adjusted p-value (Q-value) for each protein pair. A protein pair was consid-
ered as a validated PPI if Q-value <= 0.05. Since there is a marginal difference of AUC between pos-
itive PPls and the negative controls in the absence of MTX, we did not measure AUCs without MTX
when validating PPl dynamics across different conditions. The change in AUC for a protein pair in a
specific condition compared to SD was calculated as follows:

— (AUCrrger mrx+ — AUC control mrx+
AUC Changec()nditinn - ( m“AUC» ! — iti
control MTX+ condition
_ (AUCugermrx+ — AUC omrol mrx+
AUCcontrot MTx+ SD

Network density within Gene Ontology terms

Gene Ontology (GO) terms of each protein were obtained from SGD (20190405, https://downloads.
yeastgenome.org/curation/literature/go_slim_mapping.tab). Non-informative GO terms (‘cellular_-
component’, ‘biological_process’, ‘molecular_function’, ‘not_yet_annotated’, ‘other’) were removed.
GO terms cover three domains: cellular compartment (CC), biological process (BP), and molecular
function (MF). In this analysis, a PPl is considered as an interaction between two GO terms. For each
GO term interaction, the interaction density was calculated as the ratio of the number of PPIs identi-
fied over the number of protein pairs assayed. To estimate GO term enrichment in our PPl network,
we constructed 1000 random networks by replacing each bait or prey protein that was involved in a
PPl with a randomly chosen protein from all proteins in our screen. This randomization preserves the
degree distribution of the network. The interaction density for a GO term pair was calculated across
all random networks and the distribution of network densities was used to assess statistical signifi-
cance of the real network using a one-way Fisher-Pitman permutation test (Hothorn et al., 2006).
The coefficient of variation (CV) of interaction density is the variability in PPl number for each GO
term pair across all nine environments tested. The variability for an individual GO term was calcu-
lated by averaging the CVs for all GO term interactions in which it participates.
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Modeling validation rate

For each PPI, we obtained three measurements: the mean fitness value (f), the logqo(p-value) against
negative controls (p), and the number of environments in which the PPl is detected (n). In Appendix
1, we identified positive PPIs by using a combination of f and p. In the section on PPI validation, we
re-tested 502 PPls by comparing their optical density growth trajectories against controls. With this
validation data, we aimed to predict a validation rate (v) for each PPl based on f and n. Each of these
two features was a good predictor by itself (Figure 3—figure supplement 3A and B). To further
improve predictions, we split the 502 re-tested PPIs into different bins of f and n. When binning by
for example, if there are 50 PPIs with 0.25 < f <= 0.26, and 45 of them re-tested as positive, then
Vpin is 0.9 (45/50), fp;n is the mean f of the 50 PPIs, and ny;, is the mean n of the 50 PPIs. Similarly,
when binning by n, we calculated vy, and fy;, by taking the mean v and f of PPIs within that bin. By
following this procedure, we accumulated two datasets (one binned on f, and the other binned on n)
of how the v,;, depends on f;, and ny;,. We trained a linear model (Im(vy;, ~fpin + Npin) in R) with
one dataset, and examined the accuracy of the model with the other dataset. The model performed
well with the validated data (Figure 3—figure supplement 3C). We then applied this model to each
PPl in each environment to calculate a predicted validation score.

Calculating mutability scores

We obtained replicate fitness values for each PPl in each environment. Due to the differences in the
range of fitness values in different environments (Figure 1—figure supplement 5), we first normal-
ized fitness values for each PPI replicate (barcode) using the following formula:

Fitnessparcode — Fitnesspyrg(—)

Normalized Fitnessprcode = — -
Fimesspurr(+) — Fitmessprrr(-)

where Fitnessparcode is the fitness of each double barcoded PPiSeq strain, Fitnesspyer, is the mean
fitness of 100 control strains that lack a DHFR reporter, and Fitnesspprr+) is the mean fitness of 10
control strains that have a full-length DHFR reporter under the TEF1 promoter. From these replicate
normalized fitness values, we calculated an average fitness value for each protein pair in each envi-
ronment. For protein pairs with a different protein chimera acting the bait protein (i.e. ORF1-DHFR
[1,2] X ORF2-DHFR[3] and ORF1-DHFR[3] X ORF2-DHFR[1,2]), only one version was kept and the
average fitness was used. Negative mean fitness values, which are likely due to measurement error
of a non-interacting protein pair, were replaced with 0. Using these normalized fitness values, we cal-
culated the coefficient of variation (CV) for each PPl using its fitness values across all environments.
The mutability score for each protein was then calculated by averaging the CVs for PPIs in which it
participates. The mutability score for a target protein’s neighbor was calculated as above, only the
interaction between the target protein and its neighbor was first removed.

Network visualization and community detection

The comprehensive PPl interaction network was generated with Cytoscape (v3.7.2) (Shannon et al.,
2003) using the edge-weighted spring embedded layout with the default setting. Glucose transport
related PPl networks were generated by igraph (R package) (Csardi and Nepusz, 2006) using the
layout_in_circle layout. Communities were identified with three algorithms: Fast-Greedy
(Clauset et al., 2004), Walktrap (Pons and Latapy, 2005), InfoMAP (Rosvall et al., 2009), which
were implemented by igraph (R package) (Csardi and Nepusz, 2006) with default settings. Fast-
Greedy is a bottom-up hierarchical approach, which tries to optimize modularity in a greedy manner.
Initially, every vertex belongs to a separate community, and communities are merged iteratively so
that each merge yields the largest increase in modularity. The algorithm stops when the maximum
modularity is reached. Walktrap is an approach based on random walks, with the rationale that walks
are more likely to be trapped within the same community because there are only a few edges that
lead outside a community. It uses the results of these random walks to merge separate communities
in a bottom-up manner like the Fast-Greedy algorithm. Fast-Greedy and Walktrap suffer from a reso-
lution limit (small communities below a size threshold will always be merged to neighboring commu-
nities), and thus cannot detect small communities. The InfoMap algorithm uses community partitions
of the graph as a Huffman code that compresses the information about a random walker exploring
the network. It finds an optimal partition that assigns nodes to modules such that the information
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needed to compress the movement of the random walkers is minimized. The three major communi-
ties detected by the InfoMAP algorithm (Rosvall et al., 2009) are shown in Figure 3C.

Gene Ontology enrichment of network communities

We examined whether proteins in three major communities detected by infoMAP (Rosvall et al.,
2009) were overrepresented in specific cellular compartments or biological processes. Gene Ontol-
ogy enrichment was implemented with a conditional hypergeometric algorithm using the GOstats R
package (Falcon and Gentleman, 2007). The set of proteins used for enrichment comparison are
proteins that are involved in at least one PPl as determined by PPiSeq.

Co-expression analysis
Co-expression mutual rank scores were downloaded from COXPRESdb v7.3 (https://coxpresdb.jp/
) and used directly to determine if differences exist between PPl groups (Obayashi et al., 2019).

Colocalization rate analysis

Two proteins were defined as colocalized by fluorescence if they localize to at least one cellular com-
partment in common in synthetic medium, as identified from high-throughput microscopy of GFP-
fusion proteins (Chong et al., 2015). The colocalization rate for a PPI set was calculated by only con-
sidering proteins pairs for which localization is reported for both proteins. Two proteins were
defined as colocalized by gene ontology if they are annotated to the same GO-slim cellular compart-
ment annotation, not counting co-annotation to the general terms ‘other’, ‘membrane’, or ‘cellular_-
component’. Bootstrapping was performed by sampling with replacement from all detected PPls
prior to binning PPIs (by number of environments detected) and determining the colocalization rates
within those bins.

Features of genes that participate in mutable and less mutable PPIs
Genes were binned by their PPl degree, as reported in BioGRID (Stark et al., 2006), and protein
mutability scores were correlated with various previously defined gene features (Costanzo et al.,
2016; Finn et al., 2014; Gavin et al., 2006; Holstege et al., 1998; Krogan et al., 2006; Levy and
Siegal, 2008; Myers et al., 2006; Newman et al., 2006; Ostlund et al., 2010; Rice et al., 2000;
Stark et al., 2011; Wapinski et al., 2007, Ward et al., 2004; Yang, 2007; Yu et al., 2008). Gene
features are from Costanzo et al., 2016. Correlations binned by PPl degree are reported in
Figure 4C and unbinned correlations are reported in Figure 4—figure supplement 4. Bootstrap-
ping was performed by sampling with replacement from all genes that participate in at least one PPI
prior to determining the correlation between the PPI variability score and a gene feature.

Protein and PPl abundance analysis

Protein abundance was taken from a meta-analysis study (Ho et al., 2018) and compared to PPI fit-
ness in the SD environment, under the assumption that it is the most comparable to standard lab
growth conditions. The base R ‘cor’ function was used to calculate the Pearson correlation of the
PPiSeq signal of each PPI to the geometric mean abundance of the two constituent proteins. We
then repeated this analysis on sets of PPIs binned by the number of environments in which a PPl was
detected.

Homodimer/heterodimer mass-action kinetics model

To estimate how variation in protein abundance across environments affects abundance of the PPI
complex, we used a simple mass-action kinetics model of two proteins, of concentrations [A] and [B],
binding to form a dimer [AB]. This relationship can be expressed as [AB] = k*[A][B], where k'* is a
constant that reflects the population-average functional affinity of the two proteins. We assume that
this constant also encompasses effects from heterozygosity (only 1/4 of heterodimers contain com-
plementary mDHFR tags) and that cell volume does not change. We assume that the fitness F of a
PPiSeq strain depends linearly on the concentration of a dimer of complementary tagged proteins,
such as FA8 = k,,purr[AB]. In order to model the expected [AB], we used the fitness of the homo-
dimers (F* and F?B) as a proxy for abundance of the constituent proteins ([A] and [B]), assuming

that most of the proteins are dissociated. Getting a relationship like [A]~ # for both
DHFRK]
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homodimers AA and BB, we use this to model the fitness of the strain corresponding to the hetero-

s
the geometric mean of the fitnesses of the homodimers of the constituent proteins, scaled by a term
relating the functional affinities of each dimer. This model does not capture the complexity of in vivo
cellular biology, but serves as a simple quantitative tool to dissect the contribution of these two fac-
tors (abundance and functional affinity) with respect to each other.

We selected data from all heterodimer PPls amongst all homodimer-participating proteins,
requiring that each PPl be quantified in at least four conditions and be considered positive in at least
one condition. We pooled these measurements of PPls from both tag configurations (F[1,2]-F[3] or F
[3]-F[1,2]), if available, collecting a dataset of 1,212 PPls amongst 180 proteins. With this, we used
ordinary least-square linear regression in R to fit a model of the geometric mean of the homodimer
signals multiplied by a free constant and plus a free intercept. Significantly explained heterodimer
PPIs were judged by a significant coefficient (FDR < 0.05) of homodimer fitnesses predicting the het-
erodimer fitness (slope) and an insignificant intercept (p-value>0.05, single-test). This criteria was
used to identify PPIs for which protein expression does or does not appear to play as significant of a
role as other post-translational mechanisms.

To select protein/PPI features that may be associated with being explained or not explained by
this expression-variation mass-action model, we collected features with sufficient data from
Byrne and Wolfe, 2005; Cherry, 2015, Chong et al. 2015, Costanzo et al., 2016;
Marchant et al., 2019; Stark et al., 2006. We constructed a dataset from these by treating each
heterodimer as a separate observation for each of the two constituent proteins, thus associating the
features of a protein with the modeling result for each considered heterodimer in which it partici-
pates. We then used the ‘glm’ function in R to fit a logistic model. We adjusted the resulting p-val-
ues for each feature’s coefficient by the Benjamini-Hochberg correction.

dimer AB as FAB ~ VFAAFBB Thus, the fitness of the heterodimer strain should correspond to

Estimating the size of the pan-environment PPl network

To estimate the size of the pan-environment PPl network, we used a bootstrap approach from the
ecology R package vegan (Oksanen et al., 2019). However, false positives will inflate this estimate,
so we first sought to obtain a more confident estimate of the true PPls detected. We took our data-
set of each PPl observed in each condition, and then sub-sampled each PPI in each environment at a
rate of the modeled validation rates (as calculated above, Appendix 2 Table S5). We repeated this
procedure 32 times, and for each of these trials then calculated the Kindt exact accumulation curve
and the bootstrapped species richness estimate, treating each PPl analogous to a species. Then for
each sub-sample, we randomly permuted the order of environment addition and calculated the
curve of the accumulated number of unique PPIs 10,000 times.

Data and software availability

Raw barcode sequencing data are available from the NIH Sequence Read Archive as accession
PRINA630095 (https://trace.ncbi.nlm.nih.gov/Traces/study/?acc=SRP259652). Barcode sequences,
counts, fitness values, and PPI calls are available in the Supplementary Tables (https://osf.io/jmhrb/).
Additional data to make figures are available in Mendeley data (https://data.mendeley.com/data-
sets/9ygwhk5cs3/2) and Open Science Framework (https://osf.io/7yt59/) as detailed in code reposi-
tory README files. Analysis scripts are written in R and Python. All code used to analyze data,
perform statistical analyses, and generate figures is available at Github (Liu, 2020a; copy archived at
https://github.com/elifesciences-publications/PPiSeq).

Acknowledgements

We are grateful to Stephen Michnick for providing the pAG25 linker-DHFR[1,2]-NatMX and pAG32
linker-DHFR[3]-HygMX plasmids, to Charlie Boone and Michael Costanzo for providing a dataset of
different gene features, to Aaron Neiman for providing the pS413-TEF1pr-His3 plasmid, to Robert
St. Onge and Ron Davis for providing the equipment to measure yeast growth curves, to Xiaoyu
Zhao, Takeshi Matsui, Jamie Blundell, David Catoe, Adam Dziulko, Danielle Francois, and Richard
Bennett for the assistance or suggestions on the experiments and data analysis, to Robert St. Onge
and Guillaume Diss for suggestions on the manuscript. This work was supported by a grant from the

Liu et al. eLife 2020;9:62365. DOI: https://doi.org/10.7554/eLife.62365 22 of 37


https://trace.ncbi.nlm.nih.gov/Traces/study/?acc=SRP259652
https://osf.io/jmhrb/
https://data.mendeley.com/datasets/9ygwhk5cs3/2
https://data.mendeley.com/datasets/9ygwhk5cs3/2
https://osf.io/7yt59/
https://github.com/elifesciences-publications/PPiSeq
https://doi.org/10.7554/eLife.62365

e Llfe Research article

Computational and Systems Biology

US National Institutes of Health (ROTHGO008354 to SL), the Louis and Beatrice Laufer Center, the
New York State Center for Biotechnology, and the Joint Initiative for Metrology in Biology.

Additional information

Competing interests

Xianan Liu, Sasha F Levy: SFL and XL have filed a patent application (WO2017075529A1) on the dou-
ble barcoding platform used in this manuscript. The other authors declare that no competing inter-
ests exist.

Funding

Funder Grant reference number  Author
National Institutes of Health ROTHGO008354 Sasha F Levy
Louis and Beatrice Laufer Sasha F Levy
Center

New York State Center for Sasha F Levy
Biotechnology

Joint Initiative for Metrology in Sasha F Levy
Biology

The funders had no role in study design, data collection and interpretation, or the
decision to submit the work for publication.

Author contributions

Zhimin Liu, Resources, Data curation, Software, Formal analysis, Validation, Investigation, Visualiza-
tion, Methodology, Writing - original draft, Writing - review and editing; Darach Miller, Formal analy-
sis, Investigation, Visualization, Writing - original draft, Writing - review and editing; Fangfei Li,
Software, Formal analysis; Xianan Liu, Methodology; Sasha F Levy, Conceptualization, Formal analy-
sis, Supervision, Funding acquisition, Visualization, Methodology, Writing - original draft, Project
administration, Writing - review and editing

Author ORCIDs

Zhimin Liu (& https://orcid.org/0000-0002-9333-8101
Darach Miller @ https://orcid.org/0000-0002-2264-7900
Sasha F Levy () https://orcid.org/0000-0002-0923-1636

Decision letter and Author response
Decision letter https://doi.org/10.7554/elife.62365.sal
Author response https://doi.org/10.7554/elife.62365.sa2

Additional files

Supplementary files
« Supplementary file 1. Strain losses during barcoding and pool construction.

 Supplementary file 2. Primers used in the construction of DHFR-fragment control strains.
 Supplementary file 3. Barcoded haploid DHFR-fragment control strains.
 Supplementary file 4. Strains in the PPiSeq library.

 Supplementary file 5. Description of the environmental conditions tested. Cells were shaken at 220
rpm. In SD, 0.2% DMSO was added as a vehicle control.

« Transparent reporting form

Liu et al. eLife 2020;9:62365. DOI: https://doi.org/10.7554/eLife.62365 23 of 37


https://orcid.org/0000-0002-9333-8101
https://orcid.org/0000-0002-2264-7900
https://orcid.org/0000-0002-0923-1636
https://doi.org/10.7554/eLife.62365.sa1
https://doi.org/10.7554/eLife.62365.sa2
https://doi.org/10.7554/eLife.62365

e Llfe Research article

Computational and Systems Biology

Data availability

Raw barcode sequencing data are available from the NIH Sequence Read Archive as accession
PRINA630095 (https://trace.nchbi.nlm.nih.gov/Traces/study/?acc=SRP259652). Barcode sequences,
counts, fitness values, and PPI calls are available in the Supplementary Tables (https://osf.io/jmhrb/).
Additional data to make figures are available in Mendeley data (https://data.mendeley.com/data-
sets/9ygwhk5¢s3/2) and Open Science Framework (https://osf.io/7yt59/) as detailed in code reposi-
tory README files. Analysis scripts are written in R and Python. All code used to analyze data,
perform statistical analyses, and generate figures is available at Github (https://github.com/sasha-
flevy/PPiSeq; copy archived at https://github.com/elifesciences-publications/PPiSeq).

The following datasets were generated:

Database and

Author(s) Year Dataset title Dataset URL Identifier
Liu Z, Miller D, Levy720207Protein—protein interaction networkihttps://doi.org/10.17632/7Mende|ey Data, 10.
S rewiring across environments 9ygwhk5cs3.2 17632/9ygwhk5cs3.2
LiuZ, Miller D, Levy 2020 Protein-protein interaction network https://trace.ncbi.nlm. NIH Sequence Read
S dynamics across environments by nih.gov/Traces/study/?  Archive, PRINA6300
DNA barcode sequencing acc=SRP259652&o=acc_ 95
s%3Aa
LiuZ 2020 Protein-protein interaction network https://osf.io/jmhrb/ Open Science
rewiring across environments Framework, jmhrb
References

Agarwal S, Deane CM, Porter MA, Jones NS. 2010. Revisiting date and party hubs: novel approaches to role
assignment in protein interaction networks. PLOS Computational Biology 6:e1000817. DOI: https://doi.org/10.
1371/journal.pcbi.1000817, PMID: 20585543

Balajee AS, Geard CR. 2001. Chromatin-bound PCNA complex formation triggered by DNA damage occurs
independent of the ATM gene product in human cells. Nucleic Acids Research 29:1341-1351. DOI: https://doi.
org/10.1093/nar/29.6.1341, PMID: 11239001

Baryshnikova A, Costanzo M, Dixon S, Vizeacoumar FJ, Myers CL, Andrews B, Boone C. 2010. Synthetic genetic
array (SGA) analysis in Saccharomyces cerevisiae and Schizosaccharomyces pombe. Methods in Enzymology
470:145-179. DOI: https://doi.org/10.1016/S0076-6879(10)70007-0, PMID: 20946810

Batada NN, Reguly T, Breitkreutz A, Boucher L, Breitkreutz BJ, Hurst LD, Tyers M. 2006. Stratus not altocumulus:
a new view of the yeast protein interaction network. PLOS Biology 4:e317. DOI: https://doi.org/10.1371/
journal.pbio.0040317, PMID: 16984220

Batada NN, Reguly T, Breitkreutz A, Boucher L, Breitkreutz BJ, Hurst LD, Tyers M. 2007. Still stratus not
altocumulus: further evidence against the date/party hub distinction. PLOS Biology 5:€154. DOI: https://doi.
org/10.1371/journal.pbio.0050154, PMID: 17564494

Bertin N, Simonis N, Dupuy D, Cusick ME, Han JD, Fraser HB, Roth FP, Vidal M. 2007. Confirmation of organized
modularity in the yeast interactome. PLOS Biology 5:e153. DOI: https://doi.org/10.1371/journal.pbio.0050153,
PMID: 17564493

Boles E, Hollenberg CP. 1997. The molecular genetics of hexose transport in yeasts. FEMS Microbiology Reviews
21:85-111. DOI: https://doi.org/10.1111/j.1574-6976.1997 .tb00346.x, PMID: 9299703

Brauer MJ, Huttenhower C, Airoldi EM, Rosenstein R, Matese JC, Gresham D, Boer VM, Troyanskaya OG,
Botstein D. 2008. Coordination of growth rate, cell cycle, stress response, and metabolic activity in yeast.
Molecular Biology of the Cell 19:352-367. DOI: https://doi.org/10.1091/mbc.e07-08-0779, PMID: 17959824

Breker M, Gymrek M, Schuldiner M. 2013. A novel single-cell screening platform reveals proteome plasticity
during yeast stress responses. The Journal of Cell Biology 200:839-850. DOI: https://doi.org/10.1083/jcb.
201301120

Byrne KP, Wolfe KH. 2005. The Yeast Gene Order Browser: Combining curated homology and syntenic context
reveals gene fate in polyploid species. Genome Research 15:1456-1461. DOI: https://doi.org/10.1101/gr.
3672305

Celaj A, Schlecht U, Smith JD, Xu W, Suresh S, Miranda M, Aparicio AM, Proctor M, Davis RW, Roth FP, St.Onge
RP. 2017. Quantitative analysis of protein interaction network dynamics in yeast. Molecular Systems Biology 13:
934. DOI: https://doi.org/10.15252/msb.20177532

Cherry JM. 2015. The Saccharomyces Genome Database: Gene Product Annotation of Function, Process, and
Component . Cold Spring Harbor Protocols 2015:pdb.prot088914. DOI: https://doi.org/10.1101/pdb.
prot088914

Chong YT, Koh JL, Friesen H, Duffy SK, Duffy K, Cox MJ, Moses A, Moffat J, Boone C, Andrews BJ. 2015. Yeast
proteome dynamics from single cell imaging and automated analysis. Cell 161:1413-1424. DOI: https://doi.
org/10.1016/j.cell.2015.04.051, PMID: 26046442

Liu et al. eLife 2020;9:62365. DOI: https://doi.org/10.7554/eLife.62365 24 of 37


https://trace.ncbi.nlm.nih.gov/Traces/study/?acc=SRP259652
https://osf.io/jmhrb/
https://data.mendeley.com/datasets/9ygwhk5cs3/2
https://data.mendeley.com/datasets/9ygwhk5cs3/2
https://osf.io/7yt59/
https://github.com/sashaflevy/PPiSeq
https://github.com/sashaflevy/PPiSeq
https://github.com/elifesciences-publications/PPiSeq
https://doi.org/10.17632/9ygwhk5cs3.2
https://doi.org/10.17632/9ygwhk5cs3.2
https://trace.ncbi.nlm.nih.gov/Traces/study/?acc=SRP259652&o=acc_s%3Aa
https://trace.ncbi.nlm.nih.gov/Traces/study/?acc=SRP259652&o=acc_s%3Aa
https://trace.ncbi.nlm.nih.gov/Traces/study/?acc=SRP259652&o=acc_s%3Aa
https://trace.ncbi.nlm.nih.gov/Traces/study/?acc=SRP259652&o=acc_s%3Aa
https://osf.io/jmhrb/
https://doi.org/10.1371/journal.pcbi.1000817
https://doi.org/10.1371/journal.pcbi.1000817
http://www.ncbi.nlm.nih.gov/pubmed/20585543
https://doi.org/10.1093/nar/29.6.1341
https://doi.org/10.1093/nar/29.6.1341
http://www.ncbi.nlm.nih.gov/pubmed/11239001
https://doi.org/10.1016/S0076-6879(10)70007-0
http://www.ncbi.nlm.nih.gov/pubmed/20946810
https://doi.org/10.1371/journal.pbio.0040317
https://doi.org/10.1371/journal.pbio.0040317
http://www.ncbi.nlm.nih.gov/pubmed/16984220
https://doi.org/10.1371/journal.pbio.0050154
https://doi.org/10.1371/journal.pbio.0050154
http://www.ncbi.nlm.nih.gov/pubmed/17564494
https://doi.org/10.1371/journal.pbio.0050153
http://www.ncbi.nlm.nih.gov/pubmed/17564493
https://doi.org/10.1111/j.1574-6976.1997.tb00346.x
http://www.ncbi.nlm.nih.gov/pubmed/9299703
https://doi.org/10.1091/mbc.e07-08-0779
http://www.ncbi.nlm.nih.gov/pubmed/17959824
https://doi.org/10.1083/jcb.201301120
https://doi.org/10.1083/jcb.201301120
https://doi.org/10.1101/gr.3672305
https://doi.org/10.1101/gr.3672305
https://doi.org/10.15252/msb.20177532
https://doi.org/10.1101/pdb.prot088914
https://doi.org/10.1101/pdb.prot088914
https://doi.org/10.1016/j.cell.2015.04.051
https://doi.org/10.1016/j.cell.2015.04.051
http://www.ncbi.nlm.nih.gov/pubmed/26046442
https://doi.org/10.7554/eLife.62365

ELIfe Research article Computational and Systems Biology

Clauset A, Newman MEJ, Moore C. 2004. Finding community structure in very large networks. Physical Review E
70:066111. DOI: https://doi.org/10.1103/PhysRevE.70.066111

Costanzo M, VanderSluis B, Koch EN, Baryshnikova A, Pons C, Tan G, Wang W, Usaj M, Hanchard J, Lee SD,
Pelechano V, Styles EB, Billmann M, van Leeuwen J, van Dyk N, Lin ZY, Kuzmin E, Nelson J, Piotrowski JS,
Srikumar T, et al. 2016. A global genetic interaction network maps a wiring diagram of cellular function.
Science 353:aaf1420. DOI: https://doi.org/10.1126/science.aaf1420, PMID: 27708008

Csardi G, Nepusz T. 2006. The igraph software package for complex network research. InterJournal, Complex
Systems 1695:1-9.

Diss G, Lehner B. 2018. The genetic landscape of a physical interaction. eLife 7:e32472. DOI: https://doi.org/10.
7554/elife.32472

Falcon S, Gentleman R. 2007. Using GOstats to test gene lists for GO term association. Bioinformatics 23:257-
258. DOI: https://doi.org/10.1093/biocinformatics/btl567, PMID: 17098774

Finn RD, Bateman A, Clements J, Coggill P, Eberhardt RY, Eddy SR, Heger A, Hetherington K, Holm L, Mistry J,
Sonnhammer ELL, Tate J, Punta M. 2014. Pfam: the protein families database. Nucleic Acids Research 42:
D222-D230. DOI: https://doi.org/10.1093/nar/gkt1223

Freschi L, Torres-Quiroz F, Dubé AK, Landry CR. 2013. gPCA: a scalable assay to measure the perturbation of
protein-protein interactions in living cells. Mol. BioSyst. 9:36-43. DOI: https://doi.org/10.1039/C2MB25265A,
PMID: 23099892

Gasch AP, Spellman PT, Kao CM, Carmel-Harel O, Eisen MB, Storz G, Botstein D, Brown PO. 2000. Genomic
expression programs in the response of yeast cells to environmental changes. Molecular Biology of the Cell 11:
4241-4257. DOI: https://doi.org/10.1091/mbc.11.12.4241, PMID: 11102521

Gavin AC, Bésche M, Krause R, Grandi P, Marzioch M, Bauer A, Schultz J, Rick JM, Michon AM, Cruciat CM,
Remor M, Hoéfert C, Schelder M, Brajenovic M, Ruffner H, Merino A, Klein K, Hudak M, Dickson D, Rudi T, et al.
2002. Functional organization of the yeast proteome by systematic analysis of protein complexes. Nature 415:
141-147. DOI: https://doi.org/10.1038/415141a, PMID: 11805826

Gavin AC, Aloy P, Grandi P, Krause R, Boesche M, Marzioch M, Rau C, Jensen LJ, Bastuck S, Dimpelfeld B,
Edelmann A, Heurtier MA, Hoffman V, Hoefert C, Klein K, Hudak M, Michon AM, Schelder M, Schirle M, Remor
M, et al. 2006. Proteome survey reveals modularity of the yeast cell machinery. Nature 440:631-636.

DOI: https://doi.org/10.1038/nature04532, PMID: 16429126

Han J-DJ, Bertin N, Hao T, Goldberg DS, Berriz GF, Zhang LV, Dupuy D, Walhout AJM, Cusick ME, Roth FP,
Vidal M. 2004. Evidence for dynamically organized modularity in the yeast protein—protein interaction network.
Nature 430:88-93. DOI: https://doi.org/10.1038/nature02555

Hart GT, Ramani AK, Marcotte EM. 2006. How complete are current yeast and human protein-interaction
networks? Genome Biology 7:120. DOI: https://doi.org/10.1186/gb-2006-7-11-120, PMID: 17147767

Ho B, Baryshnikova A, Brown GW. 2018. Unification of protein abundance datasets yields a quantitative
Saccharomyces cerevisiae proteome. Cell Systems 6:192-205. DOI: https://doi.org/10.1016/j.cels.2017.12.004,
PMID: 29361465

Holstege FC, Jennings EG, Wyrick JJ, Lee Tl, Hengartner CJ, Green MR, Golub TR, Lander ES, Young RA. 1998.
Dissecting the regulatory circuitry of a eukaryotic genome. Cell 95:717-728. DOI: https://doi.org/10.1016/
S0092-8674(00)81641-4, PMID: 9845373

Hothorn T, Hornik K, van de Wiel MA, Zeileis A. 2006. A lego system for conditional inference. The American
Statistician 60:257-263. DOI: https://doi.org/10.1198/000313006X118430

Huttlin EL, Bruckner RJ, Navarrete-Perea J, Cannon JR, Baltier K, Gebreab F, Gygi MP, Thornock A, Zarraga G,
Tam S. 2020. Dual Proteome-scale networks reveal Cell-specific remodeling of the human interactome. bioRxiv.
DOI: https://doi.org/10.1101/2020.01.19.905109

Ito T, Chiba T, Ozawa R, Yoshida M, Hattori M, Sakaki Y. 2001. A comprehensive two-hybrid analysis to explore
the yeast protein interactome. PNAS 98:4569-4574. DOI: https://doi.org/10.1073/pnas.061034498, PMID: 112
83351

Jaffe M, Dziulko A, Smith JD, St Onge RP, Levy SF, Sherlock G. 2019. Improved discovery of genetic interactions
using CRISPRiSeq across multiple environments. Genome Research 29:668-681. DOI: https://doi.org/10.1101/
gr.246603.118, PMID: 30782640

Jensen LJ, Bork P. 2008. Not comparable, but complementary. Science 322:56-57.

Kastritis PL, Bonvin AMJJ. 2013. On the binding affinity of macromolecular interactions: daring to ask why
proteins interact. Journal of the Royal Society Interface 10:20120835. DOI: https://doi.org/10.1098/rsif.2012.
0835

Krogan NJ, Cagney G, Yu H, Zhong G, Guo X, Ignatchenko A, Li J, Pu S, Datta N, Tikuisis AP, Punna T, Peregrin-
Alvarez JM, Shales M, Zhang X, Davey M, Robinson MD, Paccanaro A, Bray JE, Sheung A, Beattie B, et al.
2006. Global landscape of protein complexes in the yeast Saccharomyces cerevisiae. Nature 440:637-643.
DOI: https://doi.org/10.1038/nature04670, PMID: 16554755

Kruckeberg AL. 1996. The hexose transporter family of Saccharomyces cerevisiae. Archives of Microbiology 166:
283-292. DOI: https://doi.org/10.1007/s002030050385, PMID: 8929273

Lai MT, Liu DY, Hseu TH. 2007. Cell growth restoration and high level protein expression by the promoter of
hexose transporter, HXT7, from Saccharomyces cerevisiae. Biotechnology Letters 29:1287-1292. DOI: https://
doi.org/10.1007/s10529-007-9397-3, PMID: 17520177

Levy ED, Kowarzyk J, Michnick SW. 2014. High-Resolution mapping of protein concentration reveals principles of
proteome architecture and adaptation. Cell Reports 7:1333-1340. DOI: https://doi.org/10.1016/].celrep.2014.
04.009, PMID: 24813894

Liu et al. eLife 2020;9:62365. DOI: https://doi.org/10.7554/eLife.62365 25 of 37


https://doi.org/10.1103/PhysRevE.70.066111
https://doi.org/10.1126/science.aaf1420
http://www.ncbi.nlm.nih.gov/pubmed/27708008
https://doi.org/10.7554/eLife.32472
https://doi.org/10.7554/eLife.32472
https://doi.org/10.1093/bioinformatics/btl567
http://www.ncbi.nlm.nih.gov/pubmed/17098774
https://doi.org/10.1093/nar/gkt1223
https://doi.org/10.1039/C2MB25265A
http://www.ncbi.nlm.nih.gov/pubmed/23099892
https://doi.org/10.1091/mbc.11.12.4241
http://www.ncbi.nlm.nih.gov/pubmed/11102521
https://doi.org/10.1038/415141a
http://www.ncbi.nlm.nih.gov/pubmed/11805826
https://doi.org/10.1038/nature04532
http://www.ncbi.nlm.nih.gov/pubmed/16429126
https://doi.org/10.1038/nature02555
https://doi.org/10.1186/gb-2006-7-11-120
http://www.ncbi.nlm.nih.gov/pubmed/17147767
https://doi.org/10.1016/j.cels.2017.12.004
http://www.ncbi.nlm.nih.gov/pubmed/29361465
https://doi.org/10.1016/S0092-8674(00)81641-4
https://doi.org/10.1016/S0092-8674(00)81641-4
http://www.ncbi.nlm.nih.gov/pubmed/9845373
https://doi.org/10.1198/000313006X118430
https://doi.org/10.1101/2020.01.19.905109
https://doi.org/10.1073/pnas.061034498
http://www.ncbi.nlm.nih.gov/pubmed/11283351
http://www.ncbi.nlm.nih.gov/pubmed/11283351
https://doi.org/10.1101/gr.246603.118
https://doi.org/10.1101/gr.246603.118
http://www.ncbi.nlm.nih.gov/pubmed/30782640
https://doi.org/10.1098/rsif.2012.0835
https://doi.org/10.1098/rsif.2012.0835
https://doi.org/10.1038/nature04670
http://www.ncbi.nlm.nih.gov/pubmed/16554755
https://doi.org/10.1007/s002030050385
http://www.ncbi.nlm.nih.gov/pubmed/8929273
https://doi.org/10.1007/s10529-007-9397-3
https://doi.org/10.1007/s10529-007-9397-3
http://www.ncbi.nlm.nih.gov/pubmed/17520177
https://doi.org/10.1016/j.celrep.2014.04.009
https://doi.org/10.1016/j.celrep.2014.04.009
http://www.ncbi.nlm.nih.gov/pubmed/24813894
https://doi.org/10.7554/eLife.62365

e Llfe Research article

Computational and Systems Biology

Levy SF, Blundell JR, Venkataram S, Petrov DA, Fisher DS, Sherlock G. 2015. Quantitative evolutionary dynamics
using high-resolution lineage tracking. Nature 519:181-186. DOI: https://doi.org/10.1038/nature 14279

Levy SF, Siegal ML. 2008. Network Hubs Buffer Environmental Variation in Saccharomyces cerevisiae. PLOS
Biology 6:€264. DOI: https://doi.org/10.1371/journal.pbio.0060264

Li F, Salit ML, Levy SF. 2018. Unbiased Fitness Estimation of Pooled Barcode or Amplicon Sequencing Studies.
Cell Systems 7:521-525. DOI: https://doi.org/10.1016/].cels.2018.09.004

Liu X, Liu Z, Dziulko AK, Li F, Miller D, Morabito RD, Francois D, Levy SF. 2019. iSeq 2.0: A Modular and
Interchangeable Toolkit for Interaction Screening in Yeast. Cell Systems 8:338-344. DOI: https://doi.org/10.
1016/j.cels.2019.03.005

Liu Z. 2020a. PPiSeq. GitHub. 646dbe. https://github.com/sashaflevy/PPiSeq

Liu Z. 2020b. Protein-protein interaction network rewiring across environments. Open Science Framework.
Identifier: jmhrb.

Mailand N, Gibbs-Seymour |, Bekker-Jensen S. 2013. Regulation of PCNA-protein interactions for genome
stability. Nature Reviews Molecular Cell Biology 14:269-282. DOI: https://doi.org/10.1038/nrm3562,
PMID: 23594953

Marchant A, Cisneros AF, Dubé AK, Gagnon-Arsenault |, Ascencio D, Jain H, Aubé S, Eberlein C, Evans-
Yamamoto D, Yachie N, Landry CR. 2019. The role of structural pleiotropy and regulatory evolution in the
retention of heteromers of paralogs. elLife 8:e46754. DOI: https://doi.org/10.7554/elife.46754,
PMID: 31454312

Marles JA, Dahesh S, Haynes J, Andrews BJ, Davidson AR. 2004. Protein-Protein interaction affinity plays a
crucial role in controlling the Sho1p-Mediated signal transduction pathway in yeast. Molecular Cell 14:813-823.
DOI: https://doi.org/10.1016/j.molcel.2004.05.024

Matthews BW. 1975. Comparison of the predicted and observed secondary structure of T4 phage lysozyme.
Biochimica Et Biophysica Acta (BBA) - Protein Structure 405:442-451. DOI: https://doi.org/10.1016/0005-2795
(75)90109-9

Myers CL, Barrett DR, Hibbs MA, Huttenhower C, Troyanskaya OG. 2006. Finding function: evaluation methods
for functional genomic data. BMC Genomics 7:187. DOI: https://doi.org/10.1186/1471-2164-7-187, PMID: 1686
9964

Newman JRS, Ghaemmaghami S, lhmels J, Breslow DK, Noble M, DeRisi JL, Weissman JS. 2006. Single-cell
proteomic analysis of S. cerevisiae reveals the architecture of biological noise. Nature 441:840-846.
DOI: https://doi.org/10.1038/nature04785

Obayashi T, Kagaya Y, Aoki Y, Tadaka S, Kinoshita K. 2019. COXPRESdb v7: a gene coexpression database for
11 animal species supported by 23 coexpression platforms for technical evaluation and evolutionary inference.
Nucleic Acids Research 47:D55-D62. DOI: https://doi.org/10.1093/nar/gky1155

Obayashi T, Kinoshita K. 2009. Rank of Correlation Coefficient as a Comparable Measure for Biological
Significance of Gene Coexpression. DNA Research 16:249-260. DOI: https://doi.org/10.1093/dnares/dsp016

Oksanen J, Blanchet FG, Friendly M, Kindt R, Legendre P, McGlinn D, Minchin PR, O'Hara RB, Simpson GL,
Solymos P. 2019. vegan: Community Ecology Package. R Package. 2.5-6. https://cran.r-project.org/web/
packages/vegan/index.html

Ostlund G, Schmitt T, Forslund K, Késtler T, Messina DN, Roopra S, Frings O, Sonnhammer EL. 2010. InParanoid
7: new algorithms and tools for eukaryotic orthology analysis. Nucleic Acids Research 38:D196-D203.
DOI: https://doi.org/10.1093/nar/gkp?31, PMID: 19892828

Ozcan S, Johnston M. 1995. Three different regulatory mechanisms enable yeast hexose transporter (HXT) genes
to be induced by different levels of glucose. Molecular and Cellular Biology 15:1564-1572. DOI: https://doi.
org/10.1128/MCB.15.3.1564

Ozcan S, Johnston M. 1999. Function and Regulation of Yeast Hexose Transporters. Microbiology and Molecular
Biology Reviews 63:554-569. DOI: https://doi.org/10.1128/MMBR.63.3.554-569.1999

Pons P, Latapy M. 2005. Computing communities in large networks using random walks (long version). arXiv.
https://arxiv.org/abs/physics/0512106.

Reifenberger E, Freidel K, Ciriacy M. 1995. Identification of novel HXT genes in Saccharomyces cerevisiae reveals
the impact of individual hexose transporters on glycolytic flux. Molecular Microbiology 16:157-167.
DOI: https://doi.org/10.1111/j.1365-2958.1995.tb02400.x

Remy I, Michnick SW. 1999. Clonal selection and in vivo quantitation of protein interactions with protein-
fragment complementation assays. PNAS 96:5394-5399. DOI: https://doi.org/10.1073/pnas.96.10.5394

Rice P, Longden |, Bleasby A. 2000. EMBOSS: The European Molecular Biology Open Software Suite. Trends in
Genetics 16:276-277. DOI: https://doi.org/10.1016/50168-9525(00)02024-2

Rochette S, Gagnon-Arsenault |, Diss G, Landry CR. 2014. Modulation of the yeast protein interactome in
response to DNA damage. Journal of Proteomics 100:25-36. DOI: https://doi.org/10.1016/j.jprot.2013.11.007

Rosvall M, Axelsson D, Bergstrom CT. 2009. The map equation. The European Physical Journal Special Topics
178:13-23. DOI: https://doi.org/10.1140/epjst/e2010-01179-1

Sambourg L, Thierry-Mieg N. 2010. New insights into protein-protein interaction data lead to increased
estimates of the S. cerevisiae interactome size. BMC Bioinformatics 11:605. DOI: https://doi.org/10.1186/1471-
2105-11-605

Schlecht U, Miranda M, Suresh S, Davis RW, St Onge RP. 2012. Multiplex assay for condition-dependent changes
in protein-protein interactions. PNAS 109:9213-9218. DOI: https://doi.org/10.1073/pnas.1204952109,
PMID: 22615397

Liu et al. eLife 2020;9:62365. DOI: https://doi.org/10.7554/eLife.62365 26 of 37


https://doi.org/10.1038/nature14279
https://doi.org/10.1371/journal.pbio.0060264
https://doi.org/10.1016/j.cels.2018.09.004
https://doi.org/10.1016/j.cels.2019.03.005
https://doi.org/10.1016/j.cels.2019.03.005
https://github.com/sashaflevy/PPiSeq
https://osf.io/jmhrb/&x00A0;
https://doi.org/10.1038/nrm3562
http://www.ncbi.nlm.nih.gov/pubmed/23594953
https://doi.org/10.7554/eLife.46754
http://www.ncbi.nlm.nih.gov/pubmed/31454312
https://doi.org/10.1016/j.molcel.2004.05.024
https://doi.org/10.1016/0005-2795(75)90109-9
https://doi.org/10.1016/0005-2795(75)90109-9
https://doi.org/10.1186/1471-2164-7-187
http://www.ncbi.nlm.nih.gov/pubmed/16869964
http://www.ncbi.nlm.nih.gov/pubmed/16869964
https://doi.org/10.1038/nature04785
https://doi.org/10.1093/nar/gky1155
https://doi.org/10.1093/dnares/dsp016
https://cran.r-project.org/web/packages/vegan/index.html
https://cran.r-project.org/web/packages/vegan/index.html
https://doi.org/10.1093/nar/gkp931
http://www.ncbi.nlm.nih.gov/pubmed/19892828
https://doi.org/10.1128/MCB.15.3.1564
https://doi.org/10.1128/MCB.15.3.1564
https://doi.org/10.1128/MMBR.63.3.554-569.1999
https://arxiv.org/abs/physics/0512106
https://doi.org/10.1111/j.1365-2958.1995.tb02400.x
https://doi.org/10.1073/pnas.96.10.5394
https://doi.org/10.1016/S0168-9525(00)02024-2
https://doi.org/10.1016/j.jprot.2013.11.007
https://doi.org/10.1140/epjst/e2010-01179-1
https://doi.org/10.1186/1471-2105-11-605
https://doi.org/10.1186/1471-2105-11-605
https://doi.org/10.1073/pnas.1204952109
http://www.ncbi.nlm.nih.gov/pubmed/22615397
https://doi.org/10.7554/eLife.62365

e Llfe Research article

Computational and Systems Biology

Schlecht U, Liu Z, Blundell JR, St Onge RP, Levy SF. 2017. A scalable double-barcode sequencing platform for
characterization of dynamic protein-protein interactions. Nature Communications 8:1-9. DOI: https://doi.org/
10.1038/ncomms 15586, PMID: 28541284

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, Amin N, Schwikowski B, Ideker T. 2003.
Cytoscape: A Software Environment for Integrated Models of Biomolecular Interaction Networks. Genome
Research 13:2498-2504. DOI: https://doi.org/10.1101/gr. 1239303

Singh GP, Ganapathi M, Dash D. 2007. Role of intrinsic disorder in transient interactions of hub proteins.
Proteins: Structure, Function, and Bioinformatics 66:761-765. DOI: https://doi.org/10.1002/prot.21281,

PMID: 17154416

Sinha R, Stanley G, Gulati GS, Ezran C, Travaglini KJ, Wei E, Chan CKF, Nabhan AN, Su T, Morganti RM. 2017.
Index switching causes “spreading-of-signal” among multiplexed samples in lllumina HiSeq 4000 DNA
sequencing. bioRxiv. DOI: https://doi.org/10.1101/125724

Stark C, Breitkreutz BJ, Reguly T, Boucher L, Breitkreutz A, Tyers M. 2006. BioGRID: a general repository for
interaction datasets. Nucleic Acids Research 34:D535-D539. DOI: https://doi.org/10.1093/nar/gkj109,

PMID: 16381927

Stark C, Breitkreutz BJ, Chatr-Aryamontri A, Boucher L, Oughtred R, Livstone MS, Nixon J, Van Auken K, Wang
X, Shi X, Reguly T, Rust JM, Winter A, Dolinski K, Tyers M. 2011. The BioGRID interaction database: 2011
update. Nucleic Acids Research 39:D698-D704. DOI: https://doi.org/10.1093/nar/gkq1116, PMID: 21071413

Stynen B, Abd-Rabbo D, Kowarzyk J, Miller-Fleming L, Aulakh SK, Garneau P, Ralser M, Michnick SW. 2018.
Changes of cell biochemical states are revealed in protein homomeric complex dynamics. Cell 175:1418-1429.
DOI: https://doi.org/10.1016/j.cell.2018.09.050, PMID: 30454649

Tarassov K, Messier V, Landry CR, Radinovic S, Serna Molina MM, Shames |, Malitskaya Y, Vogel J, Bussey H,
Michnick SW. 2008. An in vivo map of the yeast protein interactome. Science 320:1465-1470. DOI: https://doi.
org/10.1126/science.1153878, PMID: 18467557

Taylor IW, Linding R, Warde-Farley D, Liu Y, Pesquita C, Faria D, Bull S, Pawson T, Morris Q, Wrana JL. 2009.
Dynamic modularity in protein interaction networks predicts breast Cancer outcome. Nature Biotechnology 27:
199-204. DOI: https://doi.org/10.1038/nbt.1522, PMID: 19182785

Uetz P, Giot L, Cagney G, Mansfield TA, Judson RS, Knight JR, Lockshon D, Narayan V, Srinivasan M, Pochart P,
Qureshi-Emili A, Li Y, Godwin B, Conover D, Kalbfleisch T, Vijayadamodar G, Yang M, Johnston M, Fields S,
Rothberg JM. 2000. A comprehensive analysis of protein-protein interactions in Saccharomyces cerevisiae.
Nature 403:623-627. DOI: https://doi.org/10.1038/35001009, PMID: 10688190

Verwaal R, Paalman JW, Hogenkamp A, Verkleij AJ, Verrips CT, Boonstra J. 2002. HXT5 expression is
determined by growth rates in Saccharomyces cerevisiae. Yeast 19:1029-1038. DOI: https://doi.org/10.1002/
yea.895, PMID: 12210898

Wapinski I, Pfeffer A, Friedman N, Regev A. 2007. Natural history and evolutionary principles of gene duplication
in fungi. Nature 449:54-61. DOI: https://doi.org/10.1038/nature06107, PMID: 17805289

Ward JJ, McGuffin LJ, Bryson K, Buxton BF, Jones DT. 2004. The DISOPRED server for the prediction of protein
disorder. Bioinformatics 20:2138-2139. DOI: https://doi.org/10.1093/bioinformatics/bth195

Weill U, Yofe |, Sass E, Stynen B, Davidi D, Natarajan J, Ben-Menachem R, Avihou Z, Goldman O, Harpaz N,
Chuartzman S, Kniazev K, Knoblach B, Laborenz J, Boos F, Kowarzyk J, Ben-Dor S, Zalckvar E, Herrmann JM,
Rachubinski RA, et al. 2018. Genome-wide SWAp-Tag yeast libraries for proteome exploration. Nature
Methods 15:617-622. DOI: https://doi.org/10.1038/541592-018-0044-9, PMID: 29988094

Wu J, Zhang N, Hayes A, Panoutsopoulou K, Oliver SG. 2004. Global analysis of nutrient control of gene expression
in Saccharomyces cerevisiae during growth and starvation. PNAS 101:3148-3153. DOI: https://doi.org/10.1073/
pnas.0308321100, PMID: 14973188

Yachie N, Petsalaki E, Mellor JC, Weile J, Jacob Y, Verby M, Ozturk SB, Li S, Cote AG, Mosca R, Knapp JJ, Ko
M, Yu A, Gebbia M, Sahni N, Yi S, Tyagi T, Sheykhkarimli D, Roth JF, Wong C, et al. 2016. Pooled-matrix
protein interaction screens using barcode fusion genetics. Molecular Systems Biology 12:863. DOI: https://doi.
org/10.15252/msb.20156660, PMID: 27107012

Yang Z. 2007. PAML 4: phylogenetic analysis by maximum likelihood. Molecular Biology and Evolution 24:1586—
1591. DOI: https://doi.org/10.1093/molbev/msm088, PMID: 17483113

Ye L, Berden JA, van Dam K, Kruckeberg AL. 2001. Expression and activity of the Hxt7 high-affinity hexose
transporter of Saccharomyces cerevisiae. Yeast 18:1257-1267. DOI: https://doi.org/10.1002/yea.771,

PMID: 11561293

Yofe |, Weill U, Meurer M, Chuartzman S, Zalckvar E, Goldman O, Ben-Dor S, Schiitze C, Wiedemann N, Knop M,
Khmelinskii A, Schuldiner M. 2016. One library to make them all: streamlining the creation of yeast libraries via
a SWAp-Tag strategy. Nature Methods 13:371-378. DOI: https://doi.org/10.1038/nmeth.3795, PMID: 2692
8762

Yu H, Braun P, Yildirim MA, Lemmens |, Venkatesan K, Sahalie J, Hirozane-Kishikawa T, Gebreab F, Li N, Simonis
N, Hao T, Rual JF, Dricot A, Vazquez A, Murray RR, Simon C, Tardivo L, Tam S, Svrzikapa N, Fan C, et al. 2008.
High-quality binary protein interaction map of the yeast interactome network. Science 322:104-110.

DOI: https://doi.org/10.1126/science.1158684, PMID: 18719252

Zhao L, Liu Z, Levy SF, Wu S. 2018. Bartender: a fast and accurate clustering algorithm to count barcode reads.

Bioinformatics 34:739-747. DOI: https://doi.org/10.1093/biocinformatics/btx655, PMID: 29069318

Liu et al. eLife 2020;9:62365. DOI: https://doi.org/10.7554/eLife.62365 27 of 37


https://doi.org/10.1038/ncomms15586
https://doi.org/10.1038/ncomms15586
http://www.ncbi.nlm.nih.gov/pubmed/28541284
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1002/prot.21281
http://www.ncbi.nlm.nih.gov/pubmed/17154416
https://doi.org/10.1101/125724
https://doi.org/10.1093/nar/gkj109
http://www.ncbi.nlm.nih.gov/pubmed/16381927
https://doi.org/10.1093/nar/gkq1116
http://www.ncbi.nlm.nih.gov/pubmed/21071413
https://doi.org/10.1016/j.cell.2018.09.050
http://www.ncbi.nlm.nih.gov/pubmed/30454649
https://doi.org/10.1126/science.1153878
https://doi.org/10.1126/science.1153878
http://www.ncbi.nlm.nih.gov/pubmed/18467557
https://doi.org/10.1038/nbt.1522
http://www.ncbi.nlm.nih.gov/pubmed/19182785
https://doi.org/10.1038/35001009
http://www.ncbi.nlm.nih.gov/pubmed/10688190
https://doi.org/10.1002/yea.895
https://doi.org/10.1002/yea.895
http://www.ncbi.nlm.nih.gov/pubmed/12210898
https://doi.org/10.1038/nature06107
http://www.ncbi.nlm.nih.gov/pubmed/17805289
https://doi.org/10.1093/bioinformatics/bth195
https://doi.org/10.1038/s41592-018-0044-9
http://www.ncbi.nlm.nih.gov/pubmed/29988094
https://doi.org/10.1073/pnas.0308321100
https://doi.org/10.1073/pnas.0308321100
http://www.ncbi.nlm.nih.gov/pubmed/14973188
https://doi.org/10.15252/msb.20156660
https://doi.org/10.15252/msb.20156660
http://www.ncbi.nlm.nih.gov/pubmed/27107012
https://doi.org/10.1093/molbev/msm088
http://www.ncbi.nlm.nih.gov/pubmed/17483113
https://doi.org/10.1002/yea.771
http://www.ncbi.nlm.nih.gov/pubmed/11561293
https://doi.org/10.1038/nmeth.3795
http://www.ncbi.nlm.nih.gov/pubmed/26928762
http://www.ncbi.nlm.nih.gov/pubmed/26928762
https://doi.org/10.1126/science.1158684
http://www.ncbi.nlm.nih.gov/pubmed/18719252
https://doi.org/10.1093/bioinformatics/btx655
http://www.ncbi.nlm.nih.gov/pubmed/29069318
https://doi.org/10.7554/eLife.62365

eLife

Computational and Systems Biology
Appendix 1
Identification of PPIs

In each environment and for each protein pair, we calculated a mean fitness value () and a p-value
(p) against negative controls from its replicate fitness measurements. We called PPls using a combi-
nation of f and p by using a dynamic threshold that rendered the best balance between precision
and recall, as assessed using reference sets constructed from the BioGRID database. We removed
PPIs containing ‘promiscuous proteins’ by identifying proteins that interact with untethered mDHFR
fragment controls.

Merging two replicate SD datasets

Since we collected fitness measurements from two independent growth cultures in the SD environ-
ment, we merged the data from these two experiments prior to PPI calling. Because the range of fit-
ness values of the two SD datasets differed slightly, we first normalized the fitness value for each
barcode:

Fitnessparcoqe — Fitnesspyrr(—
Normalized Fitnesspqrcode = )

FitHESSDHFR(+) - FitnessDHpR(,) ’

where Fitnessparcode is the fitness of each double barcoded PPiSeq strain, Fitnesspuere, is the mean
fitness of 100 control strains that lack a mDHFR reporter, and Fitnesspyer(s) is the mean fitness of 10
control strains that have a full-length mDHFR reporter under the TEF1 promoter. We considered all
barcodes that mark the same PPI from two datasets as replicate measurements for that PPI. To com-
pare PPls called in the SD environment with other environments (Figure 2 and after), we removed
783 PPIs that were called using a single barcode (measured twice in SD, but only once in all other
environments).

Calculating a p-value for each protein-protein pair

To identify positive PPls in each environment, we first generated a null fitness distribution from con-
trol strains (ORF x Null; 17,594 double barcodes) that contain a DHFR-fragment control (F[1,2] or F
[3]) that is not fused with an ORF paired with an ORF-DHFR fusion (F[3] or F[1,2], respectively). For
each protein pair with at least 2 fitness scores (2 double barcodes), we compared the replicate fit-
ness scores against this null distribution using a one-sided Welch's t-test and obtained a p-value for
each protein pair. Protein pairs with only one fitness score were not considered for PPI detection

Construction of positive reference sets

A positive reference set in each environment was constructed by identifying high-confidence PPls
from the BioGRID database (BIOGRID-organism-Saccharomyces_cerevisiae_S288C-3.4.160)
(Stark et al., 2006). We defined any protein pair identified as a PPl by at least three separate meth-
ods, and at least one binary method (‘“Two-hybrid’, ‘FRET’, ‘PCA’), to be a high-confidence PPI. For
each environment, we selected this high-confidence set from all protein pairs with at least two fit-
ness scores in that environment (i.e. it has a p-value determined in section of calculating a p-value
for each protein-protein pair) as the positive reference set (SD1: 580 protein pairs; SD2: 586; SD-
merge: 633; Forskolin: 534; FK506: 517; NaCl: 563; Raffinose: 432; Hydroxyurea: 576; H,O,: 585;
Doxorubicin: 561; 16°C: 578). We note that most previously defined PPls have been observed in
standard growth media (e.g. SD), so we expect that some fraction of positive reference PPls may not
be present in other environments. In the absence of any previous environment-specific PPl calls,
these positive reference sets were nevertheless useful for selecting thresholds for our PPI calling (see
below).

Construction of random reference sets

Fifty random reference sets were constructed in each environment by sampling from all protein pairs
that we assayed with no evidence of being a PPI in the BioGRID database. Because most protein
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protein pairs are not expected to physically interact, we used this random reference set as putative
negative PPls for selecting thresholds for our PPI calling. The number of protein pairs selected for
the random reference set was chosen to reflect the percentage of protein pairs in our screen that
have been identified as a PPl in BioGRID by any form of evidence (~1%). That is, in an environment
with 600 protein pairs in its positive reference set, we selected ~60,000 (100x) protein pairs for each
random reference set. Choosing a random reference set of this size allows us to more accurately
report positive predictive values (Jensen and Bork, 2008).

We note that the number of PPIs included in the positive and negative reference sets impact pos-
itive predictive values (PPVs), and thus PPVs between studies that use different sized reference sets
are not directly comparable (Jensen and Bork, 2008). For example, the ratio of number of PPIs in
the positive reference set over the negative reference set is ~40 times smaller in the proteome-scale
PCA study, resulting in higher PPVs (Jensen and Bork, 2008; Tarassov et al., 2008). If the prote-
ome-scale PCA study used similar sized reference sets as we do here, the PPV for positive calls
would be comparable to this study.

Callirg positive PPIs using a dynamic threshold on mean fitness and
p-value

PPIs were identified in each environment using a combination of the mean fitness (f) and p-value
(Logqo(p-value): p) for each protein pair in that environment. To determine dynamic f and p thresh-
olds for a PPI call, we first chose many discrete threshold combinations of f(0 to 0.5) and p (-5 to 0)
and determined the PPV for each using the positive and random reference sets to estimate true and
false positives:

P

PPV = ———
TP + FP

where TP is the number of true positives. FP is the number of false positives.

Many combinations of discrete f and p values have a similar PPV (Appendix 1—figure 1A). How-
ever, the PPV for a given f and p can vary when using different random reference sets (Appendix 1—
figures 1B and 2). Therefore, to determine the mean relationship between f and p for each PPV in
an environment, we fit a sigmoidal curve [nls(f ~ SSlogis(p, Asym, xmid, scal)) in R] using data from
all 50 random reference sets in that environment. Data at p < —4 (p-value<10~%) was generally too
sparse to confidently fit a regression. We therefore applied a more conservative constant f threshold
at these p (threshold equals the minimum f when p >= —4). We next considered each PPV regression
line as a potential dynamic threshold for PPI calling. To determine the optimal dynamic threshold for
each environment (the PPV regression that renders the best balance of precision and recall), we cal-
culated the number of true positives (TP), true negatives (TN), false positives (FP), and false nega-
tives (FN). The threshold with the maximal Matthews correlation coefficient (MCC)
(Matthews, 1975) was chosen.

TP x TN — FP x FN

MCC =
\/(TP + FP) (TP + FN) (IN + FP) (TN + FN)

The chosen threshold and its performance in each environment are shown in Appendix 1—figure
2 and Appendix 1—table 1. The precision and recall plots are shown in Appendix 1—figure 3. In
all cases, using a dynamic threshold showed superior performance over any combination of discrete
thresholds (Appendix 1—figure 4).
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Appendix 1—figure 1. Defining a dynamic threshold for PPI calling. (A) A discrete combination of a
fitness threshold (f) and a p-value threshold (p) results in a PPV. Colored lines are fitness and p-value
thresholds that result in the same PPV in SD. (B) Density plot of all fand p combinations that result
in a PPV of 0.7 using 50 different random reference sets in SD. The black line is the fitted sigmoid
model that is used for the dynamic threshold.
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Appendix 1—figure 2. Density plots of the dynamic thresholds in each environment. Data were split
into two groups: p < —4 and p >= —4. For p >= —4, as in Appendix 1—figure 1B, a sigmoidal
function was fit to f and p combinations that result in the same PPV value. For p < —4, the fitness
threshold was set to equal the minimum fitness value when p >= —4. The dynamic threshold that
results in the maximum MCC in each environment was shown in the plot.
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Appendix 1—figure 3. The precision-recall curves of dynamic thresholds in each environment. Red
asterisks mark the thresholds with maximal Matthews correlation coefficients.
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Appendix 1—figure 4. Dynamic thresholds (red) of f and p have a higher positive predictive value
(PPV) than most discrete combinations (blue). Points represent the PPVs for dynamic thresholding

and for all combinations of discrete fitness and p-value thresholds underlying a constant range of

false positive rates obtained from the optimal dynamic threshold in each environment.

To examine whether our analyses were robust to different thresholds, we also defined a conserva-
tive dynamic threshold with an FPR <0.1%. This strict threshold identifies 'higher confidence’ PPlIs in
each environment (Appendix 1—table 1).

Appendix 1—table 1. Metrics for the dynamic thresholds used in each environment.

‘FPR': false positive rate; ‘TPR’: true positive rate; 'PPV': positive predictive value; ‘"MCC': Matthews
correlation coefficient; ‘Detected_PRS(70)": 70 likely protein interaction pairs in a positive reference
set; 'Detected_RRS(67)": 67 random pairs in a random reference set (Liu et al., 2019; Yu et al.,
2008).
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Optimal dynamic threshold based on the best balance between precision and recall

Environment Optimal_ FPR TPR PPV MCC F1_Score Detected_PRS Detected_RRS
threshold (70) (67)

SD1 0.7 0.00283 0.4647 0.6075 0.5274 0.5266 20 3
SD2 0.73 0.002315 0.4317 0.6386 0.5214 0.5152 20 2
SD-merge 0.7 0.002473 0.4124 0.6187 0.5012 0.4949 19 3
FK506 0.72 0.00196 0.4352 0.6551 0.5307 0.523 20 3
H202 0.73 0.002232 0.4342 0.6517 0.5283 0.5212 20 3
Hydroxyurea 0.74 0.00222 0.4569 0.6613 0.5461 0.5405 19 1
NaCl 0.73 0.00145 0.2895 0.6462 0.4292 0.3999 18 1
Forskolin 0.64 0.003727 0.5424 0.5608 0.5476 0.5514 22 2
Raffinose 0.48 0.008105 0.5633 0.4001 0.4688 0.4679 20 2
Doxorubicin 0.77 0.001765 0.344 0.6425 0.4667 0.4481 18 2
16 °C 0.41 0.00281 0.1367 0.3164 0.203 0.1909 21 3

Arbitrary strict dynamic threshold in each environment

Environment Optimal_ FPR TPR PPV MCC F1_Score Detected_PRS Detected_RRS
threshold (70) (67)

SD-merge 0.79 0.000945201 0.283949447 0.745351747 0.457089253 0.411234763 17 2
FK506 0.78 0.000978346 0.338491296 0.747573979 0.500365002 0.465989091 18 2
H202 0.8 0.000873036 0.306051282 0.771675172 0.48312128 0.438278516 17 2
Hydroxyurea 0.8 0.000984872 0.322118056 0.75660523 0.490767592 0.45186047 17 1
NaCl 0.76 0.000965072 0.237371226 0.692789678 0.402579452 0.353591157 18 1
Forskolin 0.77 0.000921497 0.302696629 0.742709167 0.471420905 0.430101999 17 1
Raffinose 0.56 0.004453894 0.426481481 0.479253019 0.447039993 0.451329915 18 1
Doxorubicin 0.82 0.000989351 0.26916221 0.71558061 0.435929061 0.391182865 17 2
16 °C 0.51 0.000900186 0.071384083 0.432281211 0.172518262 0.122533747 17 3

Detection and removal of promiscuous proteins

We excluded from our PPiSeq library any proteins that have been previously found to promiscuously
form (likely spurious) PPls in standard growth conditions (Tarassov et al., 2008). However, new pro-
miscuous proteins may arise in other conditions screened here. We detected these promiscuous bait
or prey constructs by determining if a PPl was called when it was paired with a DHFR-fragment con-
trol . If a bait or prey construct was identified as promiscuous in one environment, all PPIs containing
that construct were removed in that environment. If a bait or prey construct was identified as promis-
cuous in two or more environments, all PPIs containing that construct were removed from all envi-
ronments. Promiscuous proteins are summarized in Appendix 1—table 2.

Appendix 1—table 2. Summary of promiscuous proteins that interact with an mDHFR fragment that
is not tethered to any protein.

Promiscuous and non-promiscuous proteins are represented by 1 and 0, respectively, in each
environment.

Positive_environme_

PPI number SD_merge H,O, Hydroxyurea Doxorubicin Forskolin Raffinose NaCl FK506 16 °C
YMR120C _6 _'I _1 _1 _O _1 _1 _O _1 _O
YIL143C 6 1 1 1 0 1 1 1 0 0
YLLO34C 5 1 1 0 1 0 0 1 0 1
YPL139C 4 1 1 0 0 0 0 1 1 0

Continued on next page
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Appendix 1—table 2 continued

Positive_environme_

PPI number SD_merge H,O, Hydroxyurea Doxorubicin Forskolin Raffinose NaCl FK506 16 °C
YGR278W 2 0 1 0 0 0 1 0 0
YPL112C 2 0 0 0 1 0 0 1 0 0
YILO70C 2 0 0 0 1 0 0 0 1 0
YHLOO7C 2 0 0 0 1 0 0 0 1 0
YDR452W 2 0 0 0 1 0 0 0 1 0
YOL147C 1 0 1 0 0 0 0 0 0 0
YERO87W 1 0 0 0 1 0 0 0 0 0
YERO63W 1 0 0 0 1 0 0 0 0 0
YOR323C 1 0 0 0 1 0 0 0 0 0
YNLO64C 1 0 0 0 1 0 0 0 0 0
YKROSOW 1 0 0 0 0 1 0 0 0 0
YJL153C 1 0 0 0 0 1 0 0 0 0
YDL208W 1 0 0 0 0 0 0 1 0 0
YLR182W 1 0 0 0 0 0 0 1 0 0
YPR124W 1 0 0 0 0 0 0 1 0 0
YHR114W 1 0 0 0 0 0 0 1 0 0
YDR381C-A 1 0 0 0 0 0 0 1 0 0
YGR198W 1 0 0 0 0 0 0 1 0 0
YDR171W 1 0 0 0 0 0 0 1 0 0
YGR130C 1 0 0 0 0 0 0 1 0 0
YLLO22C 1 0 0 0 0 0 0 1 0 0
YMR136W 1 0 0 0 0 0 0 1 0 0
YKLOT0C 1 0 0 0 0 0 0 1 0 0
YCRO33W 1 0 0 0 0 0 0 1 0 0
YPLO83C 1 0 0 0 0 0 0 1 0 0
YOR360C 1 0 0 0 0 0 0 1 0 0
YOR393W 1 0 0 0 0 0 0 1 0 0
YNLO26W 1 0 0 0 0 0 0 1 0 0
YGR195W 1 0 0 0 0 0 0 1 0 0
YOR306C 1 0 0 0 0 0 0 1 0 0
YDLO?3W 1 0 0 0 0 0 0 1 0 0
YCRO59C 1 0 0 0 0 0 0 1 0 0
YOLO8TW 1 0 0 0 0 0 0 1 0 0
YGR140W 1 0 0 0 0 0 0 1 0 0
YKL139W 1 0 0 0 0 0 0 1 0 0
YELO17C-A 1 0 0 0 0 0 0 0 1 0
YDL112W 1 0 0 0 0 0 0 0 1 0
YDROS7W 1 0 0 0 0 0 0 0 1 0
YFROOTW 1 0 0 0 0 0 0 0 0 1
YJL124C 1 0 0 0 0 0 0 0 0 1
YDR151C 1 0 0 0 0 0 0 0 0 1
YBRO57C 1 0 0 0 0 0 0 0 0 1

Continued on next page
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Positive_environme_

Computational and Systems Biology

PPI number SD_merge H,O, Hydroxyurea Doxorubicin Forskolin Raffinose NaCl FK506 16 °C
YHR146W 1 0 0 0 0 0 0 0 0 1
YDR379W 1 0 0 0 0 0 0 0 0 1
YDR513W 1 0 0 0 0 0 0 0 0 1
YMR227C 1 0 0 0 0 0 0 0 0 1
YDR420W 1 0 0 0 0 0 0 0 0 1
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Appendix 2

Supplementary tables

Tables can be downloaded from: https://osf.io/jmhrb/ (Liu, 2020b).

Table S1. Bottleneck cell size and generation number of serial batch culture in different environ-
ments. ‘'T-1' is frozen stock from which all competitions start. ‘'TO’ to ‘T7’ are the serial population
bottlenecks.

Table S2. Read count of each double barcode at different time points in each environment. Four
or five time points were sequenced per environment. Spike-in control PPls were named as follows in
the column ‘PPl ‘ORF_HO:TEF1pr-DHFR1-2’, ‘ORF_HO:TEF1pr-linker-DHFR1-2’, 'HO:TEF1pr-
DHFR3_ORF’, and ‘HO:TEF1pr-linker-DHFR3_ORF’ are interactions with a DHFR fragment that is not
tethered to a yeast protein (ORF X Null in Figure 1D); ‘positive_DHFR’ are yeast strains that contain
a full length mDHFR under a strong promoter (DHFR + in Figure 1D); 'negative_non_DHFR’ are
yeast strains that lack any mDHFR fragment (DHFR- in Figure 1D); 'Pos_PPl_number-first
(ORF1 ~Pos_ORF2 ~Pos)" and ‘Pos_PPl_number-second(ORF2 ~Pos_ORF1 ~Pos)’ are 70 likely pro-
tein interaction pairs; ‘Neg_PPl_number-firsttORF1 ~Neg_ORF2 ~Neg)’ and ‘Neg_PPI_number-sec-
ond(ORF2 ~Neg_ORF1 ~Neg)' are 67 random pairs. These likely protein interaction pairs and
random pairs were chosen from the previously constructed reference sets (Liu et al., 2019,
Yu et al., 2008). The suffixes of ‘first’ and ‘second’ stand for the same protein pair with a different
protein chimera acting the bait protein (i.e. ORF1-DHFR[1,2] X ORF2-DHFR[3] and ORF1-DHFR[3] X
ORF2-DHFR[1,2]).

Table S3. Estimated fitness and estimation error of each double barcode in each environment.
Spike-in controls are as in Appendix 2 Table S2. The estimation error, d, describes the deviation of
the predicted counts from the observed counts at different time points for each double barcode
(see Materials and methods). High d indicates higher error in fitness estimation.

Table S4. Number of double barcodes found in the pool, mean fitness, p-value, and whether or
not a PPl is called. For PPI calling, one represents a positive PPl and O represents a negative PPI.
Spike-in controls are as in Appendix 2 Table S2.

Table S5. Predicted validation rates for identified PPIs in each environment.

Table Sé6. High-confidence PPIs in each environment. In each environment, one represents a posi-
tive PPl and O represents a negative PPI.

Table S7. Significant gene ontology terms enriched for proteins in each community of the PPI net-
work as detected by the InfoMAP algorithm.

Table S8. Protein features derived from the PPiSeq multi-environment network and other gene
features. ‘PPl.degree.PPiSeq’ is the number of PPls detected for each protein. ‘Mean.positive.envi-
ronment.number.PPiSeq’ is the mean number of environments in which those PPls are detected.
‘Standard.deviation.positive.environment.number.PPiSeq’ is the standard deviation of the number of
environments in which those PPls are detected.
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