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1 Introduction

Genetic interaction (GI) is a logical interaction between two genes that affects the organisms phenotype -
the observable characteristics of one. Knowledge of genetic interactions can assist in identifying pathways,
recognize gene function and find potential drug targets. Modern research tools enable performing large-scale
mapping of GIs. In this scribe, different types of genetic interactions will be introduced. The technique of
deriving genetic interactions (Synthetic Genetic Array) and its accuracy will be described. Then, other
type of genetic interaction will be presented and the use of it in drug targeting will be discussed. A module
finding algorithm will be presented, that uses clustering on the genetic interaction network. Finally, methods
incorporating the physical network with the genetic interaction network will be introduced.

2 Genetic Interactions Types

An organism carrying a gene knockout (KO) is a genetically engineered organism that one of its genes was
manipulated and became nonfunctional (for example, in yeast, KO of the gene enabling glucose breakdown
will disable the yeast growth on glucose). The genetic interaction between two genes is determined by
examining the growth rate of an organism in which both of these genes were knocked out. The growth of
each mutant is compared with the wild-type growth which is referred as 100% growth. This comparison can
be performed by evaluating the colony sizes of the different strains. Several types of genetic interactions are
possible, where each type stands for the mutual affect of two genes on the phenotype.

The following annotation is used in the sequel:

a,b genes.

A,B a KO mutation in gene a or b, respectively.

AB KO mutations in genes a and b.

WT wild-type phenotype - the phenotype of an organism that is not subject to any mutation.

X ,Y ,Z mutant phenotypes.

Phen(a) phenotype of mutation in gene a.

The following is a list of some types of genetic interactions which will be focused on [1]:
∗Based on a scribe by Orit Rozental and Israel Nir
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Synthetic-interaction: Two genes a,b have a synthetic interaction if mutations in a,b separately do not
have an effect on the wild-type phenotype, but the combined mutation has an effect. A synthetic
interaction usually describe two genes on parallel pathways that have the same function. When both
of these genes do not function, there is no backup and the cell become lethal or sick (Figure 1).
A → WT ; B → WT ; AB → Z.

Epistatic-interaction: Mutation in every gene separately, causes a different change in phenotype (two dif-
ferent phenotypes). Mutation in both genes causes one of these two phenotypes. An epistatic interac-
tion usually describes two genes within the same pathway and indicate which gene precedes the other
in the pathway (Figure 1). A → Z; B → Y ; AB → Y .

Suppressive-interaction: Mutation in gene a has an effect. Mutation in gene b has no effect, but mutation
in genes a and b abolish Phen(a), meaning Phen(ab) holds the WT phenotype. In such cases we say
mutation B suppresses A (Figure 1). A → Z; B → WT ; AB → WT .

Additive-interaction: Mutation in any of the two genes, separately, causes change in phenotype (different
or equal). Mutation in both genes causes another phenotype. A → X; B → Y (may be X) ; AB → Z
(may be WT ) .

GI holds a qualitative aspect as well. An interaction between two genes is not necessarily reflected by lethal-
ity or non-lethality and rather by a quantitative sick phenotype. For example if we examine the organisms
growth rate as reflecting the sick phenotype, a KO of each of the synthetic sick interacting genes will cause
a reduction in growth rate, while KO of both genes results with a non-additive reduction in growth rate (i.e,
the double KO reduction is lower then the sum of two single KO reductions). In epistatic interactions, the
double KO phenotype will exhibit a growth rate reduction that equals the outcome of a single KO.

This lecture focuses on synthetic lethal/sick interactions. Two genes a and b are synthetic lethal/sick
if the knockout phenotype of each gene separately is viable and resemble the wild-type, while the double
mutant is lethal or has a reduced fitness.

3 Synthetic Genetic Array (SGA)

Synthetic Genetic Array (SGA), first presented by Tong et al. [2], is a technique that allows performing
large scale mapping of synthetic sick/lethal genetic interactions. The yeast genome carries about 6000
genes, ∼73% of them are nonessential, meaning knockouts of these genes result with viable yeast cultures.
In the SGA analysis viable yeast gene-deletion mutants are assembled in an ordered array, to enable high-
throughput synthetic lethal analysis. These nonessential mutants are referred as the library genes (essential
genes will not be used as library genes, since their mutations are lethal). The query genes, are the genes for
which we are interested to examine genetic interactions with the library genes. In order to do so, a query
mutation (mutation in the query gene) is crossed (see below) into the SGA array. This results with an output
array of double mutants. By scoring the growth rate of each double mutant compering to the wild-type
growth rate, double mutants with reduced fitness are recognized [2].

The SGA technique exploits the yeast’s asexual and sexual reproductive cycles. In normal conditions
yeast cells are haploid meaning they hold one set of chromosomes, as apposed to stress conditions where
they might have a temporary diploid state. A diploid yeast holds two sets of chromosomes, one from
each parent. The asexual reproduction of yeast is by binary fission or budding, which results with haploid
daughter cells that carry an identical set of genes as the parent cell. In stress conditions two haploid cells
might conjugate (mate) forming a diploid cell. This diploid cell will undergo sporulation meaning it will
enter a sexual reproductive state, duplicate its genetic contents and divide itself to a variety of haploid cells
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Figure 1: Types of genetic interactions. Synthesis: Genes a and b are on different parallel pathways that
result with the purple phenotype c. If one of the genes is inoperative, the purple phenotype c will still be
seen. However a double KO of both genes will result with a non-purple phenotype. Epistasis: The W.T
holds a mixed green and purple phenotype of genes c and d. A KO of gene b will result with a non-purple
phenotype of gene c but the green phenotype of d will still be seen. A KO of gene A will result with
a non-green and non-purple phenotype. Suppression: Red arrows point at suppression interactions. W.T
phenotype exhibits a purple phenotype since a suppresses b and c is active. A KO of b has no effect. A KO
of gene a results with a non-purple phenotype since b suppresses c but a double KO of a and b results with
a W.T phenotype.
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Figure 2: Source: [2]. SGA methodology. Mating: MATα carrying query mutant (a complete black circle)
is mated with MATa carrying a library mutant (a complete blue circle). This results with a/α diploid cell.
Sporulation: the diploid cell duplicates and divides to 4 types of spores, each carrying a different set of the
library and query genes. A complete colored circle marks a KO mutation of this gene while an unfilled circle
marks a wild type copy of a gene. MATa haploid selection: the array is added the antibiotic that markers
the library mutants. Only the MATa progeny recover from this selection. Double mutants selection: both
antibiotics that marker the library and query mutations are added to the array. Only double mutants survive
from this selection.

called spores. Each spore contain a different combinations of chromosomes that originated from the two
different parent cells [3].

In the SGA array two strains of yeast are in use, α and a. Library genes mutants are strain a haploid cell
(will be referred as MATa) and query gene mutants are strain α haploid cells (will be referred as MATα).
”Crossing” the query genes with the library genes is enabling the sexual reproduction between the α and a
haploid cells. This mating finally results with a variety of haploid cells, among which haploid cells carrying
both query and library mutation can be found [2]. Synthetic Genetic Array analysis is a six-step technique
(Figure 2). In order to find out which genes genetically interact with gene β, the following steps should be
followed:

1. Creating the library genes array: each member in the array is a MATa strain carrying a nonessential
gene-deletion of some library gene L. Each column carries the same KO mutant in each row. In order
to recognize yeast holding a library gene, a genetic marker is added to all members of the array. A
genetic marker is a known DNA sequence, that the organism carrying it may be identified by a simple
assay associated with a certain phenotype. In this case the genetic marker will be resistance to some
antibiotic K and only progeny of MATa carrying the original library mutation will be resistant to
antibiotic K. Members of the array are haploid cells of mating type. The use of the marker will be
explained later.

2. Creating query mutants: the query mutant is a MATα strain carrying a gene deletion mutation of
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gene Q. Each query mutant will be added a different genetic marker in order to enable separation
between the different double mutants that originated from different query genes. The genetic markers
will be resistance to different antibiotics. Query mutants are haploid cells of mating type.

3. Crossing query genes and library genes: In each row of the array a different query mutant will be
added. Then by transferring the array to a different medium inducing stress conditions, sexual mating
between all query and library mutants is formed. This will result with diploid cells.

4. Sporulation: the array is transferred to a medium that induces sporulation of the diploid cells. This
results with four types of haploid cells in each entry of the array. Some haploid cells are double
mutants, some are single mutants and others are wild-type.

5. Positive selection of library mutants: in order to distinguish between different gene-deletion mu-
tants the array is transferred to a medium that allows only the germination of MATa progeny. This is
done by adding the antibiotic K for which only cells carrying a library gene mutation are resistent.

6. Selection of double mutants: in order to select double mutants, each row is added the specific
antibiotic which markers this row’s query gene (see step 2) and the antibiotic that markers the library
mutation. Only double mutants can germinate on this medium, since only the double mutants carry
the gene deletion of Q and the suitable markers M and K. Finally all double mutants types are isolated
[2].

The resulting double mutants are referred as a SGA screen. Typical analysis contains a number of
query mutants. As a last step the fitness of double mutants is measured by monitoring their growth rate
in comparison to the wild type growth rate. Double mutants which are genetic lethal or sick lethal will
not grow or have a very low growth rate, which is recognized by exhibiting a small culture size in the
array entry (Figure 3). Notice that by crossing MATa and MATα carrying the same gene delation, none of
the final haploid spores will survive the final antibiotic selection. This is because a spore can’t carry both
parent copies of the same homologous chromosome containing the gene deletion and the genetic marker.
Therefore, while exposed to two types of antibiotics the haploid can only carry one genetic marker, resistant
to only one antibiotic, meaning it will not survive the final selection.

3.1 Large scale SGA analysis

In Tong et al. [4] the results of a large-scale genetic analysis are presented. In this analysis 132 SGA
screens (query mutations) were performed against ∼4700 nonessential gene mutants. The analysis focused
on query genes involved in actin-based cell polarity, cell wall biosynthesis, microtubule based chromosome
segregation and DNA synthesis and repair. Each screen was conducted three times. Putative interactions that
were observed several times were later evaluated by tetrad1 analysis. About 25% interactions were observed
only once in the three trials. A single observed interaction was rechecked if it was functionally similar to
several other observed interactions or similar to an interaction of a previously uncharacterized gene. This
analysis resulted with the characterization and confirmation of about ∼4000 interactions between ∼1000
genes. Due to the rechecking of putative interactions, the number of false positive (incorrect) interactions
should be very low. However, for a given screen, each round of SGA analysis identified new interactions.
Therefore the number of false negative interactions (true interactions that were not identified) was estimated
to be about 17%-41% for a single SGA screen [4].

SGA screens of about 20% of query genes did not present double mutants exhibiting a significant growth
reduction (comparing to the growth of a wild -type crossed into the array). Those query genes were aborted

1Tetrad - The four haploid product cells from a single meiosis [5]. Tetrad analysis - The use of tetrads to study the segregation
of chromosomes and genes during meiosis.
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Figure 3: Source: [2]. Double mutants growing on the SGA array. (A) Synthetic lethal/sick interactions
are recognized by forming residual colonies (marked yellow circles) that are relatively smaller than the
equivalent colony on the wild-type control plate. In a yellow circle four array entries carry the same double
mutant and exhibit the same culture size. This is done as a control. On the right is an enlarged picture of an
SGA array. (B) (left) Some double mutants of bnr1 are synthetic lethal (show no growth). (right) In yellow
arrows synthetic sick interactions of bud6 are marked. Synthetic sick interaction exhibit slow growth and
small culture size.

after first screen. Assuming that gene pairs not yet tested by the SGA analysis, behave similarly to those
analyzed in [4], the yeast synthetic genetic network contains an order of about∼100,000 interactions. It was
found that there are about 1 to 146 genetic interactions for each query gene, resulting with 34 interactions
on average.

4 Characterization of Genetic Interactions

Synthetic lethal (or sick) interactions are of particular interest because they can enable the identification of
genes whose products buffer one another and participate in the same essential biological process. Moreover,
it may assist in deducing the function of unknown genes and the relationship between different biological
pathways. Next, the relationship between genetic interactions and a variety of other characteristics of gene or
protein pairs will be explored, including functional attributes, sequence homology and protein interactions.

4.1 Interactions and gene function

The Gene Ontology (GO) project supplies a consistent description of gene products. It includes three struc-
tured controlled vocabularies (ontologies) that describe gene products in terms of their associated biological
processes, cellular components and molecular functions [6]. In [4] different computational approaches were
applied to study the relation between synthetic genetic interactions and gene functions by using their gene
ontologies.

1. The correlation between GO attributes and genetic interactions was estimated by evaluating the chance
of genes sharing a GO attribute to interact genetically. It was found that, for 80 GO attributes (out of
756 examined), genes sharing the same GO attribute, interact genetically more often than expected by
chance [4].
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Figure 4: Source: [4]. Connections between gene functions based on synthetic genetic interaction.
Colored cells in this matrix represent pairs of GO attributes that are associated with genetic interactions
more than would be expected by chance (p < 0.05).

2. Two GO annotations A and B are considered linked by genetic interactions, if there is significant
number of GIs between genes carrying GO annotation A and the ones carrying GO annotation B
(Figure 4). This relation defines a network where vertices represent different GO annotations and
edges link two GO annotations that are connected by a genetic interaction. The resulting network
(Figure 5) contains four highly connected sub-networks, including GO attributes associated with actin-
based functions, secretion, microtubule based functions, or DNA synthesis or repair. The relative
topology of these sub-networks identifies general functions that buffer one another. For example,
microtubule- based functions buffer both actin-based and DNA synthesis or repair functions. Out
of 285,390 possible GO attribute pairs, 1,755 were found to be significantly ”linked” by genetic
interactions [4].

3. The correlation between genetic interactions and gene function, was estimated by evaluating the
chance for genetically interacting genes to share a GO attribute or have a similar GO attribute. It
was found that 12% of the genetic interactions are comprised of genes with an identical GO annota-
tion (p < 10−296). Over 27% of the genetic interactions are between genes with a similar or identical
GO annotation (p < 10−322). (In this context GO annotations are referred as similar, if the genes they
describe overlap by a significant number of genes) [4].

In summary, these studies show that synthetic genetic interactions are strongly connected to functional
relationships among genes.
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Figure 5: Source: [4]. A network of genetically connected gene functions. GO attribute are colored
according to the legend. Pairs of different GO attributes are linked if they are significantly connected by
genetic interactions. High connection between sub graphs of the network point at buffering relations between
the two groups.
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4.2 Genetic interaction and other gene pair characteristics

The relations between genetic interactions and other gene pair characteristics was examined as well. The
clearest relation was revealed for genes with the same mutant phenotype. Specifically, it was found that
genetic interactions were significantly more abundant among genes with the same mutant phenotype (p <
10−316). In addition, GIs were significantly more abundant, though to a lower extent, among [4]:

• Genes with same sub-cellular localization (p < 10−70).

• Genes encoding proteins from the same protein complex (p < 10−68).

• Gene pairs encoding homologous proteins (p < 10−22).

4.3 Clustering

In order to organize all the tested genes according to their GI pattern, all identified genetic interactions
were summarized in a matrix. In this matrix rows represent query mutations, were columns represent yeast
viable library mutations. Clustering was performed on each of the axes (Figure 6). Query mutants were
clustered according to their interaction profile with the library mutants (query mutations sharing a significant
amount of library genes that genetically interact with them, were clustered together) (Figure 7). Library
genes mutants were clustered according to their interactions profile with query mutants in a similar manner.
Apparently, sets of genes that function within the same pathway or complex tend to cluster together. The
clustering of uncharacterized genes with the components of defined pathways enables the prediction of their
specific biological function. For example CSM3, an uncharacterized gene, was clustered together with
MRC1 and TOF1, whose products interact directly with the DNA replication process, suggesting CSM3 is
holding a similar function (Figure 8). Further analysis of the CSM3 gene deletion mutant confirmed that
CSM3’s is involved in the DNA replication process [4].

4.4 PPI and GI networks

As mentioned in the beginning of section 4, in each SGA screen the average number of genetical interactions
is 34. In comparison, proteins tend to show about eight physical interactions in large-scale screens. This
might suggest that the genetic interaction network is at least four times denser than the protein-protein
interaction network [4]. Only ∼1% of the genes that genetically interact produce proteins that are part
the same complex (i.e., only 30 of 4039 genetically interacting gene pairs encode physically-interacting
proteins). However, it was revealed that genes that share a significant number of neighbors in the GI network
do tend to produce physically interacting proteins (28 of 333 gene pairs with more than 16 mutual synthetic
genetic neighbors encode physically interacting proteins, an 11-fold enrichment). This means that for two
genes, a and b, and the sets of genes that genetically interact with a and b, g(a) and g(b), respectively,
the greater the number of genes that are in g(a) and g(b), the higher the probability that a and b produce
physically interacting proteins (Figure 9). It is reasonable that such prediction of protein interaction, by
observing the apparent genetic interaction, depends on amount of known genetic interactions. In Figure 9
the number of gene pairs with X common genetic interactions and the subset of those pairs that physically
interact are presented. The accuracy of PPI prediction by GI is estimated by evaluating the ratio between
known PPIs and GIs [4].

4.5 Properties of the GI network

Genetic networks exhibit three properties that are common to biological networks: power law distributed
connectivity, the small-world property and neighborhood density. An example of a genetic network is shown
in Figure 10.
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Figure 6: Source: [4]. Two-dimensional hierarchical clustering of the synthetic GIs determined by SGA
analysis. Synthetic genetic interactions are represented as red lines. Rows:132 query genes. Columns: 1007
library genes (marked as array genes). The cluster trees organize query and library genes that show similar
patterns of genetic interactions

Figure 7: Source: [4]. Similar GI pattern within a cluster of query genes. A cluster of query mutants (in
the rows) exhibiting a similar pattern of genetic interaction with the library genes (in the columns). Synthetic
GIs are colored in red.

Figure 8: Source: [4]. Studying the gene’s function by its GI cluster. A cluster of three query mutants
(in the rows) exhibiting a similar pattern of genetic interaction with the library genes (in the columns). The
function of the uncharacterized gene CSM3 (first row) was suggested due to the similar GI pattern of known
genes.

10



Figure 9: Source: [4]. Accuracy of PPI prediction by GI. The numbers of gene pairs having at least
X mutual neighbors, were X in the threshold are presented (Dark Purple+ Light Purple) along with the
number of known protein-protein interactions that overlap (Dark Purple). The number of gene pairs at a
common neighbor threshold that do not overlap with known protein-protein interactions is shown as well
(Light Purple).
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Figure 10: Source: [2]. Example of GI network. A genetic interaction network representing the synthetic
lethal/ sick interactions determined by SGA analysis. Nodes represent genes, and GIs are represented as
edges. 291 interactions and 204 genes are shown
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Figure 11: Source: [4]. Power law distribution of the GI network. The degree distribution of the SGA
library genes. The number of interaction partners of each gene are shown on two scale: a linear scale and
the inner log-log scale. The straight linear line in the log-log plot indicates a power-law degree distribution.

4.5.1 Power law distribution

The connectivity of GI network follows a power law distribution (Figure 11), containing many genes with
low degree and a few genes with a very high degree (hubs) (see lecture 2). Possible application, proposed
for this property is the development of anti-cancer drugs, based on the knowledge of (conserved) genes that
are ”hubs” in the GI network. Since cancer cells carry a large mutation load, it is reasonable to assume
that among the mutated gene’s neighbors a hub will be found. Therefore, inactivation of the ”hub” gene,
which is in a synthetic lethal interaction with the original cancerous mutation, will destroy the cancer cell.
Moreover, healthy cells would not be damaged since mutation in the ”hub” gene alone is viable [4].

4.5.2 small world effect

”The small world effect” is a well known phenomena shared by many types of networks, in which the length
of the shortest path between a pair of vertices tends to be small comparing to the network’s size (see lecture
2). In the GI network the average size of shortest path between two vertices is 3.3 which is similar with a
generalized random graph holding the same degree distribution (∼3.2) [4].

4.5.3 Network density

A vertex clustering coefficient is the proportion of links between its neighbors divided by the number of
links that could possibly exist between them (see lecture 2). In order to estimate GI network’s clustering
coefficient, the clustering coefficients of 3 genes, SGS1, BIM1 and RAD27, were computed and found to be
24%, 18% and 18% respectively (Figure 12). Accordingly, the estimated average clustering coefficient of
this network is ∼20%.

5 Chemical Genetic Interactions

A chemical genetic interaction is defined as chemical compound application on viable, single gene deleted
mutant, resulting in a fitness reduction [7]. Viable mutant, chemically-genetically interacting with a chemi-
cal compound, is hypersensitive to this compound. Chemical genetic interactions may be mapped (in large-
scale analysis) in a similar way as genetic interactions (section 3), except that instead of query mutants,

13



Figure 12: Source: [4]. Genetic network topology of three query genes (SGS1, RAD27, and BIM1).
three subgraphs of query genes and their neighbors are presented. It is apparent that the clustering coefficient
of each query gene is relatively high since its neighbors are highly connected.

chemical compounds are applied (Figure 13).
There is much in common between a genetic interaction and a chemical genetic interaction. If genes a

and b genetically interact, and compound F and gene b chemically genetically interact, then it is reasonable
to assume that compound F inhibits gene’s a product (this assumption is validated later). This observation is
very important and useful for mapping chemical compounds to the functions and pathways they affect. All
chemical genetic interactions of a compound are termed the chemical profile of the compound. In a similar
way, all compounds that a gene deleted mutant is sensitive to, are termed the chemical profile of the gene
(Figure 14) [7].

In [7] an experiment was held in order to identify genes that are affected by a compound. Viable yeast
deletion mutations were screened for hypersensitivity to 12 diverse inhibitory compounds. Chemical genet-
ical interactions were found for 647 genes. All screens were preformed three times. Putative interactions
were confirmed by serial assays, assuring low number of false positive. In order to estimate the frequency of
false negatives, interactions with rapamycin antibiotic that were detected in this experiment were compared
to previously known rapamycin interactions. The control data (known rapamycin interactions) contained 85
strains considered rapamycin sensitive. In the screening, 246 interactions with rapamycin were observed.
While comparing the screening results and the ”known data set”, 39 interactions were found in both data
sets. Another 22 mutations from the ”known data set” were rechecked and were found slightly sensitive. For
the other 24 mutants no sensitivity was detected [7]. There may be two explanations for this inconsistency:

• Former experiments offered better sensitivity than CGI.

• False positives in control data.

Thus, there is about 37% false negatives, which is a relatively high rate. Next, an hierarchial bi-clustering
algorithm was applied on the chemical-genetic profile (similarly to the method described in section 4.3). It
was found that chemical compounds that affect the same processes tend to cluster together and exhibit a
similar chemical profile (Figure 15) [7] .
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Figure 13: Source: [7]. GI vs. CGI. In a chemical-genetic interaction (at left), a KO mutant, lacking the
product of the deleted gene (represented by a black X), is hypersensitive to a normally viable concentration
of a growth-inhibitory compound. In a synthetic lethal genetic interaction (right), two single deletions lead
to viable mutants but are inviable in a double-mutant combination. Gene deletion alleles that show chemical-
genetic interactions with a particular compound should also be synthetically lethal or sick with a mutation
in the compound target gene.

Figure 14: Source: [7]. Comparison of a chemical-genetic profile to some genetic interaction (synthetic
lethal) profiles. Chemical-genetic and genetic interactions are both designated by red squares. Here, the
chemical-genetic profile of compound X resembles the genetic profile of gene B.
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Figure 15: Source: [7]. Two-dimensional hierarchical cluster plot of chemical-genetic profiles. Genes
are represented on the horizontal axis and compounds on the vertical axis. Chemical-genetic interactions
shown in red. Each of the axis is clustered according to the similarity in the chemical-genetic interactions
profile. It can be clearly seen, that the profile of the compound Cyclosporin A (CsA) is similar to the one
of FK506 compound (Figure 16). This suggests that these two compounds affect the same processes. In a
similar way all the compounds in a cluster inhibit the same processes.
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Figure 16: Source: [7]. Sections of the cluster plot. (C) In the two first rows an overlap between the
chemical genetic interaction profiles of CsA and FK506, can be seen. (D) Several different sections of the
cluster plot (blue bars, labeled ’D i’, ’D ii’, ’D iii’, ’D iv’ on the horizontal axis of Figure 15) are enlarged to
show the multi-drug sensitivity associated with gene deletions in ERG2, ERG3, ERG4, ERG5, ERG6 and
PDR5.

5.1 Multi-drug resistant genes

Some mutant are hypersensitive to many drugs of different types (Figure 16). This means that some genes
rase the cells’ resistance to many drugs and without the existence of those genes the cell is more vulnerable.
Such genes are defined as multi-drug resistant genes (MDR) - genes that their KO mutations interact with
multiple compounds. For example, in the experiment described earlier, genes were considered MDR if their
KO mutant was sensitive to at least four out of ten diverse compounds. 65 MDR genes were identified.
Depending on their function, some genes are expected to be MDR genes. For example, the lack of the
PDR5 gene, causes the cell membrane to become fluid, i.e., different compounds intrude easily into a mutant
lacking PDR5. Such mutations are expected to be very vulnerable (Figure 17).

5.2 Comparison of GI and CGI Results

To compare chemical-genetic interaction profiles with genetic interaction data derived from genes encoding
compound targets, a SGA analysis was performed with a query mutation in one gene. In the experiment, a
comparison of the fluconazole chemical-genetic interactions and the ERG11 genetic interactions was per-
formed. 27 genetic interactions with ERG11 and 75 chemical genetic interactions with Fluconazole were
observed. 13 KO mutations interact chemically with Fluconazole and genetically with ERG11 (Figure 18).
Substraction of MDR genes, will cause a better overlap ratio - 25 GIs with ERG11, 46 CGIs with Flucona-
zole and 11 genes in the overlap set. The probability to get such overlapping by chance is p < 3.8× 10−56

[7].
Overall, genetic and chemical genetic interactions are not completely coincident. This discrepancy may

be explained in several ways:

1. The inactivation of the target protein function caused by the compound is not complete.

2. The compound causes inactivation of other proteins and not only the specific gene is affected.

3. Genetic mutation prevents the protein from being created, while the chemical compound binds the
protein and forms a complex in the cell. The presence of a complex may prevent other pathways from
functioning normally. For example, the function of a gene responsible for cellular import, might be
disturbed by the complex and cause cell lethality.
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Figure 17: Source: [7]. MDS Network. In the network diagram, edges indicate a chemical-genetic inter-
action. Inner nodes represent MDR genes and outer nodes represent compounds. Genes are color-coded
according to their GO functional attributes.
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Figure 18: Source: [7].Overlap between chemical-genetic profile of Fluconazole and the genetic in-
teraction profile of ERG11. (a) Network of the chemical-genetic interactions with fluconazole and the
genetic interactions with ERG11. Edges indicate either a chemical-genetic or a genetic interaction and
nodes represent either compounds or genes, with the gene nodes color-coded from a defined subset of GO
functional attributes. (b) Venn diagram summarizing that 75 genes showed a chemical-genetic interaction
with fluconazole, 27 genes showed a genetic interaction with ERG11 and 13 genes were in the overlap set.
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Figure 19: Source: [7]. Chemical-genetic profiles clustered with genetic interaction profiles. Chemical-
genetic or genetic interactions are represented in red. Interacting genes are plotted on the horizontal axis,
with the gene cluster tree above. Compounds and query genes are plotted on the vertical axis, with the cluster
tree on the outermost left side of the plot. Compounds that cluster with their target genes and pathways are
colored similarly.

5.3 Clustering of CGI and GI profiles.

As mentioned in the beginning of this section, the goal is to verify whether GIs can be used to identify
the pathways affected by inhibitory compounds. In order to verify this, chemical genetical interactions of
drugs, with known effects, and the relevant genes inhibited by them, were put together in a matrix. In this
analysis, 6 chemical compounds and 57 genes were used. In this matrix, chemical compounds and query
genes are found in the rows, where viable yeast mutants are found in the columns (Figure 19). MDR genes
were filtered out in order to find genes affected directly by the compounds. Then, a simple bi-clustering of
the matrix was performed. Clustering showed that, chemical compounds tend to cluster with genes related
to the function and pathways these compounds inhibits. For example ERG11 clustered with fluconazole [7].

6 Module Finding

Probability of membership in a single protein complex may be inferred by genes that exhibit similar pattern
of synthetic lethal interactions. The GIMF (Genetic Interaction Motif Finding2) algorithm [9] takes a proba-
bilistic approach toward detecting such genetic pathways automatically, based on their interactions patterns.
When GIMF was applied on yeasts SGA database, well known and novel gene modules that correlate favor-

2One should not confuse genetic motifs with network motifs presented in [8].
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ably with the GO annotations were discovered. In the following section GIMF’s mode of operation will be
described and some of the results achieved by utilizing it will be discussed.

6.1 The Algorithm

GIMF operates on SGA data and attempts to find a group of query genes (motif) that have a similar profile of
interaction with the library genes. The algorithm was applied on the budding yeasts genetic interaction data
of Tong et al. [2] - 126 query genes and 982 library genes. Library genes that have no genetic interaction
with any of the query genes were excluded from the data set. Overall, there were 4287 observed interactions
between those two data sets.

Each of the query genes (except those with very few interactions, five or less) is used as a seed, around
which a motif is built. The algorithm works under the assumption that for each seed, the query gene set is
divided into two sub-sets: the motif set, which is initialized to contain just the seed gene, and the non-motif
set.

We will use the following notation:

Q,N Number of query genes and library genes respectively (Q = 126, N = 982).

i,j Indexes for query gene and library gene respectively.

aM ,bM The number of query genes in the motif and non-motif sets respectively, with aM + bM = Q.

A The motif set, i = 1, 2, ..., aM .

B The non-motif set, i = aM + 1, aM + 2, ..., aM + bM .

Paj The probability that library gene j is in the motif set.

Pbj The probability that library gene j is in the non-motif set.

zi The probability that query gene i belongs to the motif set.

P̄a The vector (Pa1 ... PaN ).

P̄b The vector (Pb1 ... PbN ).

Xij The observed interaction partner list of query gene i, where Xij = 1 if the query gene interacts with
library gene j, and Xij = 0 otherwise.

The expectation maximization (EM) algorithm has been used for a maximum likelihood estimation with
missing information. In our scenario, given a seed gene, missing information is represented by the correct
partition of the entire gene pool into a motif set A and a non-motif set B starting from an initial motif
estimate provided by the seed. The likelihood of observing the measured data given the partition, is:

L = P (X | A,B) =
N∏

j=1

aM∏
i=1

[XijPaj + (1−Xij)(1− Paj)]×
N∏

j=1

aM+bM∏
i=aM+1

[XijPbj + (1−Xij)(1− Pbj)]

Thus the log likelihood is

LogL =
N∑

j=1

aM∑
i=1

[XijlogPaj + (1−Xij)log(1− Paj)] +
N∑

j=1

aM+bM∑
i=aM+1

[XijlogPbj + (1−Xij)log(1− pbj)]
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The EM algorithm starts with an initial guess of the solution (P̂aj
0
, P̂bj

0
, ẑi

0) and iteratively updates
the model parameters with expected information obtained by maximum likelihood estimation in each step.
More specifically, each iteration comprises two steps, an expectation (E) step and a maximization (M) step.

Let us assume that q iterations have been completed. At the start of the E-step of iteration q + 1, the
estimates for the model parameters from the M step of the previous iteration, (P̂aj

q
, P̂bj

q
, ẑi

q) are available.
Let Yi be a motif indicator, i.e. Yi = 1 if gene i belongs to the motif set and Yi = 0 otherwise. Then the
conditional probability of observing Xi, given that gene i belongs to the motif set is

P (Xi | Yi = 1, P̂a
(q)

, P̂b
(q)

) = P (Xi | Yi = 1, P̂a
(q)

) =
N∏

j=1

[P̂aj
(q)

Xij + (1− P̂aj
(q)

)(1−Xij)]

In a similar manner, the probability of observing Xi given that gene i belongs to the non-motif set is

P (Xi | Yi = 0, P̂a
(q)

, P̂b
(q)

) = P (Xi | Yi = 0, P̂b
(q)

) =
N∏

j=1

[P̂bj
(q)

Xij + (1− P̂bj
(q)

)(1−Xij)]

Using Bayes formula, the probability that gene i belongs to the motif set, given the observed interaction
data and the current model parameters estimates is:

ẑi
(q+1) = P (Yi = 1 | Xi, P̂a

(q)
, P̂b

(q)
) =

P (Xi | Yi = 1, P̂a
(q)

)P0(Yi = 1)

P (Xi | Yi = 1, P̂a
(q)

)P0(Yi = 1) + P (Xi | Yi = 0, P̂b
(q)

)P0(Yi = 0)

where P0(Yi = 1) is set to the prior probability that gene i belongs to the motif set, which is the number
of genes expected to be in the average motif, divided by the number of query genes (Q = 126). The number
of motif members is expected to be a small portion of the size of the query gene set, thus the authors of the
algorithm suggested taking a number between 5 to 15, resulting in P0(Yi = 1) ∈ [0.04, 0.12]. They show
that the algorithm is not sensitive to the choice of P0(Yi = 1) in this range. Another option, not explored
in the original article, is to evaluate the value of P0(Yi = 1) as one of the parameters in the EM algorithm.
Clearly, P0(Yi = 0) = 1− P0(Yi = 1).

In the M-step of the algorithm, the values of P̂a
(q+1)

and P̂b
(q+1)

are obtained by trying to maximize
the expected complete log-likelihood function L′. This is achieved deriving that function and comparing its
derivatives to 0:

0 =
∂LogL′

∂
ˆ

P
(q+1)
aj

=
Q∑

i=1

ẑi
(q+1)(

Xij

P̂aj
(q+1)

− 1−Xij

1− P̂aj
(q+1)

)

0 =
Q∑

i=1

ẑi
(q+1)((1− P̂aj

(q+1)
)Xij − P̂aj

(q+1)
(1−Xij)) =

=
Q∑

i=1

ẑi
(q+1)(Xij − P̂aj

(q+1)
Xij − P̂aj

(q+1)
+ XijP̂aj

(q+1)
) =

= (
Q∑

i=1

ẑi
(q+1)Xij)− P̂aj

(q+1)
(

Q∑
i=1

ẑi
(q+1))
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Therefore

P̂aj
(q+1)

=
∑Q

i=1 ẑi
(q+1)Xij∑Q

i=1 ẑi
(q+1)

In a similar manner we obtain

P̂bj
(q+1)

=
∑Q

i=1(1− ẑi
(q+1))Xij∑Q

i=1(1− ẑi
(q+1))

Given a seed gene s, with interaction vector X̄s, the parameters are initialized with the following values:

P̂bj
0

=
1
Q

Q∑
i=1

Xij

Actually, the calculation of the initial value of Pbj should exclude the possible interaction of the seed

gene with library gene j, i.e. it should be P̂bj
0

= 1
Q−1

∑Q
i=1,i6=seed Xij . However, by including this interac-

tion the initialization of this parameter with 0 in avoided (happens when the sole interaction of j is with the
seed gene).

P̂aj
0

= pXsj + P 0
bj(1−Xsj)

Where the value of p depends on the confidence in the seed gene’s interactions. The value p = 0.95 was
used in the following analysis, corresponding to the false positive rate of 5% in the SGA experiment. The
authors show that the motifs extracted using the algorithm are not sensitive to the choice of p in the vicinity
of the experimental false positive rate (e.g. p ≥ 0.9). Furthermore, observing the sensitivity of each motif to
the value of p can indicate which seeds should be considered as ”weak seeds”, and finding an optimal value
of p for each seed [9].

6.2 Results

The converged probabilities ẑi computed for the SGA dataset are either very close to 0 or very close to 1;
intermediate values have not been observed. Thus, given a seed gene, the remaining genes are naturally
categorized as motif genes (zi ∼ 1) or non-motif genes (zi ∼ 0). In Table 1, motif members obtained
for 13 seed genes are presented. Those seeds give rise to 7 motifs which agree with groups observed by
hierarchical clustering, thus, supporting GIMF’s capacity in extracting biologically relevant gene pathways
[9].

Notice that GIMF is not commutative, meaning, if gene A identifies gene B as a motif member, it is not
necessarily true the opposite way (see for example DYN1 and NUM1 in Table 1). This property can be used
for more systematic analysis by building a suitable gene network. In this network, genes are represented
as nodes. Genes i and j are connected with Type1 edge if i and j are members in each other’s motif (Rule
1). This network is termed a Type1 GIMF network. The Type1 network obtained for yeast, contains 31
nodes and 42 edges that form two clusters and eight individual pairs (Figure 21) [9]. The larger cluster,
representing the Dynein-Dynactin spindle orientation pathway includes KIP2, which was not detected by
hierarchical clustering [10].

Apparently, the bi-directional rule (Rule 1) that is responsible for Type1 edges, only connects genes that
have a globally similar interaction pattern. However, since genes have multiple functions and two genes
belonging to one pathway, may also have distinct roles in other pathways, they are likely to share only a
fraction of their synthetic lethal interaction partners. Thus, the Type1 network is extended in the following
way: for each two genes, i and j, already connected with Type1 edge, that have a common motif member k
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Figure 20: Source: [9]. Representative genetic interaction patterns of the seed, the motif and motif
members.Seed genes for the motifs are (a) DYN1 (b) CTF8 (c) ARC40. The columns correspond to library
genes (interaction partners of query genes). Library genes that have no interaction with the seed and the
motif members are not shown. Synthetic lethal interactions are represented by red squares. The non-binary
values of the motifs are shown by intermediate colors changing from black to red.

Pathway or complex Seed gene Motif gene list

1 Actin patch assembly ARC40 ARP2

2 Chitin synthase III pathway CHS7 CHS3, SKT5, CHS5

CHS6 CHS3, SKT5

3 Prefoldin complex PAC10 GIM3, GIM4, GIM5, YKE2

4 Membrane traffic ARL1 ARL3, RIC1, YPT6

GYP1 RIC1

5 Dynein Dynactin pathway DYN1 ARP1, DYN1, PAC11, YMR299C, DYN2, JNM1, PAC1, NIP100, NUM1

PAC1 ARP1, DYN1, PAC11, YMR299C, DYN2, JNM1, NIP100, NUM1

JNM1 ARP1, DYN1, PAC11, YMR299C, DYN2, NIP100, NUM1

NUM1 JNM1

6 DNA replication checkpoint MRC1 TOF1

7 Sister chromatid cohesion DCC1 CTF4, CTF18

CTF8 CTF18, DCC1, CTF4

Table 1: Source: [9]. Seven representative motifs identified by GIMF
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Figure 21: Source: [9]. GIMF Type1 network.The network is created by applying Rule 1 to the motif
member lists of all query genes. The network contains 31 nodes and 42 edges, where the nodes are query
genes and an edge between node i and node j indicates that i and j are each other’s motif members.

which neither i nor j are among its motif members, i and j will be connected to k by a Type2 edge (Rule 2).
We call this extended network a Type2 network. The Type2 network obtained for yeast (Figure 22), shows
that the majority of Type2 edges occur between the group members of the Dynein-Dynactin cluster, which
elevates the confidence that the genes within this cluster are closely related. This is further supported by
other biological evidence [9, 11, 12].

The observant readers may have noticed that the algorithm does not guarantee that at the end of the
algorithm run, the obtained motif will contain the initial seed. This occurs when using the yeast’s data for
eight seed genes when p = 0.95 and the threshold of being in the motif is set to zi > 0.9. Those seeds
either have few genetic interactions or have interactions that mostly overlap with some hub genes whose
interactions profiles override that of the seed gene during the iterations. To ensure that this phenomenon will
not occur, the algorithm can be easily changed by fixing zseed = 1, thus the motif search is confined to the
condition that the seed will be part of the motif. The algorithm was applied again on the yeast’s data, after
the fix. The resulting motifs haven’t changed, apart from the obvious addition of the seed to those 8 motifs
[9].

6.2.1 Evaluation of results

The biological relevance of the Type1 and Type2 network is estimated by computing three parameters for
each edge in those networks:

1. Correlation with GO annotations. The correlation is computed for three categories: biological process,
molecular function, and cellular component. Within each category, the correlation coefficient between
two genes, i and j, is computed by finding the deepest level in the GO hierarchy at which the two genes
share an annotation, which is denoted by d. Then the maximum and minimum values of d are obtained
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Figure 22: Source: [9]. GIMF Type2 network. This network is created by applying Rule 2 to all the edges
in the GIMF Type1 network. The solid edges are inherited from the Type1 network while the dashed edges
are Type2 edges.
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Gene pairs P F G FSL FPC Number of pairs Number of genes

Type1 0.47 0.20 0.43 0 0.26 42 31

Type2 0.47 0.15 0.40 0.07 0.14 78 36

Syn. Lethal 0.25 0.05 0.31 - 0.01 3474 1004

Table 2: Source: [9]. GO annotation correlations for GIMF Type1, Type2 gene pairs, and gene pairs
that are directly synthetic lethal. P stands for GO correlation - biological process; F: GO correlation -
molecular function; C: GO correlation - cellular component; FSL: fraction of pairs that are directly synthetic
lethal; FPC: fraction of pairs that are within the same protein complex.

among all possible query gene pairs (even those which are not connected by an edge). The correlation
is then defined to be d−dmin

dmax−dmin
.

2. The fraction of gene pairs (within the Type1 and Type2 networks) that are within the same protein
complex as determined by high-throughput mass spectrometry.

3. The fraction of gene pairs that are synthetic lethal.

These parameters have also been computed for all directly synthetic lethal gene pairs (Table 2). Clearly,
tighter functional associations are obtained between gene pairs connected by either Type1 or Type2 edge
than those gene pairs that are simply directly synthetic lethal (which supports the between-pathway assump-
tion, discussed later). Furthermore, significantly more Type1 gene pairs map to proteins within the same
complex than either Type2 pairs or synthetic lethal pairs [9].

The statistical significance of motifs detected by GIMF is computed by comparing GIMF’s result on
the actual dataset with 100 randomized datasets with the same degree distribution as the original synthetic
dataset. Randomization is done by a rewiring procedure as described in [8]. Since a random network
should not contain any biologically relevant motif, any motif detected is considered as false positive. Using
the same query genes used when applying GIMF on the original dataset, the average number of seeds
that generated any motif was found to be 9.7 (motif that contained members apart from the seed itself)
(Figure 23). In comparison, on the real dataset, the number of seeds leading to a motif was 82. This
corresponds to p < 10−15 when assuming a Poisson distribution. When bi-directionality is imposed on
motif detection (that is, gene j belongs to gene i’s motif if and only if gene i belongs to gene j’s motif),
the number of motifs detected drops to 0 in all of the 100 randomized networks. One can conclude that the
motifs found by GIMF are indeed statistically significant [9].

6.2.2 Paradigms of synthetic lethal gene pairs

The motifs found by GIMF, can also be studied in order to decide which paradigm is more prevalent among
synthetic lethal gene pairs - the between-pathway or within-pathway paradigm. A major question when
studying genetic interactions, especially when it comes to synthetic lethal interactions, is whether they
occur between pair of genes that belong to the same genetic pathway, or do they occur between pair of
genes that belong to different but complementary pathways. Synthetic lethality can be explained by a severe
inactivation of a single pathway when the two genes are knocked-out, while neither of them is lethal by
its own (in the within-pathway paradigm). A second explanation is the inactivation of two compensating
pathways, while each gene is important within its pathway but has no effect on the other pathway (in the
between-pathway paradigm) [13]. Another type of genetic interaction, is the indirect effect, where the
synthetic lethal phenotype is not mediated by a localized mechanism or pathway in the physical network
[14].
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Figure 23: Source: [9]. The number of (false positive) motifs detected in randomized datasets.

A score properly named Within-Motif Score (WMS) is defined in order to characterize whether synthetic
lethal interactions are more common within motif members than between different motif’s members (cor-
responding to the within-pathway pattern) or the other way around (corresponding to the between-pathway
pattern). Let WMSi be the score for motif i given by

WMSi =

∑Q
j=1 zi

jlog(f i
j/bi

j)∑Q
j=1 zi

j

where

f i
j =

(Number of interactions with members of motif i) + 1
(Total Number of members of motif i)− zi

j + 1

and

bi
j =

(Number of interaction partners)+1
(Total number of possible interaction partners)+1

That is, for each motif member the calculated result implies how much it interacts with the other motif
members, compared to the number of interactions it has with genes that are not in the motif, normalized by
the faith that this gene actually belongs to the motif (zi

j). The more negative the WMS, the more the motif
reflects between-pathway interactions [9].

The WMS was computed for three sets of motifs: for seeds in the Type1 network; for all the seeds
in the query set (those genes with more than 5 interactions with the library set); and for seeds in the 100
randomized datasets described earlier (Figure 24). Compared with the motifs found in the randomized
networks, the WMS distributions for motifs in the Type1 network and for motifs in the entire network,
are significantly higher. Type1 motifs also show marginal significance for negative WMS values, whereas
motifs from the random network have significantly positive WMS values. This may serve as evidence that
synthetic lethal interactions leading to motifs are more likely to exist between pathways [9].

7 Interrelation with PPI data

The next logical step is to integrate the genetic networks with protein-protein interaction networks. Such an
integration into a single model has great promise as a tool for understanding basic cellular mechanisms and
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Figure 24: Source: [9]. Within-Pathway Score (WMS) probability distributions. Distributions of the
WMS on motifs from Type1 network set (blue), all query set (red) and random network set (yellow). The
WMS mean standard error for the Type1 network is -0.250 0.055; all query set, -0.011 0.089 ; random
network, 0.91 0.2

disease. Moreover, it may facilitate determining which synthetic lethal interactions are between pathways
and which are within a pathway. In the following section, two approaches will be described. The first
approach examines the high-level correlation and interdependencies between the two networks. The second
examines the within-pathway vs. between-pathway question.

7.1 Degree Correlation

As a first step towards understanding the hi-level correlation between the PPI and GI networks, the cor-
relation between the nodes degrees of both networks was studied [15]. The study was based on 15,114
protein-protein interactions (among 4,716) recorded in the DIP database which catalogs experimentally de-
termined interactions between proteins [16]. In addition, 1,312 genetic interactions were drawn from the
MIPS database and the SGA screen studies of Tong et al. [17, 2, 4]. The study was not limited only to
synthetic lethal interactions (70% of the interactions) but included suppression interactions as well (where a
single KO mutant was lethal, while the double mutant was vital).

In order to investigate the overlap between the two networks, a score was computed for each possible
protein pair in the physical network. The pair’s combined physical connectivity score, C, was defined as the
geometric mean of the number of neighbors of the two proteins. That is, if protein i had ki neighbors,and
protein j had kj neighbors, then C = 2

√
kjki. As a next step, protein pairs were sorted according to their

C score and examined for whether they were linked by a genetic interaction. As shown in Figure 25, the
frequency of genetic interactions clearly increases as the physical connectivity increases [15].

The increase in GI frequency in accordance with the increase in physical connectivity can be interpreted
in two ways: one is that highly connected protein hubs tend to genetically interact with each other, and
the other is that those hubs genetically interact with many partners, regardless of their partner’s physical
connectivity. The two interpretations are illustrated in Figure 26. In order to conclude which of the two
explanations is more likely, proteins which have more than h neighbors were defined as hubs, and only their
genetic interaction patterns were examined. As shown in Figure 27, genetic interactions between hubs occur
more frequently than can be expected at random and this bias becomes more prominent, as the value of h
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Figure 25: Source: [15]. Frequency of genetic interaction vs. degree of physical connectivity. Physical
connectivity is computed by the C score. As the physical connectivity score increases, the frequency of
genetic interactions increases.

increases [15]. Genetic interactions are often used to screen genes acting in a common cellular function.
However, this is a less plausible explanation for the genetic interactions between hubs. A more likely
explanation is that the additive effect of disrupting two central components holding different functionalities
might be fatal to the cell. That is, a cell might survive without one central functionality, but will not be
resistant to the loss of two central functions regardless to wether they functionally interact [15].

7.2 Interpretation of GIs

The goal of [13] was to interpret observed synthetic lethal interactions explicitly using physical interac-
tions. This study demonstrates a computational framework for assembling genetic and physical interactions
into models corresponding to between- versus within- pathway interpretations. Clusters in the physical
network that correspond to each of those models are identified using a probabilistic scoring scheme. By
determining which model more appropriately describes each gene cluster, new protein functions and new
genetic interactions can be predicted. The study examined many different data sources, including PPI data,
metabolic reactions, Protein-DNA interactions and two sources for the genetic interaction network. The
combined physical network covered 94% of all proteins, and the genetic network consisted of 1434 genes.
An overview of the data sources and the method that was used is shown in Figure 28.

7.2.1 Within-pathway interpretations for genetic interactions

The within-pathway model implies dense interactions within a single group of proteins in both the physical
and genetic networks. A log likelihood score previously described in [18] is used to calculated the likelihood
that a group of proteins is more densely connected than would be expected at random:

Swithin(V,E) = log
P (V,E | DenseModel)

P (V,E | RandomModel)
=

= log

∏
(a,b)∈V xV [βIE(a, b) + (1− β)(1− IE(a, b))]∏

(a,b)∈V xV [ra,bIE(a, b) + (1− ra,b)(1− IE(a, b))]
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Figure 26: Source: [15]. Possible scenarios explaining the relation between physical connectivity and
genetic interactions. In the first scenario, physically interacting hubs are biased to genetically interact with
each other, while in the second scenario hub b genetically interacts with many partners (not necessarily hubs)
such as a.

Figure 27: Source: [15]. Ratio of observed/expected number of genetic interaction between hubs. An
indication for a genetic interaction between hubs, more frequent then was expected at random.
.
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Figure 28: Source: [13]. Method overview. A combined physical and genetic network is searched to
identify between-pathway or within-pathway models of genetic interactions. The between-pathway model
implies two groups of proteins (pathways) with many physical connections within each pathway(solid blue
links) and genetic interactions spanning between pathways (dotted red links). The within-pathway model
implies many physical and genetic interactions within the same groups of proteins [13].

where V is the set of proteins and E is a set of interactions among those proteins (genetic or physical).
IE(a, b) equals 1 if interaction (a, b) occurs in E, and 0 otherwise. In the dense model, the interactions
are expected to occur with high probability β = 0.9. For the random model, the probability of observing
each interaction (ra,b) is determined by estimating the number of random networks with the same degree
distribution as our original network, which contain that interaction. The within-pathway score for a cluster V
is calculated by summing the physical and genetic density score of V . That is, S = Swithin(V,Ephysical) +
Swithin(V,Egenetic) [13]. In fact, the log-likelihood score used in this search is the same as the one described
in class used in network alignment, where the physical network and the genetic network are regarded as two
species (see Lecture 9).

The above search yielded 91 significant models, consisting of around 650 genetic interactions (500 of
them were synthetic lethal interactions), and about 400 physical interactions. Four representative within-
pathway models are shown in Figure 29 [13].

7.2.2 Between-pathway interpretations for genetic interactions

The between-pathway model implies dense genetic interactions connecting two separate non-overlapping
clusters of proteins (pathways), where each cluster is densely connected by physical interactions. Pairs of
pathways were assigned a score according to the density of genetic interactions bridging them and their own
score as dense clusters. Once again, a log-likelihood score is used to evaluate the probability that the genetic
interactions bridging the two clusters are denser than can be expected in random:

Sbetween(V1, V2, E) = log

∏
(a,b)∈V1xV2

[βIE(a, b) + (1− β)(1− IE(a, b))]∏
(a,b)∈V1xV2

[ra,bIE(a, b) + (1− ra,b)(1− IE(a, b))]

Where E is the set of genetic interactions. Obviously, this score is virtually the same as the score used
above, where the only difference is having two sets of nodes, rather than only one. The final score for the
between-pathway model is :

S(V1, V2, E) = Swithin(V1, Ephysical) + Swithin(V2, Ephysical) + Sbetween(V1, V2, Egenetic)
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Figure 29: Source: [13]. Examples of within-pathway genetic sub networks. A within-pathway explana-
tion is presented for four genetically highly connected subgraphs. Color is used to indicate the data set from
which each interaction was drawn.

This search generated 360 significant models, covering 401 pathways (remember that each model consist
of two pathways), and consisting of 1,573 genetic interactions and 1,931 physical interactions [13]. In
Figure 30 one can observe five high scoring models spanning over 8 pathways.

7.2.3 Evaluation of the results and applications

As an initial validation of the models found by the method described above, one can check whether the path-
ways taking part in those models are significantly enriched for particular function using the GO database.
251 out of 401 (62%) pathways belonging to between-pathway models were enriched for GO annotations,
using the hypergeometric test. Similarly, 52 of 91 (57%) within-pathway models were enriched for GO
annotations. Moreover, those functional enrichments were higher than those calculated on the physical net-
work alone. That is, most proteins (about 78%) where less similar to their neighbors, than to their neighbors
belonging to their model (whether it is a within or between pathway model) [13].

Since proteins in most of the between-pathway and within-pathway models were enriched for specific
GO annotation, this concept can be used to predict new protein functions. That is, in pathways belonging to
some model, were the majority of proteins were already assigned a common significant annotation, the same
annotation may be predicted for the remaining proteins in the pathway. This method predicts 973 annotations
for 343 proteins (one protein may have several annotations), only a quarter of them were attainable using a
similar approach based on the physical network only. The validity of these predictions was estimated using
the standard five-fold cross validation (meaning, one fifth of the genetic interactions were withheld and used
to test prediction accuracy). Using this approach, the prediction success rate was estimated to be 63% for
between-pathway models, and 69% for within-pathway model [13].

Another method to evaluate the result is testing whether the network models could predict the existence
of new genetic interactions. In Figure 31 the main idea of how to predict new genetic interactions according
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Figure 30: Source: [13]. Between-pathways explanations of genetic interactions. Several clusters with
high between-pathway score are displayed. Blue solid and red dotted edges indicate physical and genetic
interactions respectively.
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Figure 31: Source: [13]. Genetic interaction prediction schemes. Observed genetic interactions are shown
in red while the predicted genetic interactions are shown in grey. (a) Under the between pathway model, two
incomplete bipartite motifs are shown which predict a genetic interaction between genes b and b‘. (b) Under
the within pathway model, common genetic neighbors are used to predict a genetic interaction between
genes d and d‘.

to a known model is presented. According to the between-pathway paradigm, genes in one pathway interact
with many members of a second pathway. This leads to the occurrence of ”complete bipartite motif” in the
genetic interaction network. This motif consists four proteins, where the first two proteins are connected to
the second pair of proteins with all four possible interactions. When an incomplete motif is observed, where
one of the four interactions is missing, the other three are good evidence that the missing interaction is true.
A missing interaction can take part in more than one incomplete motif, which elevates the probability that
this interaction does exist and was not discovered in the experiment. The physical network is incorporated
by requiring that the incomplete motifs are subgraphs of a between-pathway model [13].

A different evaluation method regards within-pathway models, where genetic interactions are implied
between genes that have genetic interaction with one or more common neighbors. The more common
neighbors there are, the more likely is the situation that the predicted interaction does truly exist. The
physical network is incorporated by restricting the proteins and neighbors to fall into a single within-pathway
model [13].

Once again five fold cross validation was used to estimate the accuracy of the predictions versus the
minimum number of required incomplete motifs (Figure 32). The between-pathway model successfully
predicts genetic interaction in 87% of trials. When the incomplete motifs were not required to fall in a
between pathway model, the estimate accuracy fell to 5%. In the within pathway model, only 38% accuracy
rate was achieved (still better than when not requiring the genes to belong to the same within pathway model,
where the success rate is only 15%) [13].

7.2.4 Between pathway interactions versus within pathway interactions

In summary, empirical studies suggest that genetic interactions mostly occur between pathways, rather then
within pathways. Of the 40% of genetic interactions that were identified as either between-pathway or
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Figure 32: Source: [13]. Success rate of genetic interaction prediction versus the strictness of prediction
in between-pathway model. Strictness is defined by the minimum number of incomplete bipartite motifs
required for prediction. The success rate for predictions in which an incomplete motif must occur in a
between-pathway model, is significantly higher than for naive predictions (which are not constrained by
the physical network). Even when requiring 200 incomplete bipartite motifs, the success rate of naive
predictions fails to exceed the success rate of the between-pathway predictions.

within-pathway interactions, most (1,377 versus 394) were between-pathway interactions. In addition, more
between-pathway models show enriched functions in comparison to within-pathway models. Moreover,
between-pathway models enable more accurate prediction of genetic interactions. However, within-pathway
models are better than between-pathway models in predicting protein function [13].
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