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Abstract

Application of a soft multivariate statistical procedure, called PLS, partial least squares modelling in latent variables or projections to
latent structures, allows extensive exploitation of the enormous amount of information embedded in the National Cancer Institute gene
expression and antitumour screen databases. Interpretation of the statistical results provides new significant biological insights such as
classification of human tumour cell lines based on their gene expression patterns, evaluation of the influence of gene transcripts on drug
efficacy and assessment of their selectivity for classes of compounds which act by the same mechanism, and identification of uncharacterized
gene expression targets involved in cancer chemotherapy. Among them, the transcripts GC11121, GC17689, and GC18564 (unknown gene
products extremely selective for RNA/DNA antimetabolites) are indicated by the present work as deserving high priority in future molecular
studies. © 2001 Elsevier Science Inc. All rights reserved.
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1. Introduction

Future hope in the effectiveness of cancer chemotherapy
is based on the general acceptance that genetic events un-
derlie the development of cancer. In spite of paramount
advances in genome-scale research, the goal of a molecular-
based cancer therapy is far from being achieved. In this
context, a prodigious amount of information accumulated
by the National Cancer Institute has recently been provided
[1] to the scientific community as a gene expression data-
base including 9703 cDNAs or gene transcripts representing
;8,000 unique genes among 60 human tumour cell lines
used in a drug discoveryin vitro screening, including drug

activity profiles for leukaemia, non-small-cell lung, central
nervous system, colon, melanoma, ovarian, and renal tu-
mour cell lines. The novel technology of cDNA microarrays
[2] allowed the rapid generation of a large amount of data,
representing an estimate of the levels of specific mRNAs
transcribed from thousands of different genes. The above
database represents a starting point for understanding the
complex relationships between gene expression and drug
activity. Achievement of the above ambitious task requires
investment of unprecedented efforts and resources in studies
that have necessarily to be guided by strategies identifying
shortcuts. The key role of bioinformatics in answering a few
preliminary questions before undertaking labour intensive
studies is now being recognised, but not yet fully exploited.
A few important questions to be answered are: what are the
main gene expression targets involved in cancer chemother-
apy for classes of drugs acting by known mechanisms (e.g.
topoisomerase II inhibitors, etc.) or for newly discovered
drugs? Which are the most important gene expression tar-
gets involved in cancer chemotherapy not yet fully charac-
terised that need to be assigned priority in further studies?

Scherfet al. [3] recently reported an application linking
bioinformatics and chemoinformatics by correlating gene
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expression and drug activity patterns in the NCI 60 cell lines
with the aim “to provide a rationale for selection of therapy
on the basis of molecular characteristics of a patient’s tu-
mour” using a statistical approach based on cluster analysis
and Pearson correlation coefficients. Cell–cell correlations
based on gene expression profiles (T matrix) and on drug
activity profiles (A matrix) provided gene–drug correlations
(A-T matrix clustering) [3].

An alternative and more powerful multivariate statistical
procedure, called PLS and included in the SIMCA package
[4], is aimed at finding relationships between a group of
explanatory variables (the X matrix including the “descrip-
tors”) and a set of dependent variables (the Y matrix in-
cluding the “responses”). In the past two decades, the
SIMCA method [4–7] has been successfully applied in
many fields of science and has been demonstrated to be a
very powerful approach to handle complex data sets repre-
sented in the form of matrices where a number of objects are
characterised by a number of variables. The main advantage
of PLS is that it investigates the relationships among all
objects and all variables simultaneously by means of PCA
in both X and Y matrices under the constraint that the PC
extracted from each matrix are linearly correlated to each
other. Application of the above “soft” statistical methodol-
ogy allows to relate the expression level of thousands of
different genes (called the “descriptors” in the PLS proce-
dure) to the therapeutical “fingerprints” of a set of com-
pounds (called the “responses” in the PLS procedure) for
the same cell lines (objects), evaluating the influence of
each gene expression target in determining the therapeutical
responses. We have recently reported [8] the first applica-
tion of the PLS methodology to compounds whose molec-
ular targets are well known and pointed out the consistency
of the statistical results with experimental evidence reported
in the literature.

The purpose of the present work was to provide possible
shortcuts by suggesting priorities in future genome pharma-
cology studies aimed at the identification of the main un-
characterised gene expression targets involved in cancer
chemotherapy. Discussion of the functional relationships
between known gene products and drug activities, deserving
specific detailed comparisons, will be limited to a few ex-
amples just to show the consistency of the statistical results
with current knowledge in the field.

2. Materials and methods

The data set used for PCA was a table (matrix) in which
60 cell lines were characterized by multivariate biological
“fingerprints” given by the gene expression profiles. The
results of PCA depend upon the weighting of the data; in the
present case the variables were autoscaled by multiplying
the variables by appropriate weights (the reciprocal of the
variable standard deviation) to give them unit variance (i.e.
the same importance).

PCA was carried out by means of SIMCA software
package [4] on a data matrix containing 576300 (96053
60) elements Xik, where index k is used for the gene ex-
pression profiles (variables) and index i for the cell lines
(objects). Autoscaled matrix elements were then fitted into
a model given by equation (1), where the number A of
significant cross-terms (components), and the parameters
pak and tia are calculated by minimising the residuals eik,
after subtracting xk̄ (the mean value of the ith experimental
quantities xik).

xik 5 x#k 1 O
a51

a5A

tiapak 1 eik (1)

Parameters x#k and pak (the loadings) depend only on the
gene expression profiles (variables), and the tia (scores) only
on the cell lines.

The deviations from the model are expressed by the
residuals eik. The number of significant components (A) was
determined using the cross-validation technique [7].

Relationships between two blocks of variables, the “de-
scriptor” matrix X and the “response” matrix Y, can be
achieved by PLS analysis [9–11], where the members of the
Y matrix can be described as a function of the members of
the X matrix. The PLS algorithm computes PLS compo-
nents for each of the two matrices looking simultaneously
for a linear relationship between the X-scores (tia) and the
Y-scores (uia) reported in equation (2), which is the analo-
gous to equation (1) for the Y matrix:

yim 5 ȳm 1 O
a51

a5A

uiacam1 gim (2)

The algorithm is iterative for each dimension as in PCA
and consists in finding the latent variables of the X and Y
matrices in such a way that the relationship between tia and
uia is maximised.

The statistical results obtained by the PLS method are
able to detect what variables in the X block are relevant
to determine the dependent variables (Y block) by means
of the VIP values. The VIP values reflect, in fact, the
importance of terms in the model both with respect to Y,
i.e. its correlation to all the responses, and with respect to
X. SIMCA computes VIP values [4] by summing over all
model dimensions the contributions VIN (variable influ-
ence). For a given PLS dimension, a, (VIN)ak [2] is equal
to the squared PLS weight (wak)

2 of that term, multiplied
by the percent explained of residual sum of squares by
that PLS dimension. The accumulated (over all PLS di-
mensions) value,VIPk 5 ¥a (VIN)k

2 is then divided by the
total percent explained of residual sum of squares by the
PLS model and multiplied by the number of terms in the
model.
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3. Results

The NCI in vitro antitumour screen database can be
represented in the form of a matrix, where the 60 cell lines
(i.e. objects) may be represented as characterised by a mul-
tivariate biological fingerprint, given by the gene expression
profiles (the “descriptor” variables in the X matrix) or by
multivariate therapeutical fingerprints given by drug activity
patterns expressed as log GI50 [1] (the “response” variables
in the Y matrix). Both X and Y matrices can undergo
separate PCA based on gene transcript levels (X matrix) or

on drug antitumour activities (Y matrix). No cell line clus-
tering according to histological origin based on drug re-
sponses has been previously noted either by cluster analysis
[3] or PCA [8]. On the contrary, cell line grouping by organ
of origin has been evidenced by cluster analysis of gene
expression data [3,12]. PCA carried out in the present work
on 9605 gene expression data (X matrix, where 98 genes
were excluded from the original 9703 gene transcripts in the
above cited database due to a high number of missing data)
gave a 4PC significant model explaining 25.2% of variance,
providing cell line classification (see t1–t2 scores plot in Fig.
1) consistent with that previously reported [3,12]. In partic-
ular, two breast cell lines (MDA-MB435 and MDA-N) and
one melanoma (LOX IMVI) are clearly outliers in the t1–t2
scores plot with respect to other cancer cells with the same
origin (Fig. 1, c and g). This result supports the hypothesis
of Rosset al. [12] that MDA-MB435 and MDA-N cell lines
derived from a single patient with breast cancer possibly
originated from a co-existing occult melanoma. Taking into
account the results of PCA commented on above, three cell
lines (MDA-MB435, MDA-N, and LOX IMVI) were ex-
cluded from further analyses. Therefore, all PLS models
reported below include only 57 cell lines (objects) charac-
terised by gene expression profiles in X matrices (descrip-
tors) or by drug antitumour activities expressed as log GI50

in Y matrices (responses). The X matrices included 9605
variables in all PLS models, while the Y matrices included
a number of variables ranging from 171 for the model with
all drugs to 6 for the model with antimitotic drugs only (for
details see Table 1). PLS correlates the block of descriptors
to the block of therapeutical responses for the same cell
lines by simultaneously considering all descriptor and re-
sponse variables, providing models characterised by statis-
tical parameters such as the number of PLS components, the
percentage of variance explained in both X and Y matrices,
the predicting ability (Q2), as well as the influence of each
gene transcript in determining the therapeutical responses

Fig. 1. t1–t2 scores plot from PCA using 60 cell lines as objects and 9605
gene expression profiles as variables (two PC explain already 15.7%
variance): a, non-small-cell lung; b, colon; c, breast; d, ovarian; e, leukae-
mia; f, renal; g, melanoma; h: prostate; i, central nervous system. Outlier
cell lines excluded in the PLS analysis (see text) are designated as x in plots
c and g.

Table 1
Statistical parameters for PLS models 1–6a

Entry Model No. of
variables

No. of
objects

No. of PLS
components

Q2

(%)
Variance explained (%)

1 All X 9605 57 4 17.2 22.1 (8.51 5.01 4.61 4.0)
Y 171 39.5 (18.71 11.21 4.81 4.8)

2 T X 9605 57 2 25.3 12.9 (6.81 6.1)
Y 16 54.6 (37.81 16.8)

3 R X 9605 57 2 25.6 13.1 (8.61 4.5)
Y 13 48.5 (32.41 16.1)

4 D X 9605 57 2 22.8 13.0 (8.81 4.2)
Y 16 46.8 (25.21 21.6)

5 A X 9605 57 3 31.1 17.2 (7.11 6.31 3.8)
Y 36 62.9 (38.91 15.91 8.1)

6 M X 9605 57 3 18.3 16.5 (7.21 5.51 3.8)
Y 6 67.9 (34.91 20.91 12.1)

a Drug class designation: T5 topoisomerase II inhibitors, R5 RNA/DNA antimetabolites, D5 DNA antimetabolites, A5 alkylating agents, M5
antimitotic agents. The full list of drugs is available as supplementary information.
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(VIP). The latter value represents a statistical parameter
ranking all descriptors in order of decreasing importance.

Different empirical PLS models were derived by select-
ing an appropriate number of cell lines (objects) and ther-
apeutical responses (variables in the Y matrix), while the
number of descriptor variables (9605) was the same
throughout the analysis. The results of all PLS models are
summarised in Table 1.

PLS parameters for model 1 provide an overall insight
into the capability of the 9605 molecular target genes to
account for the therapeutical ability of 171 drugs with
known and unknown mechanism taken from thein vitro
anticancer screening standard database [1]. 4 PLS compo-
nents explain 39.5% variance of the therapeutical response
matrix for the considered 57 cell lines, confirming that the
considered gene expression profiles represent a predominant
factor in determining the drug activities. However, in order
to answer the first question (what are the main gene expres-
sion targets involved in cancer chemotherapy?), the order of
importance of each descriptor on biological responses has to
be evaluated for more homogeneous drug subsets. Each of
models 2–6, derived by relating the 9605 descriptors to a
class of drugs acting by the same mechanism (T5 topo-
isomerase II inhibitors, R5 RNA/DNA antimetabolites,
D 5 DNA antimetabolites, A5 alkylating agents, M5
antimitotic agents respectively), exhibits very interesting
statistical parameters, recorded in Table 1. Only 2 or 3 PLS
components are required to obtain statistically significant
PLS models explaining percentages of Y matrix variances
ranging from 46.8% up to 67.9%. This finding confirms on
a sound statistical basis the relevance of gene expressions in
determining the activities for each class of drugs. The VIP
values for models 2–6, all using the same X matrix with the
same 9605 descriptors, represent a proper statistical param-
eter to select the main gene expression targets involved in
cancer chemotherapy for a specific class of drugs (i.e. to-
poisomerase II inhibitors). Fig. 2 provides, as an example, a
graphical picture of the VIPs for model 2 (T5 topoisom-
erase II inhibitors), while a complete list of all 9605 genes
in order of importance for each PLS model is available in
the www.elsevier.nl as supplementary information. A
proper statistical criterion would suggest to discuss all de-
scriptor variables exhibiting VIPs above a given value.
However, adopting an alternative arbitrary option dictated
by the need of simplicity and conciseness and suggested by
a most popular term used to identify “hit parades” (CD,
movies, books, rich men, etc.), we here report (Table 2) the
“top ten” gene transcripts (designated by the NCI database
identification number) selected by each PLS model from the
original set of 9605.

The second column of Table 3, indicating the common
names for the same gene products reported in Table 2,
points out that 13 out of the 44 “top ten” genes encode for
an unknown product. This finding provides an answer to the
second question: which are the most important gene expres-
sion targets involved in cancer chemotherapy not yet fully

characterised that need to be assigned priority in further
studies?

4. Discussion

In addition to the identification of clear guidelines in
establishing priorities for further gene structural and func-
tional investigations, the results of the PLS analysis can be
related to other biologically relevant matters. In order to
compare the influence of each gene in models 2–6, the rank
order of all top ten genes in the VIP lists for models 2–6 is
also reported in columns 3–7 of Table 3. An analysis of
these results allows identification of gene transcripts that are
selectively influencing the activity of a single class of drugs,
as defined by the mechanism of action. However, several
genes are able to simultaneously exert a powerful influence
on the activities of multiple classes of drugs. Of course,
these genes should be involved in cellular and molecular
processes that are common to the mechanism of action or of
resistance of drugs belonging to different classes.

A distinction between M drugs and other classes of
compounds (T, R, D, A) is evident by inspecting Table 3.
Genes exerting an important influence on M drug action (9
out of the top 10 in the VIP list, with exception of
GC17402) are located in a low rank order position in the
VIP lists referring to other drug classes: such genes are
designed hereinafter as M1. On the contrary, it is possible
to distinguish gene products (GC10461, GC11800,
GC13601, GC14119, GC16251, GC16502) influencing the
action of all classes of drugs with the exception of M drugs.
It is not surprising that several genes simultaneously influ-
ence the activity of T, R, D, A drugs: all these compounds
induce DNA damage through different mechanisms and it
can be predicted that several proteins involved in DNA
replication and repair are able to affect their efficacy. In

Fig. 2. VIP plot for model 2 (topoisomerase II inhibitors); 149 gene
transcripts exhibit VIP values. 2.
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spite of the similarities in the mechanism of action of T, R,
D, A drugs, it is still possible to clearly identify gene
transcripts that show a striking level of selectivity for a
single class. For instance, the transcripts GC11121,
GC17689, and GC18564 (unknown gene products ex-
tremely selective for R class) should in our opinion deserve
high priority for further studies.

An interesting example of M1 gene is the p21-activated
kinase 2 (PAK2), a ubiquitously expressed serine/threonine
kinase (Table 3). PAK2 is member of a family of highly
conserved kinases that are activated by interactions with
Rac1 and Cdc42 [13]. Current evidence suggests that PAKs
are involved in regulating some of the diverse actin cy-
toskeleton changes induced by Rac and Cdc42 [14]. Indeed,
controlled changes to the actin cytoskeleton are vital for
almost all cellular processes including motility, adhesion,
cell division, and cell death. It has been reported that Rac1,
one of the activators of PAKs, is required for cell prolifer-
ation and G2/M progression [15], suggesting that the cy-
toskeletal alterations that need to occur before mitosis and
cytokinesis require the participation of Rac proteins. If
PAK2 is mediating the effects of Rac1 on G2/M progres-
sion, it would be clear why the level of expression of this
kinase is not influencing the action of drugs (T, A, D, R) that
induce a cell cycle arrest in G0/G1. On the other hand, the
action of antimitotic (M) drugs that act on the mitotic
spindle in the M phase, such as vinblastine, can be influ-
enced by molecular events that take place at the G2/M
phase. In accordance with an influence of the actin cytoskel-
eton on M drug action, another M1 gene encodes for
profilin-1, a protein that binds to actin and affects the struc-
ture of the cytoskeleton. Although several other alternative
mechanisms, apart from interactions with the actin cytoskel-
eton, could explain the influence of PAK2 and profilin on
sensitivity to M drugs, the results of the present multivariate
statistical analysis suggest carrying out further experimental
work to establish a functional link between these proteins
and M drug action.

The gene transcript with the highest VIP value for R
drugs (Table 3) encodes for the NAD-dependent methylenetet-

rahydrofolate dehydrogenase (MTHFD2), a nuclear-encoded
mitochondrial bifunctional enzyme with methylenetetrahydro-
folate dehydrogenase and methenyltetrahydrofolate cyclo-
hydrolase activities [16]. Its role is to provide formyltetra-
hydrofolate for the synthesis of formylmethionyl transfer
RNA required for the initiation of protein synthesis in mi-
tochondria. It is expressed in transformed or established
mammalian cell linesin vitro but not in most adult tissues
[17]. The gene in quiescent Balb/c 3T3 fibroblasts is in-
duced by mitogens such as serum and phorbol esters and
requiresde novotranscription. The intracellular location of
the enzyme and its regulation of expression are consistent
with its proposed role in mitochondrial biogenesis. The
correlation between the transcription of this enzyme and the
susceptibility to the effects of R drugs might suggest that
mitochondrial transcription may represent an important mo-
lecular target for this class of antitumor agents. Alterna-
tively, an increased mitochondrial biogenesis might be cor-
related with a global increase in cellular RNA synthesis that
would account for the higher sensitivity to the action of R
drugs. Interestingly, another gene transcript influencing R
drug efficacy (GC18781) encodes for a subunit of a pre-
mRNA splicing factor SP2, localized predominantly in the
mitochondrial matrix and putatively involved in nucleus–
mitochondrion interactions.

In conclusion, application of multivariate statistical pro-
cedures such as PCA and PLS allows extensive exploitation
of the enormous amount of information embedded in the
NCI gene expression and antitumour screen databases. In-
terpretation of the statistical results throws light on biolog-
ically relevant problems such as: (a) classification of human
cell lines according to the tissue of origin based on their
gene expression patterns; (b) evaluation of the influence of
gene transcripts measured by cDNA microarrays (including
both well known ones and not fully characterized gene
products) on the sensitivity to drug treatment for classes of
compounds which act by the same mechanism; (c) indica-
tion of possible shortcuts for future molecular studies aimed
at the identification of the main uncharacterized gene ex-
pression targets involved in cancer chemotherapy.

Table 2
Top ten VIP lists for gene expression profiles for models 2–6a

Rank T R D A M

1st GC14400 GC15528 GC10461 GC10461 GC11379
2nd GC17167 GC10461 GC11800 GC11800 GC13124
3rd GC14538 GC18781 GC16502 GC18530 GC14113
4th GC16345 GC17402 GC19391 GC16468 GC18981
5th GC16468 GC11121 GC12935 GC10079 GC11486
6th GC12274 GC15605 GC13261 GC13617 GC10442
7th GC17315 GC18564 GC13399 GC11319 GC17402
8th GC11319 GC14119 GC16251 GC15198 GC10867
9th GC10903 GC17689 GC17472 GC10728 GC10246
10th GC18174 GC13601 GC15354 GC11492 GC15718

a Drug class designation as in Table 1.
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The present results point out the key role of the PLS
multivariate approach in the identification of strategies for
future genome-scale cancer pharmacology studies.
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