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Summary

We present a strategy for generating and analyzing com-
prehensive genetic-interaction maps, termed E-MAPs
(epistatic miniarray profiles), comprising quantitative
measures of aggravating or alleviating interactions
between gene pairs. Crucial to the interpretation of
E-MAPs is their high-density nature made possible by
focusing on logically connected gene subsets and in-
cluding essential genes. Described here is the analy-
sis of an E-MAP of genes acting in the yeast early
secretory pathway. Hierarchical clustering, together
with novel analytical strategies and experimental veri-
fication, revealed or clarified the role of many pro-
teins involved in extensively studied processes such
as sphingolipid metabolism and retention of HDEL
proteins. At a broader level, analysis of the E-MAP
delineated pathway organization and components of
physical complexes and illustrated the interconnec-
tion between the various secretory processes. Exten-
sion of this strategy to other logically connected gene
subsets in yeast and higher eukaryotes should pro-
vide critical insights into the functional/organizational
principles of biological systems.

Introduction

A comprehensive understanding of cellular life requires
a multitiered description of its organizing principles.
This involves cataloging the molecular activities of indi-
vidual proteins, obtaining information on how proteins
are organized into pathways and complexes, and de-
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scribing how the different biological processes influ-
ence each other. A variety of genomic and proteomic
strategies for systematically obtaining such information
exist, including identification of genes that are coregu-
lated by DNA microarrays (Eisen et al., 1998; Hughes et
al., 2000) and definition of physical complexes by affin-
ity purification (Gavin et al., 2002; Ho et al., 2002) or
two-hybrid studies (Ito et al., 2001; Uetz et al., 2000).
An alternate approach for exploring function is to look
for genetic interactions. In Saccharomyces cerevisiae,
this has been accomplished in a systematic manner by
exploiting the library of deletion strains to qualitatively
identify pairs of gene deletions that lead to a synthetic
sick/lethal (SSL) phenotype (Pan et al., 2004; Tong et
al., 2001, 2004). The information collected using this
approach is highly complementary to transcriptional
and physical interaction data since it identifies pro-
cesses that act in parallel to support viability. However,
because SSL interactions are most often found be-
tween genes involved in distinct processes (Kelley and
Ideker, 2005), interpretation of the cause and signifi-
cance of such interactions is often challenging.

SSL analysis, in fact, represents only a specific case
of the broader phenomenon of epistasis in which the
phenotypic consequence of altering one gene is modu-
lated by the presence or absence of a second one. This
includes both negative (aggravating) interactions de-
tected in SSL studies as well as positive ones such as
buffering interactions where the cost of eliminating one
gene is mitigated by the loss of a second one and true
suppressor interactions in which the double mutant is
healthier than the sickest single mutant. Theoretical
considerations suggest that comprehensive and quan-
titative epistatic data could provide detailed informa-
tion not only on protein function but on higher levels
of cellular organization (Segre et al., 2005). However,
interpretation of such data requires high-density maps
since much of the information is distributed across pat-
terns of interactions (Segre et al., 2005). Moreover, the
ability to measure positive interactions provides a criti-
cal supplement to SSL (which typically connects dis-
tinct processes) as genes that act together in a single
complex or pathway will often have buffering interac-
tions with each other. Thus, the quality and complete-
ness of a genetic-interaction map will determine the
precision by which the function and organization of
proteins can be resolved.

More broadly, knowledge of the spectrum of epistatic
relationships is crucial for analyzing the manifestation
of quantitative traits, for guiding efforts to tailor drug
treatments to an individual’s genetic makeup, and for
developing rational strategies for drug-combination
therapies. Finally, central features of evolutionary biol-
ogy, including maintenance of genetic variability, sexual
reproduction, and speciation, are dependent on the
structure of genetic interactions (Elena and Lenski,
1997; Phillips et al., 2000).

Efforts to construct high-density, quantitative epi-
static interaction maps face three major technical chal-
lenges. First, the number of gene pairs is enormous
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(nearly 20 million in S. cerevisiae) and the density of
interactions is low (estimated [Tong et al., 2004] to be
1 in 200 for SSL pairs involving nonessential genes).
This puts a tremendous demand on the quantity and
quality of data needed to generate a complete, whole-
cell network of genetic interactions. However, the spa-
tial and functional compartmentalization of cells results
in “neighborhood clustering” in which there is a far
higher density of genetic interactions between genes
encoding colocalized and coregulated proteins (Huh et
al., 2003; Tong et al., 2004). Because the number of
possible interactions scales as the square of the num-
ber of genes, screening for genetic interactions within
a limited, predominantly self-contained gene subset
greatly increases the density of hits (and thus the sig-
nal-to-noise ratio) while drastically reducing the num-
ber of gene pairs that need to be tested.

The second obstacle is that detection of positive in-
teractions requires quantitative comparisons between
the growth of double and single mutants. This can be
far more challenging than detection of SSL interactions,
which involves only the identification of inviable double
mutants. The collection of high-density interaction data
enables an elegant solution to this challenge. Because
it provides a large data set for each gene, it allows pre-
cise comparisons between the observed viability of a
given double mutant and that typical of other double
mutants involving each of the two genes.

The final important limitation to the construction of
comprehensive epistatic maps is that there is no simple
method for generating hypomorphic alleles of essential
genes. However, essential proteins are most likely to
be conserved across phyla and to play central roles in
cellular function (Giaever et al., 2002). In order to in-
clude genes essential for cell viability, we have devel-
oped a simple strategy for generating such alleles,
termed DAmP (decreased abundance by mRNA pertur-
bation), which enables large-scale genetic and func-
tional analyses.

Based on the above considerations, we present a
strategy for generating comprehensive descriptions,
termed E-MAPs (epistatic miniarray profiles), of genetic
interactions between logically connected subsets of
genes. We further describe the construction and analy-
sis of an E-MAP of genes acting in the yeast early se-
cretory pathway (ESP). We chose this particular subset
of proteins because the pathway is spatially restricted
and its central functions (e.g., lipid biosynthesis and
translocation, folding, processing, and trafficking of
secreted proteins) are highly conserved and crucial to
many metazoan processes, including development and
the function of the immune, neuronal, and endocrine
systems.

Results and Discussion

DAmP: A General Approach for Creating
Hypomorphic Alleles
To enable the systematic analysis of the essential
genes of S. cerevisiae, we developed a robust and effi-
cient technique, DAmP, for generating hypomorphic al-
leles. DAmP utilizes simple, PCR-based homologous
recombination to disrupt the natural 3#UTR by insertion

of an antibiotic-resistance marker, thus greatly destabi-
lizing the corresponding messages (Muhlrad and Par-
ker, 1999). The DAmP strategy yields proteins under
their natural transcriptional regulation but at substan-
tially reduced levels (see Table S1 in the Supplemental
Data available with this article online). For the large ma-
jority of essential genes, in the absence of additional
stress, the DAmP alleles are expressed at levels suffi-
cient to support viability. This approach complements
promoter replacement alleles (Mnaimneh et al., 2004),
which often are not well suited for large-scale genetic-
interaction studies due to difficulties in achieving inter-
mediate expression levels (N.J.K. and J.F.G., unpub-
lished data).

To evaluate the utility of DAmP alleles, we focused
on five well-characterized, essential proteins of the
ESP. First, we showed that DAmP alleles of two genes,
SEC62 and SEC63, that encode components of the
translocon have greatly reduced protein levels com-
pared to wild-type (Figure 1A, top panel). These alleles
show strong aggravating interactions with genes en-
coding seven nonessential components of the translo-
cation process (Figure 1A, bottom panel). Second, we
show that the DAmP strain of the major ER chaperone
and HSP70 homolog, KAR2, has an approximately 2-fold
reduction in protein level (Figure 1B, top left panel).
Here, the relatively small decrease results from induc-
tion of the unfolded protein response (UPR) (Figure 1B,
bottom panel), an ESP-specific stress response that in-
duces KAR2 transcription (Patil and Walter, 2001). This
leads to a synthetic-lethal genetic interaction between
a kar2-DAmP strain and a Dire1 strain that cannot in-
duce the UPR (Figure 1B, top right panel). Finally, we
used the DAmP method on PDI and ERO1, which to-
gether are responsible for promoting disulfide forma-
tion (Tu and Weissman, 2004). Pdi1p levels were greatly
reduced (Figure 1C, top panel), and both strains
showed the strong sensitivity to the reducing agent
dithiothreitol (DTT) (Figure 1C, bottom panels) charac-
teristic of strains with reduced Pdi1p or Ero1p activity
(Tu and Weissman, 2004). The ease of implementation
and robustness of the DAmP approach (illustrated here
and below) now make the essential part of the yeast
genome readily accessible to the type of comprehen-
sive chemical sensitivity, genetic, and functional
studies that have revolutionized the analysis of the set
of nonessential genes (Giaever et al., 2002, 2004; Par-
sons et al., 2004).

Constructing an ESP Genetic-Interaction Map
We took advantage of the available functional and in-
tracellular localization data to identify 424 genes (367
deletion strains of nonessential genes and 57 strains
carrying DAmP alleles of essential ones) whose prod-
ucts are localized to, or impact on, the ESP (Balakrish-
nan et al., 2005; Huh et al., 2003; Kumar et al., 2002).
By using cellular localization data derived from large-
scale GFP fusion studies (Huh et al., 2003; Kumar et al.,
2002) (for description of localizations used, see Table
S2), we were able to include w160 unknown or poorly
characterized open reading frames (ORFs). To obtain
an accurate and homogeneous functional nomencla-
ture for our genes, we assigned each protein to a func-
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Figure 1. DAmP: A General Approach Producing Hypomorphic Al-
leles Suitable for Chemical and Genetic Analyses

(A) Upper panel: Western blots of the essential translocon compo-
nent Sec62p and Sec63p levels in DAmP strains relative to wild-
type (WT). Lower panel: tetrad analysis demonstrating aggravating
genetic interactions between sec62- and sec63-DAmP and the in-
dicated deletions in the nonessential signal recognition particle
(SRP) proteins, translocon components, or translocation chaper-
ones. Abbreviations used throughout: wild-type (wt), single mu-
tants (SM), double mutants (DM).
(B) Upper left panel: Western blot of the essential chaperone Kar2p
levels in DAmP strains relative to wt. Upper right panel: illustration
of synthetic-lethal interaction between kar2-DAmP and a UPR-defi-
cient strain (Dire1). Lower panel: UPR levels (normalized to un-

tional category by reviewing the literature (Figure 2A
and Table S2).

We developed a strategy for providing quantitative
metrics of the strength of genetic interactions. Using
the synthetic genetic array (SGA) approach (Tong et al.,
2001), we generated double mutants for each of the
genes in our ESP set. All double-mutant spores were
plated under identical conditions, and colony sizes were
measured by digital imaging (Parsons et al., 2004) (Figure
2B). In order to quantitatively evaluate both negative
and positive epistatic relationships, we needed to com-
pare the growth rate of each double mutant to that
which would be expected given the growth rates of the
two single mutants. One strategy for evaluating epi-
static interactions would be to directly measure the
growth rate of each single and double mutant and as-
sume, as is typically done, that in the absence of an
interaction the growth defect of a double mutant will
be the product of the growth defects of the two single
mutants (Phillips et al., 2000; Segre et al., 2005). How-
ever, uncertainty about the validity of this assumption
as well the introduction of error associated with the
measurement of single mutants makes this approach
less desirable. Instead, we took advantage of the com-
prehensive nature of our data, and the fact that signifi-
cant genetic interactions are rare, to empirically deter-
mine with high precision the expected size for each
double mutant given its two mutations (S.R.C. and
J.S.W., unpublished data). By comparing the observed
colony sizes to these expected values, we obtained
quantitative (Figure S1) measures for both negatively
scored (aggravating) interactions, in which double mu-
tants grow more slowly than expected, and positively
scored (alleviating) interactions, where the double mu-
tants grow more rapidly than expected (Figures 2B
and 2C).

The quality of our data was greatly improved by the
fact that each deletion was made independently with
both antibiotic-resistance markers and both pairwise
interactions were measured (Figure 2C). This 2-fold re-
dundancy allowed us to identify incorrect strains (e.g.,
revertants or contaminants [w11% of the library]),
which, along with strains that gave highly irreproducible
results, we removed and, when practical, replaced.
Having full biological replicates also eliminated many
sources of systematic error. It further provided a direct
measure of the experimental variability and allowed us
to evaluate rigorously the significance of our measures
as a function of the observed interaction score (S.R.C.
and J.S.W., unpublished data) (Figure 2C, inset). In ad-
dition to allowing the evaluation of positive interactions,

treated wt cells) in the indicated strains in the presence or absence
of the reducing agent DTT. Note that kar2-DAmP strains induce the
UPR; this in turn causes upregulation of KAR2 transcription, which
may explain the relatively low reduction in Kar2p levels in the
DAmP strain.
(C) Upper panel: Western blot of Pdi1p levels in a DAmP strain
relative to wt. Bottom panels: DTT sensitivity of pdi1-DAmP and
ero1-DAmP (the two essential components of disulfide-bond for-
mation in the ER) strains relative to wt. From left to right, the indi-
cated strains are plated in 10-fold serial dilutions onto media con-
taining or devoid of DTT.
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our quantitative metric provided a more sensitive ap-
proach than SGA or conventional tetrad analysis for de-
tection of synthetic-lethal interactions (see Figure 2C,
Figure S2A, and the UPR analysis below).

For most of the following analyses, we used a con-
tinuous score to describe interaction strength. How-
ever, where it was advantageous to have a discrete
evaluation of interactions, we used a 95% confidence
threshold (which corresponds to |score| > 2.5 [Figure
2C, inset]). Counting such significant interactions, we
found that both the DAmP alleles of the essential and
the deletions of nonessential genes, on average,
showed SSL interactions with approximately 3% of this
library, which is notably higher than the observed rate
of 0.5% for the set of genome-wide SSL screens per-
formed on the nonessential-deletion-mutant collection
(Tong et al., 2004). Thus, by studying a dense, largely
self-interacting set of genes, we obtained a high-confi-
dence data set spanning a large fraction of each gene’s
interactions despite screening only a small fraction of
possible gene pairs. Nonetheless, concentrating on a
functional subset of genes means that some interac-
tions will be missed, and therefore it would be advanta-
geous to combine this approach with single-gene ge-
nome-wide screens.

The distribution of interactions varied widely for the
different functional categories within the ESP, with UPR
components having the highest mean number of in-
teractions and uncharacterized ORFs having the lowest
(Figure 2D). We selected the UPR category to evaluate
experimentally the accuracy and completeness of our
interaction measurements. Because deletion strains
showing aggravating interactions with IRE1 typically in-
duce the UPR, we could assess the accuracy of our
scoring independently of tetrad analysis. By measuring
UPR activation using a fluorescent reporter, we con-
firmed that 34 of the 35 nonessential genes that were
scored as having aggravating interactions with IRE1
actually led to induction of the UPR. Analysis of the
UPR data also argues for a low false-negative rate for

Figure 2. Overview of the Genetic-Interaction Map of the Early Se-
cretory Pathway

(A) Distribution of early secretory pathway (ESP) gene functions
analyzed and number of strains from each category (described in
Table S3).
(B) Illustration of the range of colony sizes detected by the E-MAP
strategy. The scale bar represents the color code used throughout
the manuscript. No simple correspondence between score and col-
ony size exists, as the interaction score also takes into account the
growth defect of the single mutants.
(C) Scatter plot comparing independent interaction scores for each
gene pair. Each point represents a single gene pair, with the two
scores derived from independent measurements (each done in six
replicates) in which the antibiotic-resistance gene (KAN or NAT)
used to generate and mark the two gene deletions has been
swapped. Inset is a graphic representation of the confidence value
of interactions as a function of the average interaction score
(S.R.C. and J.S.W., unpublished data).
(D) Distribution of significant aggravating interactions (>95% confi-
dence, S < −2.5) for the strains of different functional groups. The
blue box indicates the mean number of interactions. The gray box
represents the 25th–75th percentile, and the bars indicate the 10th–
90th percentile.
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genetic interactions as only 4 of these 34 genes failed
to show a significant interaction with the IRE1-depen-
dant UPR inducer HAC1 (Table S3).

Probing ESP Function Utilizing
Hierarchical Clustering
Once quantitative measures of epistatic interactions
have been obtained for each gene, the resulting pattern
of scores can be regarded as a phenotypic signature.
Hierarchical clustering (Eisen et al., 1998) of these sig-
natures yielded a remarkably large number of function-
ally homogeneous subtrees (Figure 3). Perhaps even
more notable was the ability of the clustering algorithm
to make subtle distinctions within cellular processes,
pointing to the high precision of the phenotypic signa-
tures made possible by the comprehensive nature of
the interaction data. This analysis also highlighted the
value of obtaining quantitative data as well as data on
positive interactions since the quality of the clusters
deteriorated substantially when such information was
not included (S.R.C. and J.S.W., unpublished data). To
illustrate the depth of biological information in the ge-
netic-interaction map, we present an interaction-dense
area of the cluster (Figure 3A) and highlight five func-
tionally homogeneous trees (entire cluster and raw data
can be downloaded from the authors’ website at http://
phoibe.med.utoronto.ca/erg).
Cluster of N-Linked-Glycosylation Genes
This cluster consists exclusively of 11 well-charac-
terized proteins dedicated to the generation of high-
mannose chains. The cluster is further divided into two
functionally distinct groups, one consisting of the ALG
genes (involved in oligosaccharyl synthesis) and the
other consisting of OST genes (involved in transfer of
the sugar moiety onto nascent proteins). (See Figure 3B.)
Cluster of O-Linked-Glycosylation/GPI
Biosynthesis Genes
Proximal to the N-linked glycosylation cluster are genes
involved in O-linked glycosylation, GPI anchor biosyn-
thesis, and other processes required for proper cell-
wall formation (Lipke and Ovalle, 1998). Within this
cluster are a number of functionally homogeneous sub-
clusters, including that of ROT2, CWH41, and CNE1.
These two glucosidases and a lectin chaperone medi-
ate sugar trimming and subsequent recognition of
N-linked glycans. The presence of these genes in this
cluster, as opposed to the N-linked glycosylation clus-
ter, reflects their role in maintaining integrity of the cell
wall (Shahinian et al., 1998; Simons et al., 1998). Simi-
larly, the presence of the Ca2+/Mn2+ transporter, PMR1,
may reflect its described role in Golgi-mediated carbo-
hydrate modifications (Vashist et al., 2002). (See Fig-
ure 3C.)
Cluster of Posttranslational-Translocation Genes
This cluster includes five essential and nonessential
core components of the posttranslational translocon.
Significantly, these proteins are well distinguished from
those involved in cotranslational translocation, which
are found in a distinct subcluster. A sixth gene in this
same cluster, SPF1, while not part of the translocation
machinery, is known to contribute to establishing the
correct orientation of transmembrane proteins during
translocation (Tipper and Harley, 2002). (See Figure 3D.)

Cluster of Traffic Genes
This extensive cluster reveals multiple levels of func-
tional organization. Globally, the distinct steps (ER/Golgi
traffic, intra-Golgi traffic, and post-Golgi traffic) of vesi-
cle transport were distinguished. Locally, there exists a
high degree of functional structure (e.g., subtrees for the
RIC1/RGP1 heterodimer, the COG complex, and the
AP-3 complex members [APL5, APS3, APL6, and
APM3]). An intriguing subtree embedded within the ER/
Golgi-traffic components consists of three poorly char-
acterized genes, MDM39, RMD7, and ARR4, which we
show to be in a physical complex involved in Golgi-to-
ER traffic (see below). Thus, we propose that they be
referred to as the GET complex. (See Figure 3E.)
Cluster of ER/Golgi-Traffic Genes
This cluster includes a subtree consisting of the hetero-
trimeric complex members EMP24, ERV25, and ERP1
and three poorly characterized but highly conserved
genes (YEL043w, NNF2, and YIL039w), which are strong
candidates for novel components of the ER/Golgi-traf-
fic machinery. (See Figure 3F.)

Predicting Physical Complexes and Pathways
from Interaction Patterns
We next sought to use the genetic-interaction map to
study more precisely the functional relationship among
sets of genes. Each pair of genes is related by two dis-
tinct measures: the correlation between phenotypic
signatures (as used for clustering) and the genetic-
interaction score. We found that pairs of genes with
intermediate levels of correlated phenotypic signatures
were more likely to have negatively scored, aggravating
interactions. However, as the degree of correlations
grows, we see a striking reversal of this trend: the gene
pairs with the most highly correlated signatures typi-
cally show no aggravating interactions and many even
show positively scored interactions (Figure 4A). This
behavior is precisely what might be expected for the
deletion of proteins that act together in a coherent
manner to perform a single function, as loss of any
component would eliminate their common function.
Thus, to identify proteins that act together (e.g., protein
complexes and pathways), we devised an algorithm
that calculates complex and pathway (COP) scores
(S.R.C. and J.S.W., unpublished data) for finding sets
of genes that are both highly correlated and lack an
aggravating genetic interaction.

The top-scoring gene pairs included several sets of
known complex or linear pathway components, as well
as several predictions of novel ones. We focus below
on five strongly scoring examples that demonstrate both
complexes and pathways (for complete listing of scores,
see Table S4). First is a linear signal-transduction path-
way: the UPR sensor IRE1 and its sole downstream
effector HAC1 (Figure 4B). Second is a biosynthetic
pathway consisting of the ALG genes responsible for
the sequential construction of high-mannose oligo-
saccharyl chains (Figure 4C). Third and fourth are dedi-
cated protein complexes: the conserved oligomeric
Golgi (COG) complex (Whyte and Munro, 2002) that
functions in protein trafficking (Figure 4D) and the
Ric1p/Rgp1p nucleotide exchange factor complex (Sin-
iossoglou et al., 2000) (Figure 4E).
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Figure 3. Hierarchical-Cluster Analysis of the
ESP Genetic-Interaction Map

(A) A portion of the ESP cluster map. Each
row/column represents the interaction pat-
tern for a specific gene. Top left: color scale
for interaction strength. Clustering is based
on the degree of correlation between the
pattern of genetic interaction of the various
genes. Colored bars indicate functionally ho-
mogenous subclusters enlarged below.
(B–F) Bold lettering represents uncharac-
terized genes. Asterisks mark essential genes.
The tree structure indicates the relative cor-
relation of the different genes in a given
cluster.
(B) N-linked glycosylation.
(C) O-linked glycosylation/GPI and other
genes affecting cell-wall biosynthesis.
(D) Posttranslational translocation.
(E) General traffic. GET indicates a novel pro-
tein complex involved in Golgi-to-ER traffic
that is characterized below.
(F) ER/Golgi traffic.
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Figure 4. Complex and Pathways Predictions

(A) Plot of the median score for strength of direct genetic interac-
tion between gene pairs as a function of the degree of correlation
of their patterns of genetic interactions. Note that the most corre-
lated gene pairs typically show little or no propensity to be involved
in aggravating genetic interactions. This behavior is a signature of
genes pairs that act together in a coherent fashion.
(B–F) Five examples of gene sets identified by use of the complex
and pathways (COP) predicting algorithm that is based on the dual

The final example is that of the three poorly charac-
terized GET genes that were predicted from hierarchi-
cal clustering to be involved in ER/Golgi trafficking (Fig-
ure 4F). Some functional analyses of each of these
proteins exist. However, these data, while not exten-
sive, suggest that the GET complex proteins are actu-
ally involved in highly disparate functions. Mdm39p
(Get1p) was suggested to play a role in mitochondrial
biogenesis (Dimmer et al., 2002), Rmd7p (Get2p) was
suggested to be involved in meiotic nuclear division
(Enyenihi and Saunders, 2003), and Arr4p (Get3p) was
implicated in arsenite transport (Shen et al., 2003).
Nonetheless, our analysis shows these three genes to
have highly similar patterns of epistatic interactions
and strong positive genetic interactions between each
other. These positive scores arise from suppression of
the growth defect of Dmdm39 (Dget1) by Darr4 (Dget3)
and Drmd7 (Dget2) (Figure 4G). Taken together, these
striking patterns of genetic interactions suggest that,
despite the previous functional data, these three pro-
teins are in fact functionally intimately related to each
other. Consistent with this, affinity purification of TAP-
tagged Mdm39p (Get1p) showed that it forms a robust
complex with Arr4p (Get3p) (Figure 4H). Additionally, in
large-scale analyses of protein complexes (Ho et al.,
2002), Arr4p (Get3p) was suggested to interact with
both Mdm39p (Get1p) and Rmd7p (Get2p), although
another 33 physical interactions were also suggested
for Arr4p (Get3p) (Gavin et al., 2002; Ho et al., 2002; Ito
et al., 2001; Uetz et al., 2000), most of which are likely
to be spurious.

Taken together, the above results illustrate how the
high-density nature of the interaction data and the fact
that both aggravating and alleviating interactions are
quantified makes it is possible to identify sets of pro-
teins acting together to carry out a single function. By
contrast, many such relationships would not have been
detected by conventional SSL analysis since it is often
the case that strains carrying deletions in genes that
act in concert with each other do not show synthetic
interactions. More generally, the above analysis identi-
fies one of many possible classes of epistatic relation-
ships among gene sets, each of which would be indica-
tive of a different class of functional relationship.

properties noted above. The red bar marks direct interactions.
Trees as in Figure 3.
(B) HAC1 and IRE1, which constitute the linear UPR pathway. Color
scale as in Figure 3. Gray: no data.
(C) ALG genes responsible for the synthesis of precursors to
N-linked glycosylation.
(D) Nonessential components of the COG complex.
(E) RIC1/RGP1 exchange factor complex members.
(F) Newly identified GET complex members involved in retrieval of
HDEL-containing proteins from the Golgi to the ER (See Figure 5).
(G) Suppressive interactions between GET complex members
shown by growth of the indicated double mutant (DM) colonies at
37°C despite the temperature-sensitive phenotype of the Dmdm39
(Dget1) mutation alone. This corroborates the positive-interaction
score (S) observed for these genes.
(H) Affinity purification of MDM39p-TAP (Get1p-TAP), demonstrat-
ing physical interactions between Mdm39p (Get1p) and Arr4p
(Get3p). A band resulting from the TEV protease is also indicated.
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The GET Complex Is Required for Erd2p-Dependent
Retrieval of HDEL Proteins to the ER
We chose to study the GET complex genes since the
above analyses implicate them as constituting a protein
complex involved in ER/Golgi traffic. Although MDM39
(GET1) and ARR4 (GET3) have clear mammalian homo-
logs, little information on the specific function of these
proteins can be discerned from their amino acid se-
quence alignments (Figure 5A). Consistent with the pre-
diction that this complex functions in trafficking, we
confirmed SSL interactions with traffic components by
tetrad analysis (Figure S2A). Moreover, localization of
the GFP-tagged proteins revealed that most of the GET
complex shifted in its localization from the ER to punc-
tate structures (which in part but not entirely colocalize
with the Golgi marker ANP1; Huh et al., 2003; data not
shown) when cells were shifted from growth in rich to
minimal medium (Figure 5B). This shift of localization
was dependent on the integrity of the complex since a
deletion of the MDM39 (GET1) gene caused Golgi re-
tention of Arr4p-GFP (Get3p-GFP) (Figure 5B). Three in-
dependent assays using GET deletion strains, however,
argued strongly against a role for the GET complex in
anterograde trafficking: in GET deletion strains, the rate
of maturation and export of the vacuolar protease CPY
was unaffected (Figure S2B), localization of the putative
ER to Golgi cargo receptor Emp47p (Sato and Nakano,
2002) was not altered (Figure S2C), and ER retention of
the S11 invertase mutant (Bohni et al., 1987) was not
compromised (Figure S2D).

What, then, is the role of the GET complex? Several
observations indicate that it cooperates with Erd2p to
mediate the ATP-dependent retrieval of resident ER
proteins such as Kar2p and Pdi1p that contain the
HDEL retrieval signal. First, the pattern of relocalization
seen for GET complex proteins in response to media
changes matches that of the Erd2p HDEL receptor (Fig-
ure 5B) (Semenza et al., 1990). Second, similarly to
Arr4p-GFP (Get3p-GFP), the ER localization of Erd2p-
GFP in rich media is dependent on MDM39 (GET1) (Fig-
ure 5B). Third, deletion of any of the GET genes leads
to strong secretion of HDEL proteins into the media
(Figure 5C). This secretion phenotype was comparable
to that seen for Kar2p lacking an HDEL signal (Figure
5C) and was UPR independent (Figure S2E), indicating
that the HDEL retrieval system is strongly compromised
in these strains. Fourth, secretion of Kar2p in the ERD2
retrieval mutant (erd2-b25) (Semenza et al., 1990) was
not further enhanced by deletions in GET complex
members (Figure 5D), evidence that the role of the GET
complex in HDEL retrieval is dependent on Erd2p. Fi-
nally, the function of the GET complex requires ATP hy-
drolysis since the G30R catalytically dead ARR4 (GET3)
mutant (Shen et al., 2003) failed to rescue the ARR4
(GET3) deletion strain and in fact acts as a dominant
negative (Figure 5C).

These observations suggest a model in which the
GET complex functions to promote the ATP-dependent
retrieval of the Erd2p HDEL receptor from the Golgi to
the ER (Figure 5F). This model is consistent with an
intriguing set of allele-specific genetic interactions be-
tween ERD2 and MDM39 (GET1): the erd2-b25 allele
suppresses the temperature-sensitive phenotype of
Dmdm39 (Dget1), while the erd2-DAmP hypomorphic

allele is synthetically lethal with Dmdm39 (Dget1) (Fig-
ure 5E). In the context of this model, if the erd2-b25
mutation has a specific defect in interacting with the
GET complex, then the mutant protein would not be
sequestered by noncycling intermediates in the ab-
sence of Mdm39p (Get1p), causing suppression; con-
versely, reduced levels of Erd2p in the DAmP strain
would aggravate the sequestration phenotype. Beyond
the validity of this specific model, the distinct pattern
of genetic interactions illustrates how defined hypo-
morphs for essential proteins can strongly complement
partial loss of function alleles as tools for elucidating
gene functions.

A Global View of Functional Organization
within the ESP
A comprehensive genetic-interaction map not only pro-
vides precise information on individual genes but also
generates genetic-interaction data on the level of func-
tional modules. To reveal such information, we deter-
mined the number of observed genetic interactions be-
tween different functional modules and compared it to
that expected by chance (S.R.C. and J.S.W., unpub-
lished data) (Figure 6A). The resulting enrichment prob-
ability scores provide a portrait of interdependencies
between the disparate functions that comprise the ESP
(Figure 6B). The map faithfully recapitulates known rela-
tionships between ESP functions, such as the influence
of the UPR on a wide range of secretory processes and
the sequential dependence of each stage of vesicular
trafficking on the previous one. It also reveals a strong
connection between endoplasmic reticulum-associ-
ated degradation (ERAD) and lipid biosynthesis, the ex-
tent of which had not been previously well appreciated.
E-MAPs thus provide a comprehensive and objective
view of functional architecture that would be difficult to
obtain using other methods.

Because each functional category showed a unique
spectrum of interactions (Figure 6A), we could compare
interaction patterns of specific strains to those of the
functional categories to suggest biological roles for un-
characterized proteins (S.R.C. and J.S.W., unpublished
data). We created an algorithm that predicted functions
for the proteins in our library. Setting a threshold so
that predictions were obtained for greater than 50% (83
total) of the poorly characterized or uncharacterized
proteins in our data set, we observed 53% accuracy
based on crossvalidation on annotated genes (For
complete list of predictions, see Table S5). We tested
these predictions for three genes whose function was
not well defined by hierarchical clustering. The first pro-
tein, Ice2p, was only recently found in a screen for de-
fects in cortical ER patterning (de Martin et al., 2005).
Our algorithm predicted it would affect ERAD, and, in-
deed, its deletion led to stabilization of the well-charac-
terized ERAD substrate CPY* (Figure 6C), although it
is unclear whether this is a direct or indirect effect of
its deletion.

Next we focused on YDL099W, an uncharacterized,
early-Golgi-localized (Huh et al., 2003), coiled-coil pro-
tein. The spectrum of genetic interactions for YDL099W
was most similar to that of the Golgi-localized protein
Grh1p, and both were predicted to be involved in ER/
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Figure 5. The GET Complex Is Required for the Erd2p-Dependent Retrieval of HDEL Proteins from the Golgi

(A) Schematic representation of the domain structure for the GET proteins. CHD5 is a coiled-coil domain. Yellow boxes represent putative
transmembrane domains.
(B) Subcellular localization of GFP-tagged GET proteins and Erd2p in rich (YEPD) and synthetic media (SD). Bottom panels: localization of
Arr4p (Get3p) and Erd2p in a Dmdm39 (Dget1) strain in rich media.
(C) Effect of GET deletions on Kar2p and Pdi1p secretion. Also shown are Kar2p secretion levels caused by deletion of the HDEL retrieval
signal (kar2-�HDEL) or expression of an ATPase-dead mutants (G30R) of ARR4 (GET3) in a wild-type or Darr4 (Dget3) background.
(D) Effect of erd2-b25 allele on Kar2p secretion alone or in combination with loss of GET members. Bottom panel: Western blot of secreted
fraction. Top panel: quantitation of levels of secreted Kar2p. SD measurements from three independent experiments are shown.
(E) Genetic interactions between the Dmdm39 (Dget1) strain and two different mutant ERD2 alleles (erd2-b25 and erd2-DAmP). Shown is
growth of single and double mutants at the indicated temperatures. Note the opposite phenotype for the two alleles.
(F) Model for the ATP-dependent retrieval of Erd2p–HDEL complexes by the GET complex. Mdm39p (Get1p), Rmd7p (Get2p), and Arr4p
(Get3p) are envisioned as promoting the retrieval from the Golgi to the ER of complexes between HDEL-containing proteins such as Kar2p
and the HDEL receptor Erd2p. This retrieval function is dependent on the ATPase activity of Arr4p (Get3p).
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Figure 6. Genetic Interactions between Functional Modules Reveal Global ESP Structure and Allow Gene Discovery

(A) Matrix of enrichment probabilities for interactions (log10p-values) between functional categories (S.R.C. and J.S.W., unpublished data).
Bottom: color scale.
(B) Schematic representation of interactions (log10 p % −0.5) between different functional categories seen in (A).
(C) Effect of Dice2 on ER-associated degradation (ERAD) as shown by kinetics of CPY* degradation. wt and Dhrd1 (a well-characterized
ERAD component) strains are shown for comparison.
(D) Effect of Dbug1 and Dgrh1 on Kar2p secretion (Bottom right: Western blot revealing secreted Kar2p; top right: quantitation of Kar2p
secretion). Left panel: pulldown of Grh1p-TAP showing interaction with Bug1p and the indicated COPII components.
(E) Effect of phs1-DAmP on resistance to dihydrosphingosine (DHS) and phytosphingosine (PHS) relative to wild-type (WT) and the known
DHS kinase LCB4. Bottom panel: HPLC chromatogram of the sphingolipid profile of phs1-DAmP. wt and Ddpl1 (a known DHS lyase) chromato-
grams are shown for comparison. The identity of the characterized peaks is indicated.

Golgi traffic. GRH1 has been implicated in the spindle
assembly checkpoint, and its human homolog, GRASP65,
is involved in Golgi reassembly during cell division
(Norman et al., 1999; Sutterlin et al., 2002). We find the
two proteins to be in a physical complex (Figure 6D,
left panel) (this result was independently observed by

F. Barr and S. Munro, who also observed an interaction
with USO1; personal communication), and, based on
these interactions, we propose that YDL099W be
named BUG1 (binder of USO1 and GRH1). Consistent
with a role in ER/Golgi trafficking, deletion of BUG1 or
GRH1 caused a UPR-independent Kar2p secretion
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phenotype (Figure 6D, right panel). Moreover, Grh1p
copurified with three members of the COPII vesicle
coat (Sec23p, Sec24p, and Sfb2p) (Figure 6D, left
panel). Taken together, these results support the pre-
dicted role of Bug1p and Grh1p in ER/Golgi trafficking
and suggest a possible mechanistic link between
Bug1p/Grh1p-mediated Golgi assembly and recruit-
ment of ER-derived COPII vesicles.

The third example is the uncharacterized, essential,
and highly conserved ORF, YJL097W, which our algo-
rithm predicts to be involved in lipid biosynthesis. The
set of genetic interactions of yjl097w-DAmP suggests
a role in sphingolipid metabolism/signaling. For exam-
ple, its strongest aggravating interaction is with a dele-
tion in the phosphosphingosine phosphatase, LCB3,
and its pattern of genetic interactions is most similar to
that of a deletion in phosphosphingosine lyase, DPL1.
We find that the DAmP allele of YJL097W, which we
now name PHS1 (PTPLA homolog involved in sphingol-
ipid biosynthesis 1), is highly resistant to external addi-
tion of both phytosphingosine (PHS) and dihydrosphin-
gosine (DHS) (Figure 6E, top panel), as expected from
a regulator of sphingosine levels. Chromatographic
analysis of the sphingolipid contents of phs1-DAmP
cells (Figure 6E, bottom panel) reveals a strong in-
crease in a subset of cellular phosphosphingolipids.
The mammalian homolog of PHS1, PTPLA, is a protein
with unknown function that is highly expressed in de-
veloping cardiac tissue (Li et al., 2000). Phosphosphin-
gosines are important for cardiac development in ze-
brafish (Kupperman et al., 2000), suggesting that
PTPLA may play an important role in mammalian
cardiac development.

Perspective
We have created a strategy for generating and analyz-
ing quantitative, high-density genetic-interaction maps
(E-MAPs) in yeast and have applied it to the early secre-
tory pathway (ESP). We show that our genetic-interac-
tion map contains an abundance of biological informa-
tion. Our ability to extract precise functional information
was dependent on two critical aspects of the E-MAP:
the high-density nature of the data and the fact that
both negative (aggravating) and positive (including
buffering and suppressor) interactions are identified
and quantified. Together these features made it pos-
sible, based solely on our epistatic data, to recapitulate
known pathways within the ESP in detail and resolve
closely related processes such as the different steps
involved in the generation, transfer, and trimming of
high-mannose glycans and the distinction between the
post- and cotranslational translocation machinery. This
argues that precise functional information can be in-
ferred for genes of unknown function. Accordingly,
many predictions have emerged from our analysis. Ex-
ploration of several of these allowed us to accurately
identify novel, conserved components involved in
extensively studied biological processes, including re-
trieval of HDEL proteins and sphingolipid biosynthesis.

Given the relative ease with which we generated
these data, and given the ability of this approach to
yield highly accurate predictions, extension of this
strategy to other subsets of genes should provide a

general tool for discovery of gene functions. While our
ESP gene set was based largely on functional and lo-
calization data, a wide range of possible strategies for
identifying related sets of genes for E-MAP analysis ex-
ists. This includes using transcriptional, protein-protein
interaction and low-density SSL interaction data. In-
deed, preliminary analysis of two additional interaction
networks focusing on gene sets involved in transcrip-
tion and DNA repair confirmed both the general feasi-
bility and immediate value of constructing such interac-
tion maps (unpublished data). Furthermore, once
constructed, E-MAPs can act as a platform for further
genetic-interaction studies since novel genes sus-
pected of being involved in a process relevant to a par-
ticular E-MAP can be readily screened against that
gene subset.

Beyond aiding in the cataloging of gene functions,
the analysis of high-density interaction data provides a
perspective on the organization of biological processes
that is highly complementary to that obtained from ex-
isting genetic and biochemical approaches. For exam-
ple, systematic genetic screens can now identify most
proteins that impinge upon a biological process but do
not indicate how direct that influence is. E-MAPs not
only report on the spectrum of processes that are af-
fected by loss of a given gene but further reveal the
interdependency among them. This additional informa-
tion helps distinguish direct from indirect effects, allow-
ing a more complete understanding of the relationship
between genotype and phenotype. Similarly, high-
throughput biochemical approaches facilitate the sys-
tematic identification of physically interacting proteins.
These can further be classified using the genetic-
interaction data, which helps distinguish proteins that
are involved in a single stable complex from those par-
ticipating in multiple ones.

The fact that such an abundance of biological infor-
mation could be derived from as simple a measure as
relative growth provides strong motivation for future ef-
forts to extend the construction of E-MAPs. An immedi-
ate goal is to improve the resolution of these maps by
providing more precise quantitative measures of the
relative fitness of the single versus double mutants,
perhaps by modifying microarray-based approaches
such as dSLAM (Pan et al., 2004), which make it pos-
sible to monitor the growth rate of many strains in par-
allel. An increase in precision would allow one to nor-
malize the strength of epistatic interactions relative to
the individual mutant defects (Segre et al., 2005) and
thus to distinguish between different classes of pair-
wise epistatic relationships (e.g., buffering versus sup-
pression). This, in turn, should greatly increase the abil-
ity to define functional relationships between gene
products. Increased precision would also make it pos-
sible to assess directly the propensity of a gene to be
involved in genetic interactions independently of the
strength of its growth defect, allowing a rigorous eval-
uation of which genes represent genuine interaction
hubs. The biological information obtained from such
data could also be extended by measuring phenotypes
other than growth rate using reporters that are sensitive
to specific changes in cellular physiology. These exper-
imental advances should also be accompanied by de-
veloping novel analytical approaches for extracting bio-



Cell
518

logical information. In concert with the above refinements,
the E-MAP strategy could be implemented in more
complex organisms, using RNAi or large-scale deletion
libraries. Finally, high-density genetic-interaction maps
could be used as tools for therapeutic discovery by ex-
amining synergistic interactions between gene deple-
tions and drugs or drug pairs (Parsons et al., 2004).

The wealth of biological information yielded by our
analysis of the ESP using the E-MAP approach, along-
side the potential of genetic-interaction maps to be tai-
lored to a wide variety of problems, argues that this
strategy will provide a general framework for obtaining
a more holistic understanding of complex biological
systems.

Experimental Procedures

Media and Strains
Antibiotic-resistant strains were maintained in YEPD with either Ge-
neticin (200 �g/ml) (GIBCO) or nourseothricin (NAT) (100 �g/ml)
(Werner Bioagents). All drug assays were performed in SD media.
Dithiothreitol (DTT) (Sigma) was used at 1 mM. Dihydrosphingo-
sine/phytosphingosine (DHS/PHS) (BioMol) were used at 5 �M DHS
or 20 �M PHS in 0.1% Tergitol (Sigma). See strain list in Table S6.

E-MAP Analysis
Growth and selection of double mutants were performed using
SGA technology (Tong et al., 2001). Colony area was measured
from digital images of the plates (Parsons et al., 2004). All analysis
of the data (S.R.C. and J.S.W., unpublished data) was performed
using MATLAB (The Mathworks, Natick, Massachusetts) and Excel.
Clusters were made using the CLUSTER program (http://rana.lbl.
gov/EisenSoftware.htm) and can be viewed by the JAVA TREEVIEW
program (http://jtreeview.sourceforge.net/) (Eisen et al., 1998). Raw
scores can be accessed at http://phoibe.med.utoronto.ca/erg or
downloaded as a MATLAB file from the same website.

Immunoblotting
Western blots were performed as previously described (Semenza
et al., 1990) with antisera against Kar2p, Sec62p, Sec63p (a kind
gift from Peter Walter), or Pdi1p. For full description, see Supple-
mental Experimental Procedures.

Flow Cytometry Analysis
Mid-log cells in TE were analyzed using a LSR2 flow cytometer
(Beckton Dickinson).

CPY* Degradation Assays
Degradation assays were performed as described (Bhamidipati et
al., 2005). For full description, see Supplemental Experimental Pro-
cedures.

TAP Tagging and Mass Spectrometry
TAP-tagged proteins (Ghaemmaghami et al., 2003) were extracted
with high-speed clarification, TAP purified, separated by 10% SDS-
PAGE gels, visualized by silver staining, and identified by MALDI-
TOF mass spectrometry (Krogan et al., 2002).

Microscopy
Live yeast expressing GFP fusions (Huh et al., 2003) were photo-
graphed using a fluorescent microscope (Axiovert 200M; Carl Zeiss
MicroImaging, Inc.), a Cascade 512F CCD camera (Roper Scien-
tific), and MetaMorph 6.2r6 acquisition software (Universal Im-
aging Corp.).

Plasmid Construction
Genomic region of ARR4 (GET3) DNA was integrated into XhoI-
cut p313. The ATPase-dead G30R mutation (Shen et al., 2003) was
introduced using the QuikChange Site-Directed Mutagenesis Kit
(Stratagene) and confirmed by DNA sequencing.

HPLC
Sphingolipid composition was analyzed as previously described
(Lester and Dickson, 2001). For full description, see Supplemental
Experimental Procedures.

Supplemental Data
Supplemental Data include Supplemental Experimental Pro-
cedures, seven tables, and two figures and can be found with this
article online at http://www.cell.com/cgi/content/full/123/3/507/
DC1/.
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