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Genetic interactions define overlapping functions and compensa-
tory pathways. In particular, synthetic sick or lethal (SSL) genetic
interactions are important for understanding how an organism
tolerates random mutation, i.e., genetic robustness. Comprehen-
sive identification of SSL relationships remains far from complete
in any organism, because mapping these networks is highly labor
intensive. The ability to predict SSL interactions, however, could
efficiently guide further SSL discovery. Toward this end, we pre-
dicted pairs of SSL genes in Saccharomyces cerevisiae by using
probabilistic decision trees to integrate multiple types of data,
including localization, mRNA expression, physical interaction, pro-
tein function, and characteristics of network topology. Experimen-
tal evidence demonstrated the reliability of this strategy, which,
when extended to human SSL interactions, may prove valuable in
discovering drug targets for cancer therapy and in identifying
genes responsible for multigenic diseases.

Mutations into two different genes sometimes confer a
significantly more deleterious phenotype than either sin-

gle mutation alone. Death or pronounced growth deficiency
arising in such double mutants is referred to as synthetic lethality
or synthetic sickness, respectively.

A comprehensive map of synthetic sick or lethal (SSL) inter-
actions for an inbred laboratory organism may provide a valu-
able template for understanding the basic principles underlying
genetic interaction networks (1–3) in both inbred and outbred
populations (4, 5). In humans, genetic interactions are involved
in many complex phenotypes and are the defining basis of
multigenic genetic disease (6–8). SSL interactions can also be
used to find effective drug combinations or to identify novel drug
targets for tumor-specific therapy (4, 9). Finally, SSL interac-
tions comprise a network that is far denser than, and largely
nonoverlapping with, that of protein interactions (5). Thus,
genetic and protein interaction networks provide complemen-
tary information.

Due to their combinatorial nature, mapping SSL networks is
extremely labor intensive (5, 10), even in genetically amenable
model organisms. For example, comprehensive assessment of
SSL gene pairs in Saccharomyces cerevisiae (with !6,000 genes)
requires constructing !18 million double mutants, including
conditional mutations in essential genes. To date, Synthetic
Genetic Array (SGA) analysis has been used to assess !4% of
gene pairs in one growth condition (5, 11). However, full
delineation of pairwise interactions requires assessment of mu-
tant phenotypes in many growth conditions. Determining the
SSL network for Caenorhabditis elegans, Drosophila melano-
gaster, or Mus musculus is even more daunting, because con-
struction of double mutants is technically difficult and because
these organisms have 10- to 25-fold more gene pairs than S.
cerevisiae.

A reliable method for predicting SSL interactions, however,
may alleviate this experimental bottleneck. The only previous
attempt to predict genetic interactions relied on metabolic f lux
analysis, an approach applicable only to pairs of genes involved

in central metabolism (12). Here, we integrate multiple data
types to construct probabilistic decision trees with which we
predict SSL gene pairs in S. cerevisiae. This study represents a
rigorous demonstration that genetic interactions can be pre-
dicted. This approach should reduce the labor involved in
identification of SSL interactions. Additionally, the nature of
the method allows inferences as to which kinds of information
are most useful in predicting such interactions and may thus
sharpen our understanding of the fundamental basis for
genetic interaction.

Methods
Collecting and Organizing Gene-Pair Characteristic Data. To predict
SSL gene pairs, we identified data types potentially helpful in
characterizing SSL interactions. We then used multiple sources
(see Table 1 for reference) to determine which yeast gene pairs
possessed each characteristic. To construct our decision trees, we
used only binary characteristics. Some characteristics, such as
colocalization, were inherently binary, whereas continuous char-
acteristics were mapped to several binary characteristics with
alternative thresholds. For example, because homology between
genes was measured (by BLAST) as a continuous E value, we
created three binary characteristics by using BLAST E value
thresholds of 10"3, 10"6, and 10"12 (13).

Constructing Decision Trees. Decision trees were constructed
greedily, beginning with all gene pairs of the training set T in the
root node. Gene pairs of each node N were recursively parti-
tioned into two daughter nodes based on the characteristic,
which yielded the highest conditional information gain with SSL
interaction among gene pairs of node N. Let Yc(t) be a binary
variable indicating whether gene pair t is annotated with char-
acteristic c and X be the random variable indicating whether a
gene pair is SSL. When gene pairs in node N were distributed
between two nodes N0 and N1, where Na # {t ! N, Yc(t) # a},
the conditional information gain was calculated as

HN$X% ! !
a#0,1

"Na"
"N" HNa

$X%,

where HN(X) is the entropy of X at node N, defined as

"pN log$pN% ! $1 ! pN% log$1 ! pN% ,

and pN is the probability that a gene pair t ! N is SSL. To
compensate for small sample size, we added one pseudocount
distributed in proportion to the fraction of SSL pairs in the entire
training set T.

Abbreviations: SSL, synthetic sick or lethal; SGA, synthetic genetic array; MIPS, Munich
Information Center for Protein Sequences.
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were the glycosidases CWH41 and ROT2; glycosyl transferase,
ALG8; tubulin folding factor D, CIN1; the DNA helicases RRM3
and HPR5; ADP-ribosylation factor-like 1, ARL1; and KRE1
involved in cell wall !-glucan assembly (23). Parallel biases in our
training and test sets allowed us to demonstrate the capacity of
our approach to predict SSL interactions in a case where the
training set was representative of the test set. Comparison of our
predictions to experimental results revealed a performance
similar to that observed in cross-validation (Fig. 1; Table 5, which
is published as supporting information on the PNAS web site,
lists the data points).

In addition, we correctly predicted interactions more fre-
quently for some of the eight screens than for others (Fig. 7,
which is published as supporting information on the PNAS web
site), suggesting that performance of our method may vary from
gene to gene. Most importantly, though, both validation ap-
proaches demonstrated that a subset of SSL interactions could
be predicted with high confidence, suggesting that SSL predic-
tions can dramatically reduce the number of gene pairs that must
be tested, while maintaining high sensitivity.

Characteristics Most Useful in Predicting SSL Interactions. To identify
combinations of gene-pair characteristics predictive of SSL
interaction, we trained a decision tree using previously tested
pairs and examined characteristics associated with leaves that
were enriched for SSL pairs. To assemble our training set, we
began with gene pairs systematically tested for SSL interaction
by SGA and SGA-associated analyses [using the published
version of the SSL data (5, 11)]. To take advantage of non-
systematically derived data, we then supplemented our training
set with an additional 367 SSL pairs reported in the MIPS
database (15). MIPS, however, reports only gene pairs positive
for SSL interaction and does not provide negative training
examples important to our model. Therefore, to maintain the
0.58% (4,207!728,066) frequency of SSL pairs found by the
systematic screens, we also included 67,299 randomly selected
gene pairs, treating them as non-SSL (relatively few were

expected to be SSL, because the frequency of SSL is low). In
total, our training set comprised 795,732 gene pairs, including
4,598 identified SSL interactions involving 1,296 (!20%) genes.
To mitigate the bias in SGA query gene selection, we prohibited
our decision tree from using subcellular localization character-
istics (e.g., colocalization the nucleus) directly related to the
SGA bias, leaving 111 characteristics.

The resulting tree (Fig. 2) comprised 79 nodes and used
characteristics from 13 major categories, 10 represented in
previous trees and 3 new ones appearing in low-scoring areas of
the tree (Table 1). Thus, this new tree used similar characteristics
to those used by previous trees.

Each combination of characteristics leading to our top-scoring
leaves describes subtypes of known SSL gene pairs and offers
insight into mechanisms underlying genetic robustness. Here, we
focus on two examples.

Gene pairs in the highest-scoring leaf possess the character-
istics 2hop physical–SSL, the same function, and colocalization
in the endoplasmic reticulum. For example, the SSL pair, ALG5
and WBP1 (Fig. 3a), maps to this leaf. Alg5 is a UDP-glucose:
dolichyl-phosphate glycosyltransferase, and Wbp1 is a member
of the oligosaccharyl transferase glycoprotein complex. The
pair’s 2hop physical–SSL relationship stems from a physical
interaction between Alg5 and Swp1, a subunit of the oligosac-
charyl transferase glycoprotein complex, like Wbp1. Both genes
belong to the MIPS functional category and protein modification
and localize in the endoplasmic reticulum (15).

The most predictive characteristic of this highest-scoring leaf,
2hop physical–SSL, suggests a model in which gene pairs in this
leaf respectively belong to two compensating pathways (Fig. 8a,
which is published as supporting information on the PNAS web
site). Two other predictive characteristics associated with this
leaf, assignment to the same functional category and the same
subcellular location, are consistent with this idea. The tree also
indicates that gene pairs mapping to this highest-scoring leaf are
not annotated with the 2hop SSL–SSL characteristic, further
suggesting involvement of two compensating pathways. In ad-

Fig. 2. Tree used to predict new gene pairs. The 10 top-scoring leaf nodes are labeled by rank. Left and right arrows point to gene pairs with and without,
respectively, the characteristic that labels the node from which the arrow points. Arrowhead size is proportional to the fraction of gene pairs in the parent node
that were assigned to each daughter node. Nodes with higher (lower) fractions of SSL gene pairs than the root are red (blue). Color saturation reflects the entropy
with respect to SSL of gene pairs in a node relative to that of the root. Each node is labeled with the number of its gene pairs that are (") or are not (#) SSL.
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microarray gene expression profiles of yeast mutants has
been used to infer the pathways affected by amutation or a
drug [65]; such compendia provide a key for interpreting
how small molecules interfere with specific cellular
processes (Fig. 2).

The global transcriptional regulatory network is dic-
tated by a myriad of protein–DNA interactions and
chromatin modifications. The regulation of transcription
factor interactions with elements in promoter DNA
nominally controls the global expression profile. Compu-
tational analysis can define potential binding sites in the
promoters of co-regulated genes [66] and in alignments of
promoter regions from closely related species [32]. Assign-
ment of the cognate transcription factors to such elements
remains difficult, however, probably because of the
combinatorial effects between transcription factors and
because their interactions with chromatin generate com-
plex regulatory elements [41]. Indeed, such elements are
only poorly predictive of co-regulation because, on average,
80% of the genes that share defined elements are not
co-regulated (P. Cliften and M. Johnston, pers. commun.).

Direct analysis of protein–DNA interactions on a
genome-wide scale is readily accomplished by chromatin
immunoprecipitation array techniques (‘ChIP-chip’), in
which DNA is crosslinked to the transcription factor of
interest in vivo and then hybridized to a microarray
[20,67]. Systematic application of this method has the
potential to identify complex transcriptional regulatory
circuits [20,67]. This approach can be also applied to
identify any other protein–DNA interaction on a genome-
wide scale, including chromatin-modifying [68,69] and

DNA repair [70] complexes and replication factors [71].
Given that specificity often arises from both positively and
negatively acting factors, the overlay of these datasets can
prove crucial in deciphering the ultimate transcriptional
hierarchy of the cell.

The analysis of gene expression at various intervals
after a perturbation offers the potential to computationally
infer gene regulatory networks [72], their kinetics and
even the protein concentration profiles of gene regulators
[73]. Determining gene expression kinetics in response to
numerous different perturbations can enable large-scale
kinetic simulation of a gene regulation network for the cell.
The integration of gene expression data with protein–
protein and protein–DNA interaction networks [41,74]
provides one of the first examples in which multiple data
sources have been combined to deduce previously
uncharted areas of the cellular map.

Protein interactions
The function of a protein is defined by the other
biomolecules with which it interacts and reacts. An
enormous amount of protein–protein interaction infor-
mation has been obtained recently for yeast and other
organisms using two-hybrid [75–77], mass spectrometry
[36,78], phage-display [79] and protein fragment comple-
mentation [80] assays. Large-scale datasets derived using
these methods have provided a wealth of new leads in
many areas of biology. A potential difficulty with large-
scale protein interaction datasets is a prevalence of false
positives (interactions that are seen in an experiment but
never occur in the cell or are not physiologically relevant)
and false negatives (interactions that are not detected but
do occur in the cell) [18,19,81,82].

Although high-quality datasets are obviously ideal,
there is currently a quality/coverage tradeoff related to the
speed of data acquisition. On the one hand, high-quality
data are time consuming and costly to complete, leading to
a low sampling of potential interactions that is biased
towards known proteins. Large-scale studies, on the other
hand, have a high sampling rate but can produce lower
quality data. The quality of existing datasets with respect
to false-positive and false-negative interactions is a
complicated issue, which we discuss below. Despite these
potential problems, however, protein–protein interaction
networks derived from large-scale studies have proved
extremely useful for defining protein function [83],
examining general properties of different protein func-
tional classes, and analyzing the topology of protein
interaction networks [84].

Informatics methods can be applied to reduce the
number of false positives in a dataset. By comparing
datasets to benchmarks such as well-known interactions,
the proportion of false positives can be estimated for a
given dataset. Filtering criteria can be devised using these
results combined with control data from the original
experiment [36,78]. Moreover, large-scale datasets can be
combined such that the overlapping set of interactions is of
much higher quality than the input datasets. This has
been successfully done using a simple overlap scheme [79].
This approach can be problematic if a less-sensitive

Fig. 2. Microarray pattern compendium. Diagram showing how a ‘compendium’ of
microarray patterns, each corresponding to a different perturbation, can be used
to classify an uncharacterized perturbation. Here, a hypothetical microarray with
sixteen spots is shown, each measuring the expression of a single gene in a per-
turbed cell population relative to an unperturbed population. Black represents no
change in expression, red represents induction and green represents repression.
In practice, microarrays typically have thousands of spots and ratio measurements
are continuous variables. Although this theoretically allows billions of different
patterns, it has been estimated that in yeast there are probably several hundred
discrete patterns that would result from single-gene disruptions [65].
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double-mutant haploid strains whose growth
rate is monitored by visual inspection or im-
age analysis of colony size. We refer to this
procedure as synthetic genetic array (SGA)
analysis.

To demonstrate proof of concept for SGA
analysis, we tested a deletion of the BNI1
gene (bni1!) against a test array of gene-
deletion mutants including bnr1!, a known
synthetic lethal with bni1! (11) (Fig. 2A).
BNI1 and BNR1 both encode members of the
highly conserved formin family and control
the assembly of actin cables, which guide
myosin motors that coordinate polarized cell
growth and spindle orientation (12). As an-
ticipated, the double-mutant cells at the
bnr1! positions failed to grow, forming a
residual colony with a reduced size relative to
that of the control. Because the resultant dou-
ble mutants are created by meiotic recombi-
nation, gene deletions that are genetically
linked to the query mutation form double
mutants at a reduced frequency; moreover,
when the query mutation is identical to one of
the gene deletions within the array, double
mutants cannot form. Thus, cells at the bni1!
position failed to grow under double-mutant
selection. Even within the limited subset of
genes in this pilot experiment, we detected
previously unknown synthetic genetic inter-
actions between bni1! and gene deletions of
CLA4 and BUD6 (AIP3) (Fig. 2A). Cla4 is a
kinase involved in actin patch assembly and
regulation of the cell cycle–dependent tran-
sition from apical to isotropic bud growth
(13, 14); Bud6 forms a complex with Bni1
and actin to control actin cable assembly and
cell polarity (15). Tetrad analysis confirmed
that both the bni1! bnr1! and bni1! cla4!
double mutants were inviable and that the
bni1! bud6! double mutant was associated
with a slower growth rate or “synthetic sick”
phenotype, reflecting reduced fitness of the
double mutant relative to the respective sin-
gle mutants (Fig. 2B).

We next screened a bni1! query strain
against an array of 4672 different viable dele-
tion strains. For high-throughput automated
screening, we designed a robotic system for
manipulation of high-density yeast arrays (16).
To ensure reproducibility within a screen and to
facilitate visual scoring, we arrayed the deletion
strains in pairs, at 768 strains per plate. We
scored 67 potential synthetic lethal/sick interac-
tions, 51 (76%) of which were confirmed by
tetrad analysis. At the current stage of develop-
ment, SGA analysis yields a substantial number
of false-positives; however, these can be re-
duced by repeated screening or removed
through confirmation of the interactions by tet-
rad analysis, which is straightforward because
the tetrads can be obtained directly from the
array of sporulated diploids (17). To group the
identified genes by function, we assembled a
list of their cellular roles as defined by the Yeast

Proteome Database (YPD) (18). The BNI1 in-
teractions were highly enriched for genes with
roles in cell polarity (20%), cell wall mainte-
nance (18%), and mitosis (16%). Pathways crit-
ical for the fitness of bni1! cells were revealed
by multiple interactions with subsets of genes
involved in bud emergence (BEM1, BEM2, and
BEM4), chitin synthase III activity (CHS3,
SKT5, CHS5, CHS7, and BNI4), mitogen-acti-
vated protein (MAP) kinase pathway signaling
(BCK1 and SLT2), the cell cycle–dependent
transition from apical to isotropic bud growth
(CLA4, ELM1, GIN4, and NAP1), and the dy-
nein/dynactin spindle orientation pathway
(DYN1, DYN2, PAC1, PAC11, ARP1, JNM1,

NIP100). We identified 8 of the 11 previously
known bni1! synthetic lethal/sick interactions
(BNR1, SLT2, BCK1, DYN1, ARP1, PAC1,
NIP100, ASE1) (18). Of the three that were not
identified, CDC12 and PKC1 are not contained
in our deletion set, whereas cells lacking HOF1
grow very slowly and are apparently beyond
the sensitivity of the assay (17). In total, we
discovered 43 previously unknown synthetic
genetic interactions for bni1!, including 9
genes of unclassified function.

Because genetic interactions can be rep-
resented as binary gene-gene relationships,
multiple SGA screens should generate a
network of genetic interactions that depicts

Fig. 1. Synthetic genetic array methodology
(16). (i) A MAT" strain carrying a query muta-
tion (bni1!) linked to a dominant selectable
marker, such as the nourseothricin-resistance
marker natMX that confers resistance to the
antibiotic nourseothricin, and an MFA1pr-HIS3
reporter is crossed to an ordered array of MATa
viable yeast deletion mutants, each carrying a
gene deletion mutation linked to a kanamycin-
resistance marker (kanMX). Growth of resultant
heterozygous diploids is selected for on medi-
um containing nourseothricin and kanamycin.
(ii) The heterozygous diploids are transferred to
medium with reduced levels of carbon and
nitrogen to induce sporulation and the forma-
tion of haploid meiotic spore progeny. (iii)
Spores are transferred to synthetic medium
lacking histidine, which allows for selective ger-
mination of MATa meiotic progeny because
these cells express the MFA1pr-HIS3 reporter
specifically. (iv) The MATa meiotic progeny are
transferred to medium that contains both
nourseothricin and kanamycin, which then se-
lects for growth of double-mutant meiotic
progeny.

Fig. 2. Final double-mutant array and tetrad
analysis for SGA synthetic lethal analysis with
bni1! and a test array (16). (A) bni1!::natR
cells were crossed to a test array containing 96
deletion mutants, each arrayed in quadrupli-
cate in a square pattern. bnr1! was duplicated
within the array. The final array that selects for
growth of the bni1! double mutants is shown.
Synthetic lethal/sick interactions lead to the
formation of residual colonies (yellow circles)
that were relatively smaller than the equivalent
colony on the wild-type control plate. Synthet-
ic lethal/sick interactions were scored with
bnr1!, cla4!, and bud6!. When the query
mutation was identical to one of the gene
deletions within the array, double mutants
could not form because haploids carry a single
copy of each allele; therefore, bni1! appeared
synthetic lethal with itself. (B) Tetrad analysis
of meiotic progeny derived from diploid cells
heterozygous for bni1! and either bnr1!,
cla4!, or bud6!. Tetratypes ( T) contain one
double-mutant spore; nonparental ditypes (NPD) contain two double-mutant spores; and parental
ditypes (PD) lack double-mutant spores. The spores were micromanipulated onto distinct positions
on the surface of agar medium and then allowed to germinate to form a colony. bni1! bnr1! and
bni1! cla4! double mutants are inviable and therefore fail to form a colony, whereas bni1! bud6!
double mutants showed a synthetic slow growth (sick) phenotype (yellow arrows). The genetic
make-up of the double mutants was inferred by replica plating the colonies to medium containing
nourseothricin, which selects for growth of bni1!::natR cells, and kanamycin, which selects for
growth of the bnr1!, cla4!, and bud6! gene-deletion mutants.
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Motivation and overview.

• Tong, et al. (Science, 2001) identified ~3800 Synthetic Sick 
and Lethal (SSL) interactions in yeast.

• This represents a small fraction of the total possible SSLs.

• Classic and genomic methods very time consuming and 
labor intensive.

• Wong et al. (this paper) report on a method for 
predicting SSL interactions.
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Why do we care about SSL interactions?

• Describe Gene-Gene Interaction networks (distinct from 
PPI networks).

• Reveal genetic redundancy, generally used to protect 
critical cell functions.

• Assign functions to proteins in redundant systems.

• Identify multi-genic characteristics of human diseases.

• Identify potential combination-therapy drug targets.
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How are SSLs identified? - Gene replacement.

• Integrate plasmid with mutant gene into chromosome.

• Select for strains that have the URA3 marker.

• Sub-select for strains that lack the URA3 marker (FOA).

• Mate two mutant strains to make double-mutant.

Courtesy of the Sherman Lab, Univ. of Rochester.
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Synthetic Genetic Array (SGA; a) and Synthetic Lethality Analyzed 
by Microarray (SLAM; b).

How are SSLs identified? - Genomics style.

Tucker & Fields. Nature Genetics (2003).  Vol 35: 3. 204-205.
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SGA analysis

• SGA first introduced by Tong, et al. (Science 2001).

• Used 130 query strains to identify ~3800 SSLs.

• They estimated 80k SSLs in yeast (~5800 genes total).

Identified SSLs (5%)

Unidentifed SSLs
(95%)
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What can SGA tell us?

the functional relationships between genes
and pathways. The SGA synthetic lethal data
set was first imported into the Bio-
molecular Interaction Network Database
(BIND) (19), then formatted with BIND tools
(16) and exported to the Pajek package (20),
a program originally designed for the graph-
ical analysis of social interactions. The net-
work shown in Fig. 3 contains the interac-
tions observed for BNI1 and those for seven
other query genes, BBC1 (MTI1), ARC40,
ARP2, BIM1, NBP2, SGS1, and RAD27, as
described below. The network contains 204
genes, represented as nodes on the graph, and
291 genetic interactions, represented as edges
connecting the genes. To visualize subsets of
functionally related genes, we color-coded
the genes according to their YPD cellular
roles and aligned them with one another on
the basis of their roles and connectivity (16).

The function of the genes with unknown
cellular roles (colored black) is predicted by
the roles of surrounding genes that show a
similar connectivity.

If these interactions identify functional-
ly related genes, then some of the unchar-
acterized genes from the bni1! screen
should also participate in cortical actin as-
sembly or spindle orientation. To test this,
we conducted an SGA screen using a strain
deleted for a previously uncharacterized
gene, BBC1, which leads to a synthetic sick
phenotype in combination with bni1!. We
scored 17 potential synthetic lethal/sick in-
teractions for bbc1!, most of which have
YPD-classified cell polarity or cell struc-
ture (cytoskeletal) roles (Fig. 3). In partic-
ular, bbc1! showed interactions with sev-
eral genes whose products control actin
polymerization and localize to cortical ac-

tin patches (CAP1, CAP2, SAC6, and SLA1),
suggesting that BBC1 may be involved in as-
sembly of actin patches or their dependent pro-
cesses. Further experiments demonstrated that
Bbc1 localized predominantly to cortical actin
patches and binds to Las17 (Bee1), a mem-
ber of the WASp (Wiskott-Aldrich Syn-
drome protein) family proteins that controls
the assembly of cortical actin patches
through regulation of the Arp2/3 actin nu-
cleation complex (21, 22).

We next focused on ARC40 and ARP2,
both of which encode subunits of the Arp2/3
complex (23), a major regulator of actin nu-
cleation, the rate-limiting step for actin poly-
merization. Because ARC40 is an essential
gene, we first isolated a temperature-sensitive
conditional lethal allele, arc40-40, by poly-
merase chain reaction (PCR) mutagenesis
and then conducted the screen at a tempera-

Fig. 3. Genetic interaction network representing the synthetic lethal/
sick interactions determined by SGA analysis. Genes are represented
as nodes, and interactions are represented as edges that connect the
nodes; 291 interactions and 204 genes are shown. All of the interac-
tions were confirmed by tetrad analysis, with 8 to 14 tetrads exam-
ined in each case. The genes are colored according to their YPD

cellular roles (18). For genes assigned multiple cellular roles, we
chose one that we considered the most probable on the basis of a
review of published abstracts for studies concerning the gene. Syn-
thetic lethal relationships can also be represented by two-dimensional
hierarchical clustering, as is used for analysis of DNA microarray
experiments (16).

R E P O R T S

14 DECEMBER 2001 VOL 294 SCIENCE www.sciencemag.org2366
Tong, et al.  Science (2001).  Vol. 294.  2364-2370. 
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the functional relationships between genes
and pathways. The SGA synthetic lethal data
set was first imported into the Bio-
molecular Interaction Network Database
(BIND) (19), then formatted with BIND tools
(16) and exported to the Pajek package (20),
a program originally designed for the graph-
ical analysis of social interactions. The net-
work shown in Fig. 3 contains the interac-
tions observed for BNI1 and those for seven
other query genes, BBC1 (MTI1), ARC40,
ARP2, BIM1, NBP2, SGS1, and RAD27, as
described below. The network contains 204
genes, represented as nodes on the graph, and
291 genetic interactions, represented as edges
connecting the genes. To visualize subsets of
functionally related genes, we color-coded
the genes according to their YPD cellular
roles and aligned them with one another on
the basis of their roles and connectivity (16).

The function of the genes with unknown
cellular roles (colored black) is predicted by
the roles of surrounding genes that show a
similar connectivity.

If these interactions identify functional-
ly related genes, then some of the unchar-
acterized genes from the bni1! screen
should also participate in cortical actin as-
sembly or spindle orientation. To test this,
we conducted an SGA screen using a strain
deleted for a previously uncharacterized
gene, BBC1, which leads to a synthetic sick
phenotype in combination with bni1!. We
scored 17 potential synthetic lethal/sick in-
teractions for bbc1!, most of which have
YPD-classified cell polarity or cell struc-
ture (cytoskeletal) roles (Fig. 3). In partic-
ular, bbc1! showed interactions with sev-
eral genes whose products control actin
polymerization and localize to cortical ac-

tin patches (CAP1, CAP2, SAC6, and SLA1),
suggesting that BBC1 may be involved in as-
sembly of actin patches or their dependent pro-
cesses. Further experiments demonstrated that
Bbc1 localized predominantly to cortical actin
patches and binds to Las17 (Bee1), a mem-
ber of the WASp (Wiskott-Aldrich Syn-
drome protein) family proteins that controls
the assembly of cortical actin patches
through regulation of the Arp2/3 actin nu-
cleation complex (21, 22).

We next focused on ARC40 and ARP2,
both of which encode subunits of the Arp2/3
complex (23), a major regulator of actin nu-
cleation, the rate-limiting step for actin poly-
merization. Because ARC40 is an essential
gene, we first isolated a temperature-sensitive
conditional lethal allele, arc40-40, by poly-
merase chain reaction (PCR) mutagenesis
and then conducted the screen at a tempera-

Fig. 3. Genetic interaction network representing the synthetic lethal/
sick interactions determined by SGA analysis. Genes are represented
as nodes, and interactions are represented as edges that connect the
nodes; 291 interactions and 204 genes are shown. All of the interac-
tions were confirmed by tetrad analysis, with 8 to 14 tetrads exam-
ined in each case. The genes are colored according to their YPD

cellular roles (18). For genes assigned multiple cellular roles, we
chose one that we considered the most probable on the basis of a
review of published abstracts for studies concerning the gene. Syn-
thetic lethal relationships can also be represented by two-dimensional
hierarchical clustering, as is used for analysis of DNA microarray
experiments (16).

R E P O R T S

14 DECEMBER 2001 VOL 294 SCIENCE www.sciencemag.org2366

What can we say about SSL networks?

• SSLs in yeast form a small-world, 
scale-free network.

• 'hub' genes with increased 
importance in fitness;

• dense local networks with short 
path lengths, connected by longer 
paths.

• SSL connectivity follows a power-law 
distribution.

• many genes with few interactions;

• few genes with many interactions.
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So what do we know about SSLs now?

• SSLs are enriched between genes that give rise to the 
same mutant phenotype.

• SSLs are enriched between genes with the same GO 
function.

• SSLs are enriched between paralogs.

• SSLs are enriched between genes that code for proteins 
in the same complex.
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Where does the Wong study fit in?

• SSLs are important, crucial interactions.

• Classical genetics (identify one at a time) is too slow.

• Arrays and genomic techniques help, but not much.

• Only 5% of total potential SSLs identified so far.

• Single organism, single condition.

Wong et al.:  Can we predict SSL interactions in yeast?  
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Wong's group wants to predict SSLs based on available yeast data.

• Compile known data of different types from multiple 
sources.

• Use this integrated dataset to predict SSLs based on 
particular characteristics.

A comprehensive multidimensional cell map would
require, in principle, full dynamic knowledge of all parts of
the cell in time and space [123], including direct physical
interactions, precisely delineated binding sites, kinetics
and reaction rates as well as biomolecular concentrations
(protein, RNA and small molecule) at all stages of the cell
cycle and in all differentiated states with all genetic
interactions, and so on. Whether useful information of
such complexity can be even acquired remains to be seen.
Even a limited subset of these data will require powerful
information storage, query and analysis engines to
handle data manipulation computationally. Current rep-
resentational models of pathways and cell simulation will
need to evolve substantially to manage these data
meaningfully.

Databases such as BIND [12], DIP [13], MINT [14],
GRID [15], SGD [17] and MIPS [16] are intended to serve
as a repository for protein and genetic interactions and
associated regulatory events, as occur in cell signaling.
Gene expression databases already store huge amounts
of DNA microarray information from many organisms
[124,125], and yet other databases can store transcription
factor [126], metabolic pathway [29,127,128] and gene
regulatory network [129] data. Building and maintaining
a high-quality database requires a substantial amount of
effort. Thus, creating a database large enough to capture
cell map information will require massive community
investment and commitment, ranging from the individual
researcher to the funding agency and journals, as well as
innovation from database developers. Pathway simulation
engines [4,115] are available to examine quantitatively
mathematical models of these data.

All of this must be tied together using data
standards (see BioPax: Biological Pathways Exchange:
http://www.biopax.org; Proteomics Standards Initiative:
http://psidev.sourceforge.net/; Systems Biology Markup
Language: http://sbw-sbml.org/) and Web services that
can be easily queried for information [130,131]. Machine
learning tools such as SVMs [132], Bayesian nets [133] and
decision trees [134] will be required to integrate, to filter
and to recognize patterns automatically in this enormous
multidimensional dataset, and the use of network
visualization and modeling tools such as Cytoscape
(see http://www.cytoscape.org), Osprey and BioLayout
[15,74,135,136] will be necessary to understand data
relationships quickly and to make biologically relevant
predictions. Indeed, these visualization tools must be
developed as the interactive entry point to the integrated
cell map, where a gene of interest connects directly to the
latest information about that gene and its relationships.

As an example, the initial version of Cytoscape can
represent several concurrent aspects of the multidimen-
sional cell map. Figure 6 shows two versions of the protein
kinase C (PKC) pathway from yeast. A manually con-
structed version represents a limited connection map of
PKC pathway proteins [137], whereas a version automati-
cally constructed by Cytoscape is based on a data file
containing a large set of interactions between proteins,
genes and transcription factors, combined with original
microarray gene expression data from Roberts et al. [137].
In addition to representing data associated with the PKC
pathway more fully, the Cytoscape network can be queried
interactively to reveal several layers of information, which
can be crucial for hypothesis generation. Discoveries

Fig. 5. A large network of protein–protein interactions among kinases and phosphatases in yeast. (a) Kinases and phosphatases are very well connected in a large protein–
protein interaction network. (b) Transcription factors, a functional class similar in size to the kinase/phosphatase class, are not. This is an example of an unanticipated result
that is completely unobtainable without genome-wide studies. Loops indicate self-interactions.
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microarray gene expression profiles of yeast mutants has
been used to infer the pathways affected by amutation or a
drug [65]; such compendia provide a key for interpreting
how small molecules interfere with specific cellular
processes (Fig. 2).

The global transcriptional regulatory network is dic-
tated by a myriad of protein–DNA interactions and
chromatin modifications. The regulation of transcription
factor interactions with elements in promoter DNA
nominally controls the global expression profile. Compu-
tational analysis can define potential binding sites in the
promoters of co-regulated genes [66] and in alignments of
promoter regions from closely related species [32]. Assign-
ment of the cognate transcription factors to such elements
remains difficult, however, probably because of the
combinatorial effects between transcription factors and
because their interactions with chromatin generate com-
plex regulatory elements [41]. Indeed, such elements are
only poorly predictive of co-regulation because, on average,
80% of the genes that share defined elements are not
co-regulated (P. Cliften and M. Johnston, pers. commun.).

Direct analysis of protein–DNA interactions on a
genome-wide scale is readily accomplished by chromatin
immunoprecipitation array techniques (‘ChIP-chip’), in
which DNA is crosslinked to the transcription factor of
interest in vivo and then hybridized to a microarray
[20,67]. Systematic application of this method has the
potential to identify complex transcriptional regulatory
circuits [20,67]. This approach can be also applied to
identify any other protein–DNA interaction on a genome-
wide scale, including chromatin-modifying [68,69] and

DNA repair [70] complexes and replication factors [71].
Given that specificity often arises from both positively and
negatively acting factors, the overlay of these datasets can
prove crucial in deciphering the ultimate transcriptional
hierarchy of the cell.

The analysis of gene expression at various intervals
after a perturbation offers the potential to computationally
infer gene regulatory networks [72], their kinetics and
even the protein concentration profiles of gene regulators
[73]. Determining gene expression kinetics in response to
numerous different perturbations can enable large-scale
kinetic simulation of a gene regulation network for the cell.
The integration of gene expression data with protein–
protein and protein–DNA interaction networks [41,74]
provides one of the first examples in which multiple data
sources have been combined to deduce previously
uncharted areas of the cellular map.

Protein interactions
The function of a protein is defined by the other
biomolecules with which it interacts and reacts. An
enormous amount of protein–protein interaction infor-
mation has been obtained recently for yeast and other
organisms using two-hybrid [75–77], mass spectrometry
[36,78], phage-display [79] and protein fragment comple-
mentation [80] assays. Large-scale datasets derived using
these methods have provided a wealth of new leads in
many areas of biology. A potential difficulty with large-
scale protein interaction datasets is a prevalence of false
positives (interactions that are seen in an experiment but
never occur in the cell or are not physiologically relevant)
and false negatives (interactions that are not detected but
do occur in the cell) [18,19,81,82].

Although high-quality datasets are obviously ideal,
there is currently a quality/coverage tradeoff related to the
speed of data acquisition. On the one hand, high-quality
data are time consuming and costly to complete, leading to
a low sampling of potential interactions that is biased
towards known proteins. Large-scale studies, on the other
hand, have a high sampling rate but can produce lower
quality data. The quality of existing datasets with respect
to false-positive and false-negative interactions is a
complicated issue, which we discuss below. Despite these
potential problems, however, protein–protein interaction
networks derived from large-scale studies have proved
extremely useful for defining protein function [83],
examining general properties of different protein func-
tional classes, and analyzing the topology of protein
interaction networks [84].

Informatics methods can be applied to reduce the
number of false positives in a dataset. By comparing
datasets to benchmarks such as well-known interactions,
the proportion of false positives can be estimated for a
given dataset. Filtering criteria can be devised using these
results combined with control data from the original
experiment [36,78]. Moreover, large-scale datasets can be
combined such that the overlapping set of interactions is of
much higher quality than the input datasets. This has
been successfully done using a simple overlap scheme [79].
This approach can be problematic if a less-sensitive

Fig. 2. Microarray pattern compendium. Diagram showing how a ‘compendium’ of
microarray patterns, each corresponding to a different perturbation, can be used
to classify an uncharacterized perturbation. Here, a hypothetical microarray with
sixteen spots is shown, each measuring the expression of a single gene in a per-
turbed cell population relative to an unperturbed population. Black represents no
change in expression, red represents induction and green represents repression.
In practice, microarrays typically have thousands of spots and ratio measurements
are continuous variables. Although this theoretically allows billions of different
patterns, it has been estimated that in yeast there are probably several hundred
discrete patterns that would result from single-gene disruptions [65].
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double-mutant haploid strains whose growth
rate is monitored by visual inspection or im-
age analysis of colony size. We refer to this
procedure as synthetic genetic array (SGA)
analysis.

To demonstrate proof of concept for SGA
analysis, we tested a deletion of the BNI1
gene (bni1!) against a test array of gene-
deletion mutants including bnr1!, a known
synthetic lethal with bni1! (11) (Fig. 2A).
BNI1 and BNR1 both encode members of the
highly conserved formin family and control
the assembly of actin cables, which guide
myosin motors that coordinate polarized cell
growth and spindle orientation (12). As an-
ticipated, the double-mutant cells at the
bnr1! positions failed to grow, forming a
residual colony with a reduced size relative to
that of the control. Because the resultant dou-
ble mutants are created by meiotic recombi-
nation, gene deletions that are genetically
linked to the query mutation form double
mutants at a reduced frequency; moreover,
when the query mutation is identical to one of
the gene deletions within the array, double
mutants cannot form. Thus, cells at the bni1!
position failed to grow under double-mutant
selection. Even within the limited subset of
genes in this pilot experiment, we detected
previously unknown synthetic genetic inter-
actions between bni1! and gene deletions of
CLA4 and BUD6 (AIP3) (Fig. 2A). Cla4 is a
kinase involved in actin patch assembly and
regulation of the cell cycle–dependent tran-
sition from apical to isotropic bud growth
(13, 14); Bud6 forms a complex with Bni1
and actin to control actin cable assembly and
cell polarity (15). Tetrad analysis confirmed
that both the bni1! bnr1! and bni1! cla4!
double mutants were inviable and that the
bni1! bud6! double mutant was associated
with a slower growth rate or “synthetic sick”
phenotype, reflecting reduced fitness of the
double mutant relative to the respective sin-
gle mutants (Fig. 2B).

We next screened a bni1! query strain
against an array of 4672 different viable dele-
tion strains. For high-throughput automated
screening, we designed a robotic system for
manipulation of high-density yeast arrays (16).
To ensure reproducibility within a screen and to
facilitate visual scoring, we arrayed the deletion
strains in pairs, at 768 strains per plate. We
scored 67 potential synthetic lethal/sick interac-
tions, 51 (76%) of which were confirmed by
tetrad analysis. At the current stage of develop-
ment, SGA analysis yields a substantial number
of false-positives; however, these can be re-
duced by repeated screening or removed
through confirmation of the interactions by tet-
rad analysis, which is straightforward because
the tetrads can be obtained directly from the
array of sporulated diploids (17). To group the
identified genes by function, we assembled a
list of their cellular roles as defined by the Yeast

Proteome Database (YPD) (18). The BNI1 in-
teractions were highly enriched for genes with
roles in cell polarity (20%), cell wall mainte-
nance (18%), and mitosis (16%). Pathways crit-
ical for the fitness of bni1! cells were revealed
by multiple interactions with subsets of genes
involved in bud emergence (BEM1, BEM2, and
BEM4), chitin synthase III activity (CHS3,
SKT5, CHS5, CHS7, and BNI4), mitogen-acti-
vated protein (MAP) kinase pathway signaling
(BCK1 and SLT2), the cell cycle–dependent
transition from apical to isotropic bud growth
(CLA4, ELM1, GIN4, and NAP1), and the dy-
nein/dynactin spindle orientation pathway
(DYN1, DYN2, PAC1, PAC11, ARP1, JNM1,

NIP100). We identified 8 of the 11 previously
known bni1! synthetic lethal/sick interactions
(BNR1, SLT2, BCK1, DYN1, ARP1, PAC1,
NIP100, ASE1) (18). Of the three that were not
identified, CDC12 and PKC1 are not contained
in our deletion set, whereas cells lacking HOF1
grow very slowly and are apparently beyond
the sensitivity of the assay (17). In total, we
discovered 43 previously unknown synthetic
genetic interactions for bni1!, including 9
genes of unclassified function.

Because genetic interactions can be rep-
resented as binary gene-gene relationships,
multiple SGA screens should generate a
network of genetic interactions that depicts

Fig. 1. Synthetic genetic array methodology
(16). (i) A MAT" strain carrying a query muta-
tion (bni1!) linked to a dominant selectable
marker, such as the nourseothricin-resistance
marker natMX that confers resistance to the
antibiotic nourseothricin, and an MFA1pr-HIS3
reporter is crossed to an ordered array of MATa
viable yeast deletion mutants, each carrying a
gene deletion mutation linked to a kanamycin-
resistance marker (kanMX). Growth of resultant
heterozygous diploids is selected for on medi-
um containing nourseothricin and kanamycin.
(ii) The heterozygous diploids are transferred to
medium with reduced levels of carbon and
nitrogen to induce sporulation and the forma-
tion of haploid meiotic spore progeny. (iii)
Spores are transferred to synthetic medium
lacking histidine, which allows for selective ger-
mination of MATa meiotic progeny because
these cells express the MFA1pr-HIS3 reporter
specifically. (iv) The MATa meiotic progeny are
transferred to medium that contains both
nourseothricin and kanamycin, which then se-
lects for growth of double-mutant meiotic
progeny.

Fig. 2. Final double-mutant array and tetrad
analysis for SGA synthetic lethal analysis with
bni1! and a test array (16). (A) bni1!::natR
cells were crossed to a test array containing 96
deletion mutants, each arrayed in quadrupli-
cate in a square pattern. bnr1! was duplicated
within the array. The final array that selects for
growth of the bni1! double mutants is shown.
Synthetic lethal/sick interactions lead to the
formation of residual colonies (yellow circles)
that were relatively smaller than the equivalent
colony on the wild-type control plate. Synthet-
ic lethal/sick interactions were scored with
bnr1!, cla4!, and bud6!. When the query
mutation was identical to one of the gene
deletions within the array, double mutants
could not form because haploids carry a single
copy of each allele; therefore, bni1! appeared
synthetic lethal with itself. (B) Tetrad analysis
of meiotic progeny derived from diploid cells
heterozygous for bni1! and either bnr1!,
cla4!, or bud6!. Tetratypes ( T) contain one
double-mutant spore; nonparental ditypes (NPD) contain two double-mutant spores; and parental
ditypes (PD) lack double-mutant spores. The spores were micromanipulated onto distinct positions
on the surface of agar medium and then allowed to germinate to form a colony. bni1! bnr1! and
bni1! cla4! double mutants are inviable and therefore fail to form a colony, whereas bni1! bud6!
double mutants showed a synthetic slow growth (sick) phenotype (yellow arrows). The genetic
make-up of the double mutants was inferred by replica plating the colonies to medium containing
nourseothricin, which selects for growth of bni1!::natR cells, and kanamycin, which selects for
growth of the bnr1!, cla4!, and bud6! gene-deletion mutants.
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Source data:  compiled, categorized, and binned.

Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.

Category Characteristic Bin

Common upstream regulator p-value <=0.01

<=0.005

<=0.001

Category Characteristic Bin

Chromosomal distance distance apart <7 kb

<5 kb

<3 kb

<1 kb

To avoid overfitting the training data, we enforced an ‘‘early-
stopping’’ criterion based on the Bayesian Information Criterion
(14) (asymptotically equivalent to Minimum Description
Length). To split a node N into two daughters, we required that
the maximal conditional information gain exceed log(!T!)"2!N!.
Here, !N! is the number of gene pairs in node N, and !T! is the
number of pairs in the entire training set. If the maximal
conditional information gain in a node fell below the criterion,
the node was not split. Instead, the node became a leaf, or
terminal node.

Scoring Leaves and Gene Pairs. Each leaf of a decision tree received
a score equal to the fraction of its gene pairs (from the training
set) that were SSL. To compensate for small sample size, a total
of one pseudocount was added to the number of SSL and
non-SSL pairs, distributed in proportion to the fractions of SSL
and non-SSL gene pairs, respectively, in the entire training set.

To score our predictions, we mapped each gene pair from the
test set to a leaf based on its characteristics. Beginning at the root
node, each gene pair was successively assigned to a left or right
daughter node based on whether the pair possessed the charac-
teristic used to split the node. Once a gene pair reached a leaf,
its mapping was complete, and the pair acquired the score of the
leaf. The highest-scoring pairs became our predicted SSL pairs.

Results
Gene-Pair Characteristics. To predict SSL gene pairs, we identified
gene-pair characteristics potentially helpful in characterizing

SSL interactions. For example, protein products of SSL partners
that belong to redundant pathways may share sequence homol-
ogy, be localized in the same subcellular compartment, and"or
belong to the same functional category according to the Munich
Information Center for Protein Sequences (MIPS) (15). We also
assembled several measures of functional relatedness: conserved
gene neighborhood (16, 17), whether pairs of orthologs are
chromosomal neighbors in at least two different species; gene
fusion (18), whether pairs of orthologs are fused in another
genome; gene cooccurrence (19, 20), whether pairs of orthologs
have correlated appearance across genomes; and chromosomal
distance, whether two genes are located near one another in the
S. cerevisiae genome. In addition, we included characteristics that
describe local network topology around a gene pair, such as
mutual clustering coefficient in the physical interaction network
(21) and 11 characteristics prefixed by ‘‘2hop.’’ Each 2hop
characteristic captures specified relationships between a given
pair, A–B, and a third gene, C. For example, if protein A
physically interacts with protein C, and gene B is SSL with gene
C, then the gene pair A–B possesses the characteristic ‘‘2hop
physical–SSL’’ (Table 1). As its name implies, 2hop describes a
two-step path from A to B through C. We can then ask whether
a 2hop physical–SSL relationship is predictive of two genes being
SSL, as may be true in compensating pathways (discussed later).
We compiled a list of 123 hierarchically organized gene-pair
characteristics, falling into 26 major categories (Table 1; for a
complete list, see Table 2, which is published as supporting
information on the PNAS web site, and for descriptions, see

Table 1. Categories of gene-pair characteristics

Major category
No. of

characteristics Refs.

Appears in trees

1 2 3

Common upstream regulator 3 38
Gene cooccurrence 1 18–20
Chromosomal distance 4
Gene fusion 1 18
Conserved gene neighborhood 1 16–18
Physical interaction 15 39–42 x x x
mRNA coexpression 17 43, 44
Same predicted physical complex 1 45 x
Same MIPS function 1 15 x x x
Same MIPS protein class 1 15
Same subcellular localization 42 15 x x x
Same phenotype 1 15 x x x
Sequence homology 3 13 x x x
Mutual clustering coefficient in physical

interaction network
16 21

Posterior probability of physical interaction 4 21
2hop H - S 1 2, 7, 13, 15 x x x
2hop P - S 1 2, 7, 15, 39–42 x x x
2hop S - S 1 2, 7, 15 x x x
2hop S - X 1 2, 7, 15, 43, 44 x x x
2hop H - H 1 13
2hop H - P 1 13, 39–42 x
2hop H - R 1 13, 38 x
2hop H - X 1 13, 43, 44 x x
2hop P - P 1 39–42
2hop P - R 1 38–42
2hop X - X 1 43, 44 x

Presented are category description; the number of characteristics within each category; reference of data
source; whether category is represented in decision tree of crossvalidation (1), predicting experimentally vali-
dated gene pairs (2), or predicting new SSL pairs (3). For 2hop characteristics: H, sequence homology; P, physical
interaction; R, common upstream regulator; S, synthetic sick or lethal interaction; X, correlated mRNA expression.
In the bottom left diagram, Y and Z represent characteristics, S represents synthetic sick or lethal interaction, and
A, B, and C represent genes.

Wong et al. PNAS ! November 2, 2004 ! vol. 101 ! no. 44 ! 15683
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26 categories.

123 characteristics.

18 sources.
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2hop relationships.

Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.
To avoid overfitting the training data, we enforced an ‘‘early-

stopping’’ criterion based on the Bayesian Information Criterion
(14) (asymptotically equivalent to Minimum Description
Length). To split a node N into two daughters, we required that
the maximal conditional information gain exceed log(!T!)"2!N!.
Here, !N! is the number of gene pairs in node N, and !T! is the
number of pairs in the entire training set. If the maximal
conditional information gain in a node fell below the criterion,
the node was not split. Instead, the node became a leaf, or
terminal node.

Scoring Leaves and Gene Pairs. Each leaf of a decision tree received
a score equal to the fraction of its gene pairs (from the training
set) that were SSL. To compensate for small sample size, a total
of one pseudocount was added to the number of SSL and
non-SSL pairs, distributed in proportion to the fractions of SSL
and non-SSL gene pairs, respectively, in the entire training set.

To score our predictions, we mapped each gene pair from the
test set to a leaf based on its characteristics. Beginning at the root
node, each gene pair was successively assigned to a left or right
daughter node based on whether the pair possessed the charac-
teristic used to split the node. Once a gene pair reached a leaf,
its mapping was complete, and the pair acquired the score of the
leaf. The highest-scoring pairs became our predicted SSL pairs.

Results
Gene-Pair Characteristics. To predict SSL gene pairs, we identified
gene-pair characteristics potentially helpful in characterizing

SSL interactions. For example, protein products of SSL partners
that belong to redundant pathways may share sequence homol-
ogy, be localized in the same subcellular compartment, and"or
belong to the same functional category according to the Munich
Information Center for Protein Sequences (MIPS) (15). We also
assembled several measures of functional relatedness: conserved
gene neighborhood (16, 17), whether pairs of orthologs are
chromosomal neighbors in at least two different species; gene
fusion (18), whether pairs of orthologs are fused in another
genome; gene cooccurrence (19, 20), whether pairs of orthologs
have correlated appearance across genomes; and chromosomal
distance, whether two genes are located near one another in the
S. cerevisiae genome. In addition, we included characteristics that
describe local network topology around a gene pair, such as
mutual clustering coefficient in the physical interaction network
(21) and 11 characteristics prefixed by ‘‘2hop.’’ Each 2hop
characteristic captures specified relationships between a given
pair, A–B, and a third gene, C. For example, if protein A
physically interacts with protein C, and gene B is SSL with gene
C, then the gene pair A–B possesses the characteristic ‘‘2hop
physical–SSL’’ (Table 1). As its name implies, 2hop describes a
two-step path from A to B through C. We can then ask whether
a 2hop physical–SSL relationship is predictive of two genes being
SSL, as may be true in compensating pathways (discussed later).
We compiled a list of 123 hierarchically organized gene-pair
characteristics, falling into 26 major categories (Table 1; for a
complete list, see Table 2, which is published as supporting
information on the PNAS web site, and for descriptions, see

Table 1. Categories of gene-pair characteristics

Major category
No. of

characteristics Refs.

Appears in trees

1 2 3

Common upstream regulator 3 38
Gene cooccurrence 1 18–20
Chromosomal distance 4
Gene fusion 1 18
Conserved gene neighborhood 1 16–18
Physical interaction 15 39–42 x x x
mRNA coexpression 17 43, 44
Same predicted physical complex 1 45 x
Same MIPS function 1 15 x x x
Same MIPS protein class 1 15
Same subcellular localization 42 15 x x x
Same phenotype 1 15 x x x
Sequence homology 3 13 x x x
Mutual clustering coefficient in physical

interaction network
16 21

Posterior probability of physical interaction 4 21
2hop H - S 1 2, 7, 13, 15 x x x
2hop P - S 1 2, 7, 15, 39–42 x x x
2hop S - S 1 2, 7, 15 x x x
2hop S - X 1 2, 7, 15, 43, 44 x x x
2hop H - H 1 13
2hop H - P 1 13, 39–42 x
2hop H - R 1 13, 38 x
2hop H - X 1 13, 43, 44 x x
2hop P - P 1 39–42
2hop P - R 1 38–42
2hop X - X 1 43, 44 x

Presented are category description; the number of characteristics within each category; reference of data
source; whether category is represented in decision tree of crossvalidation (1), predicting experimentally vali-
dated gene pairs (2), or predicting new SSL pairs (3). For 2hop characteristics: H, sequence homology; P, physical
interaction; R, common upstream regulator; S, synthetic sick or lethal interaction; X, correlated mRNA expression.
In the bottom left diagram, Y and Z represent characteristics, S represents synthetic sick or lethal interaction, and
A, B, and C represent genes.

Wong et al. PNAS ! November 2, 2004 ! vol. 101 ! no. 44 ! 15683
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H:  Sequence homology.

P:  Physical interaction.

R:  Common regulator.

X:  Correlated expression.

S:  SSL interaction.

• 2hop relationships will play an important role in SSLs.
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Summary of methods.

• What can all of the characteristics of a gene pair tell us 
about the likelihood of an SSL interaction in that pair?

• Used Conditional Information Gain to rank 
characteristics.

• Used Probabilistic Decision Trees to identify the 
characteristics most likely to indicate an SSL.

• Assigned a score to each leaf in the tree, corresponding 
to the probability that a gene pair on that leaf will have an 
SSL.
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Training the Decision Tree.

T (training set) = all gene pairs analyzed by SGA in Tong et al.
(692, 865 gene pairs, including 3868 SSLs.)

Start with all T gene pairs in the root node.

NODE
T gene pairs

Have 
Characteristic a?

1 0

NODE
t gene pairs

NODE
T-t gene pairs

Have 
Characteristic b?

Have 
Characteristic c?

1 01 0
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How did they build the Tree?

• Find the characteristic that yields the highest Conditional 
Information Gain wrt SSL.

• Branch the tree on that characteristic.

• Recurse until a minimum Gain is reached, then stop.  This 
forms a leaf.

• Score = the fraction of gene pairs in the leaf with SSL.

• Define a threshold score, above which considered an SSL. 
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What is Conditional Information Gain?

Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.

Entropy of the parent Node Entropy of the child Node

Relative size of the child Node

Cond. Info. Gain   =

Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.

Entropy (H)   = -p  log(p  ) - (1 - p  )log(1 - p  )
N N N N

Probability that a gene pair is SSL

The amount of information we learn about A if we first know B.
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How well does this work?  - 4-fold cross-validation.

• Training set:  692, 865 gene pairs, including 3868 SSLs, from Tong.

• Randomly split training set into four equal-sized sets.

• Train the tree on three of the sets, and score the fourth.

Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.

Sensitivity = true positive rate  = 
number correctly predicted SSLs

number total SSLs in test set

Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.

False positive rate  =
number incorrectly predicted SSLs

number total SSLs in test set
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How well does this work?  - experimental validation.

• Built a tree using all data from the cross-validation.

• Scored test set of new SSL interactions, determined by 
SGA (8 query genes; 36k gene pairs).

• Test set had same 'biological bias' as training set:

• actin-base cell polarity

• cell wall biosynthesis

• microtubule-based chromosome segregation

• DNA synthesis and repair).
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Validation results:  Sensitivity vs. FPR.
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A decision tree from cross-validation.

Cross-validation SSL decision tree.  Top five scoring leaves labeled by rank.

a.

1

3 4

5

2

Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.

With Without

entropy >> root

entropy > root

entropy = root

entropy > root

entropy >> root

enriched 
for SSL

depleted 
for SSL
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Top predictors of SSL in cross-validation.

• 2hop SSL-SSL.

• SSL partners of a gene tend to 
interact with each other.

• 2hop physical-SSL.

• compensatory:  pathway with A 
compensates for pathway in 
which B-C physically interact.

• Surprise: few SSL genes share 
sequence homology. 

gene A gene B

gene C

S S

gene A gene B

gene C

S P
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What combinations of characteristics are good predictors of SSLs?

were the glycosidases CWH41 and ROT2; glycosyl transferase,
ALG8; tubulin folding factor D, CIN1; the DNA helicases RRM3
and HPR5; ADP-ribosylation factor-like 1, ARL1; and KRE1
involved in cell wall !-glucan assembly (23). Parallel biases in our
training and test sets allowed us to demonstrate the capacity of
our approach to predict SSL interactions in a case where the
training set was representative of the test set. Comparison of our
predictions to experimental results revealed a performance
similar to that observed in cross-validation (Fig. 1; Table 5, which
is published as supporting information on the PNAS web site,
lists the data points).

In addition, we correctly predicted interactions more fre-
quently for some of the eight screens than for others (Fig. 7,
which is published as supporting information on the PNAS web
site), suggesting that performance of our method may vary from
gene to gene. Most importantly, though, both validation ap-
proaches demonstrated that a subset of SSL interactions could
be predicted with high confidence, suggesting that SSL predic-
tions can dramatically reduce the number of gene pairs that must
be tested, while maintaining high sensitivity.

Characteristics Most Useful in Predicting SSL Interactions. To identify
combinations of gene-pair characteristics predictive of SSL
interaction, we trained a decision tree using previously tested
pairs and examined characteristics associated with leaves that
were enriched for SSL pairs. To assemble our training set, we
began with gene pairs systematically tested for SSL interaction
by SGA and SGA-associated analyses [using the published
version of the SSL data (5, 11)]. To take advantage of non-
systematically derived data, we then supplemented our training
set with an additional 367 SSL pairs reported in the MIPS
database (15). MIPS, however, reports only gene pairs positive
for SSL interaction and does not provide negative training
examples important to our model. Therefore, to maintain the
0.58% (4,207!728,066) frequency of SSL pairs found by the
systematic screens, we also included 67,299 randomly selected
gene pairs, treating them as non-SSL (relatively few were

expected to be SSL, because the frequency of SSL is low). In
total, our training set comprised 795,732 gene pairs, including
4,598 identified SSL interactions involving 1,296 (!20%) genes.
To mitigate the bias in SGA query gene selection, we prohibited
our decision tree from using subcellular localization character-
istics (e.g., colocalization the nucleus) directly related to the
SGA bias, leaving 111 characteristics.

The resulting tree (Fig. 2) comprised 79 nodes and used
characteristics from 13 major categories, 10 represented in
previous trees and 3 new ones appearing in low-scoring areas of
the tree (Table 1). Thus, this new tree used similar characteristics
to those used by previous trees.

Each combination of characteristics leading to our top-scoring
leaves describes subtypes of known SSL gene pairs and offers
insight into mechanisms underlying genetic robustness. Here, we
focus on two examples.

Gene pairs in the highest-scoring leaf possess the character-
istics 2hop physical–SSL, the same function, and colocalization
in the endoplasmic reticulum. For example, the SSL pair, ALG5
and WBP1 (Fig. 3a), maps to this leaf. Alg5 is a UDP-glucose:
dolichyl-phosphate glycosyltransferase, and Wbp1 is a member
of the oligosaccharyl transferase glycoprotein complex. The
pair’s 2hop physical–SSL relationship stems from a physical
interaction between Alg5 and Swp1, a subunit of the oligosac-
charyl transferase glycoprotein complex, like Wbp1. Both genes
belong to the MIPS functional category and protein modification
and localize in the endoplasmic reticulum (15).

The most predictive characteristic of this highest-scoring leaf,
2hop physical–SSL, suggests a model in which gene pairs in this
leaf respectively belong to two compensating pathways (Fig. 8a,
which is published as supporting information on the PNAS web
site). Two other predictive characteristics associated with this
leaf, assignment to the same functional category and the same
subcellular location, are consistent with this idea. The tree also
indicates that gene pairs mapping to this highest-scoring leaf are
not annotated with the 2hop SSL–SSL characteristic, further
suggesting involvement of two compensating pathways. In ad-

Fig. 2. Tree used to predict new gene pairs. The 10 top-scoring leaf nodes are labeled by rank. Left and right arrows point to gene pairs with and without,
respectively, the characteristic that labels the node from which the arrow points. Arrowhead size is proportional to the fraction of gene pairs in the parent node
that were assigned to each daughter node. Nodes with higher (lower) fractions of SSL gene pairs than the root are red (blue). Color saturation reflects the entropy
with respect to SSL of gene pairs in a node relative to that of the root. Each node is labeled with the number of its gene pairs that are (") or are not (#) SSL.
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Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.

Rank Characteristics SSL +/-

1 2hop S-S; 2hop P-S; MIPS complex; GO function; ER localization 4/?

2 2hop S-S; 2hop P-S; MIPS complex; 2hop H-P 13/4

3 2hop S-S; 2hop P-S; 2hop S-X; mutant phenotype 206/90

4 2hop S-S; 2hop P-S; 2hop H-S; 2hop S-X; mutant phenotype; seq. 
homology p<e-3 4/1

5 2hop S-S; 2hop P-S; 2hop H-S; mutant phenotype; 2hop S-X; GO 
function; seq. homology p<e-3 9/7
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Special note:  Compensatory pathways.

Fig. 8. SSL gene pairs from the highest-scoring leaves of the decision tree may belong to compensating pathways. When gene 1 
and gene 2 are lost, synthetic sickness or lethality may result, because both compensating pathways are impaired (a) or because 
two of three (or more) compensating pathways are impaired (b). Blue circles represent genes. "gene 1" and "gene 2" represent a 

query gene pair from the first (a) or third (b) leaf. H indicates sequence homology; P indicates physical interaction; S indicates 
SSL interaction; X indicates correlated mRNA expression.

(a)

S

S

SX

S

S

gene 2gene 1

P

(b)

P

S

S

gene 2

gene 1

Leaf 1 (P-S) Leaf 3 (P-S; S-X)

Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.
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New SSL Predictions

• Used same tree to predict new SSLs.

• No way to assess widespread validity until tested (i.e, by 
SGA analysis) but specific examples appear reasonable.

dition, protein pairs corresponding to the gene pairs in this leaf
are not found in the same complex according to MIPS, suggest-
ing that the compensating pathways do not physically interact via
these pairs of genes (although they may do so upstream or
downstream).

The third-highest-scoring leaf provides another example in which
decision trees suggested informative combinations of characteris-
tics. Gene pairs in this leaf possess the characteristics 2hop SSL–
SSL, 2hop physical–SSL, 2hop SSL–coexpression, and the same
phenotype. For example, the SSL pair, PAC2 and JNM1 (Fig. 3c),
maps to this leaf. Pac2 is the tubulin-folding cofactor E, and Jnm1
is a coiled-coil domain protein required for proper nuclear migra-
tion during mitosis. The pair has five 2hop SSL–SSL relationships
involving YKE2, CIN8, TUB3, PAC10, and GIM5, respectively.
Their 2hop physical–SSL relationship is attributed to a physical
interaction between Jnm1 and the microtubule-binding protein
Nip100, and a SSL interaction between PAC2 and NIP100. The
2hop SSL–coexpression interaction stems from a SSL interaction
between JNM1 and the chaperone-encoding gene CPR6 and to
correlated mRNA expression of PAC2 and CPR6. In addition,
PAC2 and JNM1 both belong to the MIPS phenotype category,
‘‘tubulin cytoskeletal mutants.’’

One model suggested by the 2hop SSL–SSL characteristic
involves three or more compensating pathways for which loss of
any two is lethal (Fig. 8b). The 2hop physical–SSL and 2hop
SSL–coexpression characteristics suggest relationships between
the compensating pathways. Consistent with this interpretation,
genes paired in this leaf have similar single-mutant phenotypes.
This combination of characteristics is also consistent with an
alternative model in which proteins encoded by a gene pair are
each members of a protein complex for which the loss of either
member alone is tolerated, but loss of both is lethal.

These insights are particularly interesting because compen-
sating pathways are difficult to identify and, as a result, have not
been well studied. By contrast, duplicate genes, also thought to
underlie genetic robustness, are systematically identified by
sequence homology and have been actively investigated (1,
24–26). Homologous genes, however, comprise only an esti-
mated 2% of SSL gene pairs (5), suggesting that compensating
pathways or other explanations must underlie the majority of
SSL interactions. The combinations of characteristics used by

decision trees to predict can also identify genetic interactions
that arise due to compensatory pathways.

New SSL Predictions. Finally, the decision tree we used above to
describe predictive characteristics was also used to generate pre-
dictions among all yeast gene pairs potentially testable by SGA (i.e.,
pairs for which at least one gene was on the SGA array). Table 6,
which is published as supporting information on the PNAS web site,
lists the 5,000 top-scoring predictions. For example, one of the
highest-scoring pairs (mapping to the highest-scoring leaf) is FEN1
and SPO7 (Fig. 3b). FEN1 is a long-chain fatty acid elongase.
Mutants in FEN1 exhibit defects in budding and sporulation, likely
due to altered membrane phospholipid content (27). SPO7 is
dispensable for mitosis but is required for premeiotic DNA syn-
thesis, a normal mutation rate, recombination, meiosis I and II,
glycogen degradation, and sporulation. SSL interaction between
FEN1 and SPO7 may result from defects in meiosis completion and
sporulation. Another high-scoring pair (mapping to the third-
highest-scoring leaf) was ASF1 and XRS2 (Fig. 3d). Asf1 is an
antisilencing protein causing derepression of silent loci when over-
expressed, and Xrs2 is involved in DNA repair. Validation of these
predictions awaits further study.

Because SSL-containing 2hop characteristics were important
to our success in cross-validation and experimental validation,
we were curious about the performance of our predictions
involving genes absent in the SSL training network. In other
words, how well could we predict SSL interactions involving
genes with no previously known SSL partners? Leaf 9 (Fig. 2)
was the highest-scoring leaf that could have generated predic-
tions involving genes without SSL interactions in the training set,
because its gene pairs were not required to possess any SSL-
containing 2hop characteristics. Specifically, 65% (547!844) of
its predictions involved two genes with no SSL interactions in the
training set. Next, we checked the SSL status of these 547 pairs
in the Yeast Proteome Database (28), which was not consulted
in training our model. Surprisingly, 31 (Table 7, which is
published as supporting information on the PNAS web site) were
annotated as SSL. Unfortunately, we were unable to compute
our precise success rate, because the majority of these pairs had
not been tested for SSL interaction, and we had no way of
determining how many had been tested (pairs tested but found
negative for interaction are not reported in available databases).
Therefore, our success rate lies between 5.7% (31!547, assuming
that all 547 pairs were assessed for SSL interaction) and 100%,
with 57% being a reasonable estimate (assuming that 10% of
pairs have been assessed for interaction; this is a conservative
estimate, considering that the most systematic study to date has
tested only !3.5% of all gene pairs).

Conclusion
We have demonstrated that it is possible to successfully predict
genetic interactions by integrating genomic and proteomic in-
formation. Specifically, we predicted SSL gene pairs in S.
cerevisiae with a success rate such that 80% of the interactions
may be discovered by testing "20% of the pairs. In addition,
when experimental resources permit only small-scale studies, our
method can provide a set of candidate pairs that is highly
enriched for SSL interactions.

So what do we know about genetic interactions now? SSL
interactions buffer an organism from random mutation. Surpris-
ingly, relatively few ("3%) SSL-interacting genes share sequence
homology (5), which likely arises from gene duplication (29).
Although, as expected, many share similar Gene Ontology func-
tional categories (5), many may be functionally unrelated (29).
Here, we found that the strongest predictors of SSL interaction
were the 2hop characteristics (measuring local topology around a
gene pair), the same mutant phenotype, physical interaction, and
the same function, suggesting that gene pairs with these traits

Fig. 3. Gene-pair relationships. (a and b) Known (a) and predicted (b) SSL
gene pairs from the highest-scoring leaf of the decision tree. (c and d) Known
(c) and predicted (d) SSL gene pairs from the third-highest-scoring leaf. P,
physical interaction; S, synthetic sick or lethal interaction; X, correlated mRNA
expression.

15686 " www.pnas.org!cgi!doi!10.1073!pnas.0406614101 Wong et al.

Wong, et al.  Proc. Natl. Acad. Sci. (2004). 101: 44.  15682-15687.
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Conclusions.

• SSLs can be predicted from integrated proteomic and 
genomic information.

• Relatively few SSL pairs share sequence homology.

• Many SSL pairs share GO function.

• Strongest predictors of SSL are local network topology 
(2hop) characteristics.

• SSL prediction offers insights into biological relationships 
that may be difficult to visualize otherwise.


