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Abstract. Objective: This work explores the mode of action of PB28, MC70 
and MC18 three molecules that showed anti-tumoral properties by arresting cel-
lular growth and inhibiting glycoprotein P. Methods: Here we conduct a mi-
croarray-based study and analyze the expression patterns associated with the  
action of drugs. An ontology based analysis has been conducted, and the indi-
viduated cellular processes have been analyzed with gene networks, examining 
the interactions among genes. A clustering analysis revealed mechanisms 
shared with other drugs. Results: The results indicate that this compounds have 
side effects that include inflammatory response and fever, induced by the inter-
leukin signaling pathway. Other evidences related with known effects of the 
compounds were highlighted. Conclusions: The results indicate that the direct 
effects could be reached at a post-transcriptional level of P-gp or through other 
targets, further studies will address these hypothesis. The prediction of side ef-
fects will be useful in subsequent in vivo experiments. 

1   Introduction 

New therapeutic strategies tend to be target specific for a personalized treatment. 
Therefore, confirmation that a compound inhibits the intended target (drug target 
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validation) and the identification of undesirable secondary effects are the main chal-
lenges in developing new drugs. Comprehensive methods that enable researchers to 
determine which genes or activities are affected by a given drug might improve the 
efficiency of the drug discovery process by quickly identifying potential protein tar-
gets, or by accelerating the identification of compounds likely to be toxic.[3] 

The aim of this study is to determine possible targets of three structurally related 
molecules. The first, PB28, was synthesized as a σ-2 receptor agonist and exhibited 
an anti-tumoral activity; the other two, MC18 and MC70, derived from PB28. PB28 
inhibits cell growth increasing G0-G1 phase cells accumulation and induces caspase-
independent apoptosis. PB28 also reduces P-gp expression in a concentration- and 
time-dependent manner. Human P-gp (MDR1) is an ATP-dependent efflux pump that 
is capable of transporting many drugs across cell membranes. High level expression 
of this protein has been linked to tumor resistance to chemotherapy. Our previous 
studies also showed that other mechanisms may be implied in the effects on cell 
growth [1]. Subsequently new molecules such as MC70 and MC18 have been synthe-
sized in order to improve the inhibitory effect on P-gp. The present paper further 
investigate the possible targets of PB28, MC70 and MC18. A genome-wide investiga-
tion has been conducted on the mechanism of action of PB28, MC70 and MC18, to 
explore all potentially affected pathways. The microarray approach has been demon-
strated to be useful for unveiling genes physiologically or biochemically relevant to 
the drug’s mode of action and genes related to its resistance if they are regulated at 
the transcriptional level. For this study, we adopted the Affymetrix GeneChip® sys-
tem, which provides a reliable data standard for monitoring gene expression, com-
pared with alternative systems [2]. 

2   Materials and Methods  

2.1   Sample Preparation and Microarray Hybridization  

An in vitro model constituted by MCF7 ADR cells, breast cancer cell line resistant to 
adriamycin/doxorubicin (ADR), has been used. The cells were incubated alone or in 
presence of each drugs, according to the following scheme: 
 
 1. MCF7 ADR control 

2. MCF7 ADR + PB28 25nM 2D 
3. MCF7 ADR + MC18 20mM 2D 
4. MCF7 ADR + MC70 20mM 2D 

 

 
RNA was extracted from each sample by the QIAGEN kit and used for microarray 
analysis based on the Affymetrix GeneChip Human Gene 1.0 ST system. This chip 
contains 28.869 genes, each one represented by 26 probes. All the experiments have 
been conducted in triplicate. Expression levels have been normalized by PLIER. 

2.2   Differential Expression Analysis  

Differential expression analysis is necessary for individuating genes that constitute an 
expression pattern of the compound mode of action. Hence the expression of the 
treated cells is compared to that of the control cells. 
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Numerous feature selection methods have been applied to the identification of dif-
ferentially expressed genes in microarray data. These include simple fold change, 
classical t-statistic and moderated t-statistics. Different methods produce gene lists 
that are strikingly different.[4] 

At low numbers of samples it is difficult to report any differences between meth-
ods such as BGA and fold which do not model the variance, and SAM which attempts 
to model the variance. Equally, in data sets with high variance, fold or non-parametric 
methods were more powerful than parametric methods.[5] On the other hand, since 
the number of replicates in many studies is small, variance estimators computed 
solely within genes are not reliable in that very small values can occur just by chance. 
Hence a SAM analysis [17] have been performed, calculating a permutation based 
FDR, and the results have been compared with simple fold-change scores, in order to 
avoid false positives. 

2.3   Ontology-Based Analysis 

Because most biological processes involve the complex interaction and regulation  
of multiple genes, identifying differentially expressed sets of genes has important 
advantages over identifying individual genes. Many genes may individually exhibit 
marginal differential expression but may have a significant combined effect on pheno-
typic outcome [6]. The most common gene set method directly extends single-gene 
approaches by: (1) Ordering the complete list of genes, L, according to their evidence 
for differential expression. (2) Examining the occurrence of a predefined gene set S to 
determine whether it is overrepresented in the top portion of the list, B, relative to the 
complete list L. (3) Computing a P-value usually based on the Fisher’s exact test or its 
large-sample approximation χ2 test. In order to individuate the cellular processes 
affected by the compounds we used the GOMiner [12] Tool and Gene Ontology as 
gene sets database. We considered for the analyses a list of genes with a statistical 
significance: p≤0.001. 

2.4   Gene Network Analysis 

Efforts to define the interactions among genes and their products yielded a large num-
ber of methods to infer gene regulatory network.[8][9] This kind of methods need a 
huge number of time series or steady state data to infer all the interactions. Some 
methods that address the individuation of the directly affected genes, have been applied 
to relatively simple organisms, like in yeast,[7] but not yet to complex mammalian 
cells, as in our case. To perform the network analysis we used the GenMAPP software 
[10][11]. GenMAPP is a free computer application designed to visualize gene expres-
sion and other genomic data on maps representing biological pathways and groupings 
of genes. The maps utilized were the ones obtained from the Gene Ontology database, 
and some other map from the GenMAPP Contributed MAPP archive. 

2.5   Clustering Analysis 

A clustering analysis aimed at finding compounds that act in a similar way to our 
compounds. An ANOVA filtering individuated the genes differentially expressed 
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among a database of gene expression levels obtained from microarray analysis of 
hundreds of compounds, i.e. the Connectivity Map Dataset [15]. The genes survived 
from the integration among different platforms and variance analysis was used as an 
input for a SOM analysis. The aim of a SOM network is to find a mapping from the 
space of dimension equal to the number of components of the data vectors to a one- or 
two-dimensional space. The mapping should preserve "closeness" between data vec-
tors; that is, two data vectors that are close to one another in the original space should 
be mapped to points (codebook vectors) of the new space that are also close to one 
another. For each cluster a prototype was individuated, being the most representative 
compound for that cluster, and a reliability metric was calculated by means of sub-
sampling techniques [18][19][20]. After that clusters are obtained from the analysis of 
the compounds database, the samples data related to the new compounds are showed 
to the net, and the distance metric give us a quantification of the membership of the 
sample to the cluster, and a mode of action closeness as well. These scores are ob-
tained making use of a random-projection based procedure [16]. 

3   Results 

Data coming from the differential expression analysis showed that the three com-
pounds present different expression patterns. Genes with a differential expression 
greater than 80% with respect to gene expression in the controls can be considered 
differentially expressed. MC18 and MC70 share more similar expression patterns, for 
the differential expression intensity and for the resulting genes as well. The genes 
individuated for PB28 principally are chemokine (CCL20) and interleukin (IL1A), 
both involved in the inflammatory response of the cell; while RNU5E is a gene that 
may have a role in the alternative splicing of P-gp [14]. MC18 also counts many 
genes involved in the immune response, like CCL20, CXCL1, C3, IL1A, SERPINA1, 
IL1B, IFIT2, CFB; TNFAIP3, tumor necrosis factor, alpha-induced protein 3, is a 
gene that take part of the I-kappaB_kinase/NF-kappaB_cascade activation. PLAU is a 
gene activated from cell stress. PI3 (peptidase inhibitor 3) is up-regulated by 'alarm 
signals' such as bacterial lipopolysaccharides, and cytokines such as interleukin-1 and 
tumor necrosis factor [13]. MC70 shared many genes with MC18, but included some 
gene over-expressed in PB28 (Table 1) where all the values have an understood posi-
tive sign. The genes that can be considered over-expressed (expression greater than 
80% of the controls) are bolded in the list. 

Many GO terms underlined from the Gene Ontology based analysis, like transcrip-
tion and regulation of metabolism in the PB28, are highlighted because they are the 
terms connecting a specific term (fever) to the root. Therefore an interpretation proc-
ess, exploring the Gene Ontology tree (Fig 1) is needed. This interpretation lead to the 
elimination of non relevant results; in this case the only surviving elements will re-
main  fever/heat generation. With this kind of interpretation, the relevant modulated 
processes are: fever for PB28, inflammatory response, apoptosis, nucleosome assem-
bly and substrate-bound migration for MC18 and inflammatory response, chemotaxis, 
apoptosis, vasculature development for MC70. For this kind of analysis genes with a  
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Table 1. Gene expression patterns of the three compounds coming from the differential expres-
sion analysis. Fold change values are reported.  

PB28 MC18 MC70 

 
RNU5E 2.0222 C3 4.0719 PI3 3.1993 
CCL20 1.9639 PI3 2.5157 SERPINB2 2.7564 
ZNF204 1.8905 IL1A 2.3215 CCL20 2.6144 
SNORA62 1.6698 BIRC3 2.2196 IL13RA2 2.4256 
hCG_2042718 1.6386 SERPINA1 2.2142 LAMB3 2.3354 
ANAPC10 1.6225 PLAU 2.0496 TNFAIP3 2.2345 
SNORD45A 1.6093 TNFAIP3 2.0477 IL1B 2.2116 
ATRX 1.607 AHNAK2 2.0347 EGR1 2.1702 
SNORD25 1.5616 TPCN1 2.0177 NAV3 2.1605 
KIAA1641 1.5538 CCL20 1.9805 ESM1 2.126 
CEP170 1.5478 ZNF114 1.8712 C3 2.1152 
LOC162632 1.5456 IL1B 1.8517 LAMC2 2.1074 
EGR1 1.5349 CFB 1.8447 RNU5E 2.049 
KIAA1641 1.5349 CFB 1.7916 CXCL1 2.0072 
DHFR 1.5315 HSPG2 1.7773 IL1A 1.9769 
PWCR1 1.5287 IFIT2 1.7601 FLNC 1.8816 
IL1A  1.5166 CA8 1.7527 LOX 1.8695 
ZNF43 1.5146 CFB 1.7503 AREG 1.8247 
NBR1 1.499 ZNF204 1.7354 IL8 1.7691 
SUCLG2  1.4964 LAMC2 1.734 ANTXR2 1.7572 

�

Fig. 1. Fever is connected to the root of the tree through the highlighted terms, hence they come 
out in the results. In a similar way results for the other compounds can be explained. 

differential expression of at least 50% have been used. A further analysis was  
conducted counting the number of genes from the list of genes differentially ex-
pressed >50% present in each pathway from BioCarta. Interleukine, cytokine, NFkB 
and inflammatory pathways resulted to be preponderant. From the gene network 
analysis of the three compounds using all the gene expression values, TNF-NFkB and 
Interleukine-1 pathways have been found the only modulated. After filtering genes for 
platform integration and differential expression, several sample of well known com-
pounds were clustered by the SOM network.  
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Table 2. Results of the cluster analysis suggest that the three compounds have MOA similari-
ties with Tretinoin and Estradiol 

  
Bari 
Compounds           

Clusters MC18 MC70 PB8 Prototypes Entropy Cluster Reliability % 
1 0.25333 0.25333 0.248   0.9576 30.0089 
5 0.104348 0.10435 0.102609   0.9575 25.0132 
8 0.046364 0.04636 0.058182 Valproic Acid 0.955 20.9587 

11 0.146667 0.14667 0.10667 Metformin 0.9881 30.3333 
12 0.3232 0.3232 0.3408 Estradiol 0.9741 27.3254 
13 0.176 0.176 0.136 Tretinoin 0 68.48 
14 0.017778 0.01778 0.017778   0.9167 35.9506 
15 0.136 0.136 0.136   1 31.36 
17 0.08 0.08 0.08   1 16 
18 0.002 0.002 0.012   0.9686 32.42 
20 0.01 0.01 0.01   0.9788 24.9444 

For each cluster a prototype has been individuated. Our compounds have been 
clustered within the clusters having the Tretinoin and the Estradiol as prototypes (Ta-
ble 2), since they exhibit the best trade-off between pertinence of the new compounds 
to the cluster versus cluster reliability. In Table 4 the Entropy of a cluster tell us how 
much its composition, in terms of compounds, is heterogeneous.  The column 2,3 and 
4 contain the membership  quantification of the compounds respect to a cluster. 

4   Discussion 

The expression patterns from the three compounds count many genes involved in the 
inflammatory response, and others like RNU5E that leaves open questions. Genes 
regulating cell growth were found and nothing let us think at a transcriptional modula-
tion of P-gp leading to suppose that MDR1 is modified at a post-transcriptional level. 
Looking at a possible list of genes interacting with MDR1 from the Gene Sorter tool 
of the UCSC Genome Bioinformatics Site, that shows expression, homology and 
other information on groups of genes that can be interrelated, we did not find any 
gene present in the compounds expression pattern. The different methods used for the 
differential expression analysis lead to quite identical results. Both indicate an effect 
of the compounds on inflammatory pathway, and open new questions about the direct 
target. An in-depth analysis revealed that the cellular processes like cell 
death/apoptosis, chemotaxis, vasculature development, emerged from the Gene On-
tology analysis for MC18 and MC70 because these gene sets contain overlapping 
genes with the inflammatory response process, which is confirmed by the gene net-
work analysis. In fact, the pathways of TNF_NFkB and the Interleukine signaling 
pathway resulted to be modulated in their wholeness. Nucleosome assembly and sub-
strate-bound migration are probably due to noise in the data, as a matter of fact these 
terms contains few genes poorly modulated. The fever/heat generation processes 
resulting for PB28, consist in the interleukine genes, hence correspond to the inflam-
matory response. This interpretation of the Gene Ontology analysis lead to consider 
the inflammatory response as the only candidated process to be modulated at a tran-
criptional level for the three compounds.These results are confirmed by the SOM 
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analysis. Tretinoin is used to treat at least one form of cancer (acute promyelocytic 
leukemia (APML), usually together with other drugs, by causing the immature blood 
cells to differentiate (i.e. mature) and die. There is a unique complication of retinoic 
acid syndrome in patients with acute promyelocytic leukemia. This is associated with 
the development of dyspnea, fever, weight gain, peripheral edema and is treated with 
dexamethasone. The side effect of fever correspond to the characteristics emerged 
from the other analysis. Estradiol (17β-estradiol) (also oestradiol) is a sex hormone. 
Mislabeled the "female" hormone, it is also present in males; it represents the major 
estrogen in humans. Estrogen affects certain blood vessels. Improvement in arterial 
blood flow has been demonstrated in coronary arteries. This is interesting if compared 
with some modulated processes in MC70, which includes vasculature development. 
In definitive the results from the different methods seem to validate each other, pre-
dicting a possible side effect of the compounds, but not revealing us a clear mecha-
nism of action. 

5   Conclusions 

The different methods used in this work lead to agreeing results and open new investi-
gation perspectives, opening insights from different points of view. The differential 
expression analysis are intended to find the principal affected genes, the ontology 
analysis individuated the cell processes affected through the mediation of the direct 
targets, the gene network analysis aim to elucidate the interaction between genes, and 
the SOM analysis gives interesting suggestion about similar compounds. It is evident 
the effect of all the studied compounds on the immune system of the cell, that was 
interpreted as a side effect, while further possible targets need a more accurate analy-
sis. All the results presented will be molecularly validated through a RT-PCR analysis. 
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