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The chemical genetics approach that
utilizes small molecules to modulate
biological pathways plays a central role
in the field of drug discovery and devel-
opment. However, owing to the com-
plexity of biological systems, determi-
nation of the biological activity of each
molecule and identification of targets
require a number of tedious experi-
ments. This issue has motivated the
development of methods for high-
throughput analysis of the activity of
small molecules. Looking back over a
decade of research, our understanding
about the function of small molecules
with relation to disease and gene ex-
pression has improved vastly. Recently,
a new promising “connectivity map”
approach in the small-molecule profil-
ing method was reported by Golub and
co-workers.'*! Among the approaches
tried so far, the connectivity map dem-
onstrates the most powerful potential to
aid our understanding of drug-drug,
drug-gene, and drug—disease relation-
ships.

Before the development of the con-
nectivity map, the US National Cancer
Institute (NCI) 60 drug screen (NCI60)
was the most extensive platform for
systematic studies of the activity of small
molecules. Since its development in the
late 1980s, a diverse range of synthetic
small molecules and natural products
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were screened in a variety of cancer cell
lines, and those data were used to
extract valid information for the mode
of action of the tested compound.*”! In
the NCI approach, patterns of activity
for small molecules were generated by
measuring cytotoxicity levels in 60 dif-
ferent cancer cell lines and were ana-
lyzed by heat maps (correlation coeffi-
cient maps) and hierarchical cluster-
ing.! However, analysis of molecular
profiles using GIS0 patterns in NCI60
has an implicit limitation as the pattern
is based on only one final phenotypic
response in the cellular system. Overall
patterns may have coordinated finger-
prints for each compound, but these are
not directly connected to the biological
pathway.

In 2000, Hughes et al. reported the
compendium approach, which uses
gene-expression signatures for profiling
instead of cytotoxicity in cells.”) The
authors suggested that within the whole
gene-expression profile lies a cellular
state’s compendium, and they proved
the concept of this approach at least in
yeast. Encouraged by these former
studies, Golub and co-workers devel-
oped a more robust system, the so-called
connectivity map, which involves analy-
sis of the gene-expression signature of
small molecules in mammalian cells by
utilizing a novel data analysis method.™

The technical part of this connectiv-
ity map system is simple. The authors
collected 164 distinct small molecules.
Each of these molecules was incubated
for 6h at a suitable concentration
(mostly 10 pm) in mammalian cells
(mainly MCF7 breast cancer cells).
Compared with each vehicle and treat-
ment gene-expression pattern, the ac-
tivity of each compound was represent-

© 2007 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim

ed by the rank-ordered list of 22283
genes. Once the reference database
collection was completed (453 individu-
al examples), the authors input a query
to calculate the connectivity score. The
query signature and the relationships of
the activities of the reference small
molecules were presented by a bar view
image, which is a rank-ordered list of
reference compounds sorted by connec-

tivity score (Figure 1).

The connectivity map has five ap-
parent merits:

1) It uses the gene-expression signature
as a profiling probe. This has several
benefits compared to the NCI meth-
od. The mRNA-expression level is
directly related to the biological
pathway, and the gene-expression
profile itself can be used for func-
tional gene studies. Despite these
benefits, gene-expression profiling
data are not easy to handle owing
to the difficulties of massive data
analysis.”

2) The pattern analysis involves non-
parametric, Kolmogorov—Smirnov
statistical rank-based pattern match-
ing. The major difference between
the conventional hierarchical meth-
od and the new method (gene set
enrichment analysis, GSEAL)) is that
the former uses the fold change
values in the analysis, while the latter
utilizes the rank in the gene list. Most
conventional methods for microar-
ray data pattern analysis focus on
genes that display dramatic fold
changes, and the fold change values
are directly used for pattern recog-
nition.""? The fold change values may
vary in each experiment, so the
clustering results suffer from exper-
imental deviation. By using a rank-
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Figure 1. Representation of the connectivity map query process (modified slightly from the
original figure!™). A query signature can be generated not only from microarray experiments
(query 1) but also from published gene-regulation pattern information (query 2).

ing system instead of the absolute
fold change, the noise induced by
differences in experimental condi-
tions is dramatically reduced in the
connectivity map, which allows com-
parison of data sets from different
experimental sets. Moreover, there is
no standard way of estimating the
significant decision line in hierarch-
ical methods. For example, in a
hierarchical clustering heat map, it
is hard to say where the borderline
for positive correlation lies. In con-
trast, the connectivity map always
gives a connectivity score. The sign
of the connectivity score represents
whether two signatures have positive
or negative correlations (null means
no correlation).

3) A query to the connectivity map
database is independent of the ex-
perimental platform. A query signa-
ture needs only two gene set lists
(up-regulated gene set and down-
regulated gene set). The results from
not only microarray experiments but
also wet biological experiments can
make a query.

4) This methodology can form a broad
range of connections among small
molecules, genes, and diseases in
terms of gene-expression profiles.
This is a significant conceptual ex-
tension from NCI analysis, which
allows only a comparison of com-
pounds.

5) Finally, all of these reference data
and analysis techniques are accessi-
ble through the internet (http:/
www.broad.mit.edu/cmap/). While
this latter point is more about the
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authors’ policy rather than the tech-
nology itself, the generality of the
connectivity map, which embraces
many different experimental for-
mats, and interactive open resources
are important merits from a practical
point of view.

The authors evaluated the perfor-
mance of the connectivity map by asking
two questions: 1) Can the connectivity
map properly predict small-molecule
activity? 2) Can this model system find
connection between disease and small
molecules?

Regarding the first question, their
primary data set showed high correla-
tion among three known histone deace-
tylase (HDAC) inhibitors and also a
correlation between estrogen receptor
(ER) agonists and antagonists. These
results indicate that the gene-expression
signature can be an outstanding probe
for profiling molecular activity. How-
ever, for the broad range of potential
users, there are still many other factors
to consider. As the authors mentioned in
their report, the incubation time, assay
cell type, and drug dose concentrations
can significantly affect the gene-expres-
sion signature. Specifically, several dif-
ferent cell types have different contents
of protein expression. Although the
signatures of HDAC inhibitors from five
different cell lines have a high connec-
tivity score, in some cases, different cell
line conditions do affect the molecular
activity profile, as shown in the case of
the ER ligand signature in PC3 and
HL60 cells, which do not express ER.I!
The authors pointed out that the con-
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nectivity score for estradiol (an ER
agonist) in ER-expression-free cell lines
showed the need for an expanded refer-
ence data set.

Issues of drug dosage and incubation
time are also complicated. Chemically
induced changes in intercellular signal
pathways are dynamic phenomena. Mi-
croarray-based studies on drug dose and
incubation time indicated that one small
molecule can have different gene-ex-
pression signatures depending on incu-
bation time and dose.''?l Therefore,
more efforts are required to optimize
the conditions for a universal signature
(Table 1).

To answer the second question, it
was noted that one unique feature of the
connectivity map is the open query
system. The authors tried to collect
genetic study data from known diseases
and generated query signatures to dis-
ease models such as diet-induced obe-
sity and Alzheimer’s disease (AD). AD
queries from two independent sources
gave statistically significant negative
connectivity with 4,5-dianilinophthali-
mide (DAPH) treatment. In an inde-
pendent study, DAPH was reported as
an agent that specifically decreases the
p-sheet content of aggregating AB1-42
peptides in vitro.'®! Golub and co-work-
ers’ result supports the fact that DAPH
could be a novel lead compound for
drugs for the treatment of AD. Further
practical applications of the connectivity
map led also to the identification of a
novel class of heat-shock-protein90
(HSP90) pathway modulators (gedunin
and celastrol)”? and the drug-resistance
action of rapamycin in acute lympho-
blastic leukaemia.”! These examples
show how the connectivity map can
facilitate the prediction of targets in
chemical genetics by using the gene-
expression signature.

The contemporary versions of the
connectivity map’s query signature do
not request any special “form”, such as a
minimum number of tags, and thus
allows full flexibility for diverse purpos-
es. Individual research groups can de-
velop their own application method
using the given database. In addition,
the connectivity map is not limited by
experimental platform and all databases
are freely accessible to the public. How-
ever, to increase the signature and
profiling database of small molecules,
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Table 1: Comparison of the NCI60 method and the connectivity map.

Features

NCI60 method

Conventional gene-expression profile

Connectivity map

Expected result

Analysis parameter

Query source

Analysis method

Advantage

Disadvantage

cytotoxicity

extensive reference
data accumulated

limited information

hierarchical analysis

comparison of compounds

GI50 data from 60 cancer cells

comparison of compounds,

identification of signaling pathway

various gene arrays

hierarchical analysis

information-rich

batch-to-batch variation
(high noise)

fold change in gene expression

identification of drug—gene-disease
connection and signaling pathway

22283-gene expression profile
(Affymatrix array)

pair of gene lists (up and down)
from various formats

nonparametric, rank-based
statistical analysis

low noise

more validation required

highly collaborative efforts from the
community will be necessary. Challeng-
es that remain include the collection of
extensive drug-screening data and the
determination of dose/time dependency
and cell-type specificity. Once establish-
ed and popularized, the connectivity
map will provide a universal language
to better understand the activity of small
molecules in the context of genomic.
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