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1 Model structure

To predict the mode of action of compounds, the MNI algorithm first infers a model of reg-
ulatory influences in a cell. We assume that only measurements of transcript concentrations
in a cell are available. Thus, our model relates changes in gene transcript concentrations
to each other. In particular, we use the following ordinary differential equation model to
represent the rate of synthesis of a transcript as a function of the concentrations of every
other transcript in a cell:

ẏi = fi(y1, . . . , yN , ui), (1)

wherefi(. . .) is a nonlinear influence function for transcripti, yi is the concentration of
transcripti, N is the number of transcripts measured, andui is the net external influence on
the rate of synthesis of transcripti. An external influence is any effect on the rate of tran-
scription of a gene that cannot be represented as a function of changes in the concentrations
of theN transcripts. Examples of external influences include protein activity or metabolite
concentration changes due to the action of a compound, and environmental stress on a cell.

The influence functionsfi are not generally known and must be inferred from the ex-
perimental measurements of the transcript concentrations. Determination of the exact func-
tional form offi for each gene in a cell would require measurement of transcript concentra-
tions under an infeasibly large number of experimental condtions. To make this inference
problem tractable, we choose the following functional form forfi:

fi(y1, . . . , yN , ui) = ui

∏
j

y
nij

j − diyi, (2)

wherenij is a parameter describing the influence of transcriptj on transcripti, anddi is the
rate of degradation of transcripti. This model structure can be viewed as a simplification of
Hill-type transcription kinetics [1]. Although it is an imperfect representation of the influ-
ence functionsfi, the model is capable of capturing rough functional relationships between
transcripts including nonlinear relationships common in gene regulation, such as combina-
torial integration of regulatory influences by a promoter. Moreover, the model structure has
relatively few parameters, each of which can be efficiently estimated (as described below).
Thus, the model minimizes the number and complexity of experiments required to estimate
model parameters.

We assume that all measurements of RNA are obtained under steady-state experimental
conditions. Thus, Equations 1 and 2 become:

ẏi = 0 = ui

∏
j

y
nij

j − diyi. (3)

Because DNA measurement technology currently allows only the measurement of concen-
trations relative to a baseline (e.g., expression ratios), we make the following transforma-
tions of the model:

yi

yib

=

(
uj

ujb

)∏
j

(
yj

yjb

)nij

. (4)
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Taking the logarithm of both sides yields:

log10

(
yi

yib

)
= log10

(
uj

ujb

)
+
∑

j

nij log10

(
yj

yjb

)
. (5)

By substituting variables and parameters, we obtain the following linear network model:∑
j

aijxj = −pi, where (6)

aij = nij, j 6= i,
aij = nij − 1, j = i,

xj = log10

(
yj

yjb

)
, and

pi = log10

(
uj

ujb

)
.

The model coefficients,aij, of this model represent the influence of the concentration of
transcriptj on the rate of synthesis of transcripti. The variablesxj are the log-transformed
expression-change ratios of each transcript, and the variablepi is the change ratio of the
net external influences on the synthesis of transcripti. Any value ofpi that is significantly
different from 1.0 means there is an influence acting on transcripti that cannot be described
by the concentration changes in the RNA transcripts. The prediction of these external
influences,pi, using the model coefficients,aij, and the expression data,xj, is the objective
of the MNI algorithm.

Due to the simplicity of the model of Equations 1 and 2, it cannot capture some basic
characteristics of the influence functions,fi. For example, the rate of transcription of a gene
must saturate at some maximum value, but this model does not exhibit saturation. Conse-
quently, the model may only provide accurate predictions for experimental conditions near
those used to acquire the training data set. Nevertheless, as we show in this work, the
model is sufficiently accurate to correctly identify the mode of action of compounds using
a technically and economically feasible experimental set-up. An additional limitation of
the model is that many dynamic variables in a cell, such as protein concentration, protein
activity and metabolite concentration, are not observed experimentally, or included in the
model (hidden variables). However, the effect on the network of changes in the activity of
hidden variables may be captured in the model by the external influence variables (ui). In
addition, this information may be used, in conjunction with additional data or experiments,
to identify the proteins, metabolites or other factors responsible for the external influence.

2 Model inference

The first task of the MNI algorithm is to learn the network model coefficients,aij, using
a training data set of transcript expression data,xjl. We assume that the expression data
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consists of transcript measurements in which cells have been treated with compounds or en-
vironmental stresses in a series ofM experiments. Thus for each transcript in the network,
we can writeM equations:∑

j

aijxjl = −pil, l = 1, . . . ,M, (7)

wherel is the index for each experiment. Provided a sufficient number of independent
experiments and a set of measurements of the expression data,xjl, and the external in-
fluences,pil, it is possible to calculate the model coefficients,aij, using multiple regres-
sion [2]. However, we assume that the training data are obtained using perturbations for
which the external influences are not known or measured. Thus, Eq. 7 is ill-posed and
cannot be solved directly.

To enable solution of the system without measurements or knowledge ofpil, we use
the following strategy. First, we assume that any given treatment will directly influence
a small fraction of the thousands of transcripts in a genome. (A large fraction of genes
may nevertheless show a transcription response in each experiment due to propagation of
the external influence through the network.) Thus, mostpij will be equal to zero. If, for
a given genei, we can identify all experiments in which the gene has not been externally
influenced, we can write the following equation:∑

j

aijxjh = 0, (8)

whereh includes all experiments in which genei has not been perturbed. This reduced set
of points represents a level set of the solution to Eq. 7. To determine a non-trivial solution
to Eq. 8, we note thataii = nii−1 must be nonzero, even when the direct self-feedback,nii,
is zero. Thus we can setaii to an arbitrary constant and solve for the remaining coefficients
using a regression strategy such as that presented in Appendix 1. The solution will be
correct within an undetermined scaling factor, and will represent the relative influences of
each transcript on the rate of synthesis of genei.

It remains to determine all experiments in which genei has not been externally influ-
enced. To this end, we use the following recursive scheme. In step (1), we make an initial
guess,̂aij, of the model coeffiecients. Typically, we chooseâij = −1 for i = j, andâij = 0
otherwise. This guess represents genei as not being regulated by any gene.

In step (2), we usêaij to calculate an estimate,p̂il, of the external influences,pil, from
Eq. 7. A external influence is considered significant if it satisfies:

p̂il ≥ θ · max
1≤l≤M

(| p̂il |), (9)

whereθ is the significance threshold. We chooseθ = 0.25, i.e., an estimate of the external
influence on genei is considered significant if it is greater than 25% of the maximum abso-
lute value ofpil in all experimentsl = 1, . . . ,M . There is some flexbility in choosing the
threshold. Decreasing the threshold leads to more false positive predictions of significant
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external influences. Through experimentation with simulated data sets and the yeast data
set, we found that false negative predictions (i.e., missed detections) of external influence
were more detrimental to algorithm performance than false positives. Thus, the threshold
was chosen to err towards identifying more false positive predictions. (Note, the predic-
tion of external influences may be further improved by using confidence intervals onpil

estimated from the regression statistics, though this was not explored in the present study.)
In step (3) of the recursion, we remove from the training data set all experiments in

which the estimate of the external influence is significant. We then obtain a new extimate,
âij, of the model coefficients using Eq. 8 with the remaining experiments. We then return
to step (1) of the recursion using the newly estimated coefficients and iterate until the
estimateŝaij andp̂il converge.

3 Prediction of mode of action of compounds

Once we have estimated the network model using the recursive procedure, we can predict
the targets of any compound. In what follows we will use the subscriptc to indicate quan-
tities that refer to a compound, i.e.,xjc is the expression of genej in response to treatment
with compoundc. With the expression profile for the compound,xjc, i = 1, . . . , N , and
the model coefficientŝaij, we use Eq. 7 to obtain an estimate of the external influences on
each genei: ∑

j

aijxjc = −p̂ic (10)

The targets of a compound are those genes calculated to have the most significant exter-
nal influences. The significance ofp̂ic is determined by computing a z-score for each gene
i as:

zic =
p̂ic

σic
, (11)

whereσic is the standard deviation on̂pic computed by applying the propagation of error to
Equation 7:

σ2
ic =

∑
j

∑
k

σi
jkxjcxkc +

∑
j

â2
ijvar(xjc). (12)

andσi
jk are the elements of the covariance matrix,Σa, for the parameterŝaij in Equation

10, calculated as described in Section 7. Thus,σi
jk is the coefficient in thejth row andkth

column of the covariance matrix,Σa, for for genei. The genes are then ranked according
to the magnitude of their z-score.

Note, the same calculation can be applied to the expression profiles used to form the
training data. Thus, the algorithm can identify the most likely targets of compounds used
as training data. Conversely, any expression profile obtained for a new compound may be
included in the training data to obtain an improved estimate of the network model.
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4 Dimensional reduction

Typically the number of independent experiments in the training data,M , is much less
than the number of genes in a cell,N . For example, in the present study we analyzed a data
set of 515 experiments in which more than 6000 transcripts were measured. This means
that Eq. 8 is underdetermined. Additional constraints must be applied to find a unique
solution. It has been noted that regulatory networks have a sparse structure [3–5]; thus, one
strategy is to use subset regression to identify a small set of non-zero model coefficients
for each genei. Another strategy is to make use of the fact that many genes are similarly
regulated and share highly correlated expression profiles. Thus, genes may be associated
with a reduced set of “characteristic” expression profiles. For example, expression profiles
for the genes may be clustered, and the average profile for the cluster used in subsequent
processing.

Here we use a strategy for dimensional reduction based on singular value decomposi-
tion (SVD). Like clustering, the approach makes use of the fact that the expression profiles
for theN genes may be approximated by a smaller set of characteristic expression profiles.
Using SVD, we first identify the principal components of the expression profiles for theN
genes. Writing the training data set as a matrix,X = xil, i = 1, . . . , N , l = 1, . . . ,M , we
can use singular value decomposition to obtain:

X = USVT , (13)

whereU is anN×M matrix, andS is a diagonal matrix of dimensionM×M containing the
singular values ofX, andV is anM×M matrix containing the principal components of the
gene expression profiles in columns. We then chooseQ principal components (Q < M )
associated with the largest singular values. TheseQ profiles serve as the characteristic
expression profiles for theN genes and together describe most of the expression variation
represented among theN genes. The characteristic profiles (“metagene” profiles) can be
used to approximateX as follows:

X ≈ X̂ = UQSQVT , (14)

whereUQ is anN × Q matrix and contains only the firstQ columns ofU, andSQ is a
Q×M diagonal matrix of the topQ singular values. Defining matrixZ = SQVT , we can
rewrite Eq. 14 as:

X̂ = UQ Z, (15)

or as:
U+

Q X = Z, (16)

whereU+
Q is the pseudo-inverse ofUQ. Matrix Z, which is of reduced dimensionQ×M ,

can be interpreted as the expression profiles of theQ metagenes. We useU+
Q to project the

N dimensional expression data into the lower dimensional space of the metagenes (Eq. 16).
We then apply the recursive algorithm described in Sections 2 and 3 toZ to identify a
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network model for the metagenes, and estimate the external influences on the metagenes.
Finally, we useUQ to project the estimated external influences on the metagenes back
into N -dimensional gene space (Eq. 15). We also calculate standard deviations on the
estimates and transform them between gene and metagene spaces using the propagation of
error formula [6]. To determine the number of significant singular values (metagenes), we
used an approach by Everitt and Dunn [7] of identifying those singular values that have a
relative variance above some threshold value. The relative variance of a singular value is
calculated as the square of that singular value divided by the sum of the squares of all of the
singular values. Each singular value was considered significant if its relative variance was
greater than the threshold of0.7/n, wheren = 515 is the number of experiments. Based
on this approach, we usedQ = 117 singular values (metagenes).

5 Improving the specificity of target prediction

Many genes in the training data set,X, will share very similar expression profiles over the
M experiments. These genes will be difficult to distinguish. This problem is amplified
by the use of dimensional reduction techniques which tend to average out or discard the
few differences that do exist between similarly expressed genes. Thus, when estimating
external influences on these genes (i.e., predicting compound targets), many genes will
be identified with similar significance. Hence, the algorithm would identify many false
positive targets in addition to the correct targets.

To improve the specificity of the algorithm, we adopt a “tournament” approach. For a
given expression profile obtained following a treatment with a test compound, we apply the
algorthim of Sections 2–4, in three successive iterations. In the first iteration, we rank all
genes measured in the test expression profile. We then select the 1/3 of the genes ranked
highest (which is approximately 2000 genes out of approximately 6000 in the yeast data
set). We then reapply the algorithm to the selected genes and rank them. Once again, we
apply the algorithm to the remaining genes and select the 1/3 highest-ranked genes (which
is approximately 600 genes from the yeast data set). We then apply the algorithm one more
time to obtain a final ranking.

The advantage of this approach is that the dimensional reduction via singular value
decomposition preserves more of the differences between genes as the number of genes
processed (N ) becomes closer to the number of experiments (M ). Thus with each succesive
application of the algorithm, differences between similarly regulated genes are more clearly
identified and the specificity of target prediction is improved.

We also added a convergence check that stops the iterations if theSVD-errorincreases
compared to the previous iteration. The SVD-error is simply‖X̂−X‖2. After each iteration
the error should decrease sinceN becomes closer toM . If this does not happen, it means
that the algorithm did not choose the proper genes; therefore the recursion is stopped and
the final ranking is computed on the last ‘good’ iteration.

This approach has one limitation in that occasionally genes that are the true targets
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of a compound are eliminated between successive applications of the algorithm. In other
words, the genes are improperly eliminated in the early iterations of the algorithm when
the specificity is still low. To overcome this problem, we modified the z-score used to rank
genes prior to selection of the highest-ranked 1/3 of the genes. The modified z-score,zm

ic ,
is:

zm
ic = zic +

xic

σxic

, (17)

whereσxic is the standard deviation on the expression ratio,xic. This score was designed
to boost the likelihood of including genes with significant changes in the test expression
profile. From simulations, we observed that using the modified MNI score to rank the genes
sometimes improved the prediction of targets compared with using the standard z-score for
the selection of genes.

To use the modified z-score, we ran the three iterations of ranking and gene selection
using both scoring approaches. First we ran the three iterations using the standard z-score
to select genes; then we ran the three iterations again using the modified z-score score to
select genes. In the final iteration of both approaches, we ranked the genes using only the
standard z-score. At the end, we are left with two ranked lists of genes ordered by their
corresponding standard z-scores. Then we chose as the final ranking the list of genes with
the highest mean standard z-score in the final iteration. The mean standard z-score for
one list of gene is computed by taking the mean of the z-score of each gene in the list.
For comparison, Tables S1 and S2 show the performance of the MNI algorithm with and
without use of the modified z-score strategy.

6 Additional results: identifying target pathways and genes
using association analysis and mRNA expression change

As mentioned in the main text, it is possible to use the gene rankings obtained by the
MNI algorithm to identify the pathway in which a compound target operates. To identify
the pathway, we used the GO Term Finder tool (www.yeastgenome.org) to identify GO
ontologies that were significantly (i.e.,p ≤ 0.01) shared by the 50 highest-ranked genes
according to the MNI algorithm.

For comparison, we also determined the pathways identified among the 50 highest-
ranked genes according to the significance of their RNA expression changes. Of the nine
compounds with known or probable targets and pathways, the MNI algorithm correctly
identified the target pathway for seven compounds, while ranking by mRNA change (z-
score) identifies pathways matching the known target pathways of five compounds (Ta-
ble S3). However, while ranking based on mRNA change identified several target path-
ways, the target genes were often not highly ranked. For instance, the targets of only
three compounds (hydroxyurea, cycloheximide, and dyclonine) were ranked in the top 50
by largest mRNA expression change (Table S2). Most notably, ranking based on mRNA
expression change alone failed to identify either the discovered targeted pathway or the
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discovered targeted genes of the novel compound, PTSB, examined in this study.
The association analysis approaches were also examined for their ability to rank the

known gene and pathway targets of the compounds (Tables S2 and S4). Of the nine com-
pounds with known or probable targets and pathways, the linear combination approach [8]
correctly identified the target pathway for four compounds, while ranking with the cor-
relation method [9, 10] identifies pathways matching the known target pathways of three
compounds (Table S4). The linear combination approach ranked the known gene targets
of five of the nine compounds in the top 50 (Table S2). The correlation method ranked the
known gene targets of four of the nine compounds in the top 50. The targets of the other
compounds were either not ranked highly or not themselves perturbed in the training set,
and could therefore not be identified by these approaches. Most notably, ranking by both
association analysis approaches failed to identify either the discovered targeted pathway or
the discovered targeted genes of the novel compound, PTSB, examined in this study.

7 Multiple regression

Given a set of data,xjl, in which j = 1, . . . , N regressor variables (e.g., transcript con-
centrations), and a dependent variable,yl (e.g., external influences or transcript concentra-
tions), are measured inl = 1, . . . ,M experiments, we desire to calculate the coefficients,
aj, of the following linear regression model:

yl =
∑

j

xljaj + ηl, l = 1, . . . ,M, (18)

whereηl are stochastic normal variables with zero mean and variance representing the net
measurment error in each experiment. Note,ηl includes contributions from measurement
noise on the regressor variables and the dependent variable, i.e.,

var(ηl) =
∑

j

a2
j var(γlj)− var(εl), (19)

whereεil andγlj are uncorrelated, zero-mean, normal variables representing measurement
noise on the regressor and dependent variables, respectively. We can write this equation in
vector form as:

y = Xa + η, (20)

wherey is anM × 1 vector with elementsyl, X is anM × N matrix with elementsxlj, a
is anN × 1 vector with elementsaj, andη is anM × 1 vector with elementsηl. We desire
to find an estimate,̂a, of the model coefficients that minimizes the L2 norm of the model
error:

â = argmin
aj

(∑
l

(yl −
∑

j

xljaj)
2

)
. (21)



10

The solution to this minimization problem is:

â = X+ y, (22)

whereX+ is the pseudo-inverse ofX.
To calculate the error on the estimated model coefficients, we first calculate the covari-

ance matrix,Σa. If, in each experiment, the noise,η, is uncorrelated and Gaussian with
zero mean and known variance, then [11]:

Σa = cov(â) = X+ΣηX
+T , (23)

whereΣη is anM ×M diagonal matrix with the elementsvar(ηl) on the diagonal.
Note thatâ calculated using Eq. 21 is not the maximum likelihood estimate of the

coefficientsa when the regressors,X, are noisy (as is the case here). Nevertheless the
pseudo-inverse estimate is reasonable in this situation. Alternately, if we desire the maxi-
mum likelihood estimate, we can solve a weighted version of Eq. 21:

â = argmin
aj

(∑
l

(yl −
∑

j xljaj)
2

var(ηl)

)
. (24)

However, Eq. 22 is not a solution to this equation. The minimizing solution must be esti-
mated using a numerical optimization scheme.

8 Preprocessing of data

For the Hughes et al. [9] data set, each element of the gene expression data matrixxjl has
an associated standard deviationσjl (wherej stands for the gene andl for the experiment).
Before running the algorithm, the gene expression data are preprocessed as follows: a z-
score and the correspondingp-value are computed for each valuexjl. If the p ≥ 0.5 then
xjl is set to 0. Missing values in the gene expression data matrixX are set to 0.

The gene expression data from Mnaimneh et al. [12] lacked associated standard devia-
tions. Therefore, we computed it for each value by a k-nearest neighbor approach. For each
valueyjl (i.e., the expression of a gene in a given experiment) in the Mnaimneh data set,
we selected the eight closest values of thesame geneacross the “compendium” data set.
We then took as the standard deviation for the value in the Mnaimneh data set, the mean of
the standard deviations in the compendium data set associated to the eight values selected
according to the nearest neighbor approach.

[1] J C Liao, R Boscolo, Y L Yang, L M Tran, C Sabatti, and V P Roychowdhury. Net-
work component analysis: reconstruction of regulatory signals in biological systems.
Proc. Natl. Acad. Sci. USA, 100:15522–15527, 2003.



11

[2] T S Gardner, D di Bernardo, D Lorenz, and J J Collins. Inferring genetic networks and
identifying compound mode of action via expression profiling.Science, 301:102–105,
2003.
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Table S1: TET-inducible experiments: comparison between normal and modified z-scores

TET-inducible allele Target rank MNI rank MNI* rank LC rank C rank logRatioa rank logRatio/σ a

tet-idi1 idi1 1 - - - 1 1
tet-rho1 rho1 4 - - - 1 1
tet-yef3 yef3 1 1 - - 4 116
tet-aur1 aur1 1 1 - - 10 14
tet-fks1 fks1 1 1 89 2 11 41
tet-kar2 kar2 1 67 - - 78 64
tet-cdc42 cdc42 1 1 278 22 24 141
tet-hmg2 hmg2 1 2 - - 2 19
tet-pma1 pma1 6 21 - - 12 22
tet-erg11 erg11 42 42 - - 2560 2820
tet-cmd1 cmd1 1 1 - - 1 1

“*” indicates MNI without modified z-score
LC: linear combination, C: correlation
a ranking by the log10-normalized mRNA expression change upon perturbation (rank logRatio) and the z-
score of expression change (rank logRatio/σ). The sign of the change (up- vs. down-regulation) is ignored.
“−” indicates gene not ranked in top 50

Table S2: Treatment with drugs: comparison between normal and modified z-scores

Drug Known Targets rank MNI rank MNI* rank LC rank C rank logRatioa rank logRatio/σ a

Terbinafine [13] ERG1 5 5 25 58 224 175
Lovastatin [14] HMG2 30 30 415 2 52 78

HMG1 98 98 1 33 162 1301
Itraconazole [15] ERG11 2 2 3 1 61 192
Hydroxyurea [16] RNR2 6 - 2 (RNR1) 1 (RNR1) 4 5

RNR4 2 48 - - 2 1
Cycloheximide [17] RPL26b (ribosome) 32 - 2 (RPL6b) 2 (RPL8a) 70 22

RPS29a 34 - - - 200 31
Tunicamycin [18] ALG7 - - 188 210 4749 4743
Nikkomycin [19] CHS3 - - - - 3569 2736

Drugs not in the original ”Compendium” data set
3-aminotriazole [20, 21] CTA1 - - - - 554 2276

HIS3 - - - - 197 1261
Dyclonine [9] ERG2 4 - 23 3 81 6

“*” indicates MNI without modified z-score
LC: linear combination, C: correlation
a ranking by the log10-normalized mRNA expression change upon perturbation (rank logRatio) and the z-
score of expression change (rank logRatio/σ). The sign of the change (up- vs. down-regulation) is ignored.
“−” indicates gene not ranked in top 50
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Table S3: Pathways involved in compound mode of action: MNI approach versus mRNA
expression change

Drug Significant GO ontology (MNI) Known pathway Significant GO ontology (RNA
change)

Terbinafine steroid metabolism; lipid
transport

ergosterol biosynthesis [13] steroid metabolism; sexual
reproduction

Lovastatin lipid metabolism ergosterol biosynthesis [14] lipid biosynthesis
Itraconazole steroid metabolism; sterol

transport
ergosterol biosynthesis [15] amino acid biosynthesis;steroid

biosynthesis
Hydroxyurea chromosome organization and

biogenesis;DNA replication
DNA replication [16] chromosome organization and

biogenesis; leucine metabolism;
pyridoxine metabolism;DNA
replication

Cycloheximide nuclear mRNA splicing, via
spliceosome

protein biosynthesis [17] cytoplasm organization and
biogenesis

Tunicamycin protein-ER targeting; secretory
pathway

N-linked glycosylation [18] cell wall organization and
biogenesis; sexual reproduction;
aldehyde metabolism

Nikkomycin protein amino acid alkylation;
growth

cell wall chitin
biosynthesis [19]

chromosome organization and
biogenesis; protein amino acid
alkylation

Drugs not in the original compendium data set
3-aminotriazole organic acid metabolism; vitamin

metabolism
organic acid metabolism[20];
oxygen and reactive oxygen
species metabolism [21]

chromosome organization and
biogenesis; polysaccharide
metabolism

Dyclonine sterol biosynthesis; amino acid
biosynthesis

ergosterol biosynthesis [9] sterol biosynthesis; amino acid
biosynthesis

Drugs with unknown modes of action
2-deoxy-D-
glucose

amino acid metabolism − ubiquitin cycle

Calcofluor White chromosome organization and
biogenesis; transcription initiation

− chromosome organization and
biogenesis; protein amino acid
methylation

Doxycycline ergosterol biosynthesis;
siderochrome transport

− siderochrome transport; response
to stimulus; cell redox homeostasis

FR901228
(FK228)

NAD biosynthesis; conjugation;
glycogen biosynthesis

histone deacetylation;
chromatin silencing[22]

conjugation; vitamin biosynthesis

Glucosamine chromosome organization and
biogenesis; macromolecule
biosynthesis

− chromosome organization and
biogenesis; glutamine family
amino acid metabolism

MMS sterol biosynthesis; alcohol
metabolism

DNA repair [9] alcohol metabolism; sterol
biosynthesis

bolded text indicates matches with previously reported pathways targeted by each compound.
“−” indicates that the target pathway is not known
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Table S4: Pathways involved in compound mode of action: Association analysis ap-
proaches

Drug Significant GO ontology (LC) Known pathway Significant GO ontology (C)
Terbinafine sterol metabolism ergosterol biosynthesis [13] ergosterol biosynthesis
Lovastatin ergosterol metabolism ergosterol biosynthesis [14] ergosterol metabolism
Itraconazole ergosterol metabolism ergosterol biosynthesis [15] ergosterol biosynthesis
Hydroxyurea cellular metabolism DNA replication [16] cell cycle
Cycloheximide protein polyubiquitination protein biosynthesis [17] processing of 20S pre-rRNA
Tunicamycin cell wall organization and

biogenesis
N-linked glycosylation [18] physiological process

Nikkomycin small GTPase mediated signal
transduction

cell wall chitin
biosynthesis [19]

conjugation

Drugs not in the original compendium data set
3-aminotriazole replicative cell aging oxygen and reactive oxygen

species metabolism [21]
ergosterol metabolism

Dyclonine ergosterol biosynthesis ergosterol biosynthesis [9] regulation of transcription
Drugs with unknown modes of action

2-deoxy-D-
glucose

protein modification − loss of chromatin silencing during
replicative cell aging

Calcofluor White regulation of transcription − mitotic cell cycle
Doxycycline mitochondrial inter-membrane

space protein import
− protein transport

FR901228
(FK228)

G-protein signaling, adenylate
cyclase activating pathway

histone deacetylation;
chromatin silencing[22]

replicative cell aging

Glucosamine protein-ER targeting − reproduction
MMS cell wall organization and

biogenesis
DNA repair [9] mitosis

bolded text indicates matches with previously reported pathways targeted by each compound.
LC: linear combination, C: correlation
“−” indicates that the target pathway is not known


