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Abstract There are many approaches to discovering significant pathways in expression profiling.
Our objective is to develop a robust approach to capturing differentially expressed pathways in dis-
ease expression profiling using pathways that have a transcription factor(TF). After collecting TF
target gene, the TF target gene activity information in pathway and the pathway activity information
are calculated using a t test. The p values from two analyses are integrated by the Chi-square inverse
method. We evaluated our method using two cancer microarray data sets and comparing our results
with those from two other pathway analysis methods. Our approach finds differentially expressed
pathways that are directly associated with essential thrombocythemia, as well as general pathways
that reflect cancer type-nonspecific traits and cancer type-specific pathways in breast cancer data.
To test the robustness of our approach, we analyzed two lung data sets. Our approach also pro-
vides consistent and biologically reliable results. This study shows that it is better to find significant
pathways in expression profiling where the TF target information is integrated within the pathway
activity information. Our proposed approach is robust, and can also find cancer type-specific differ-
entially expressed pathways.

1 Introduction

Translation of Genome-wide expression into biological meaningful data is still chal-
lenging. Much of the initial works have concentrated on the identification of differentially
expressed genes and verification of their statistical significance in experiments. However,
in most cases, biological insights can’t be extracted from the identified differentially ex-
pressed genes because the interpretation of a lot of statistically significant genes is daunt-
ing job. To deal with this problem, recent efforts have interpreted microarray data by using
prior knowledge such as ontologies and pathways. These researches aim at discovering
biological pathways using genome-wide expression data.

Our approach considers the expression value of transcription factor (TF) targets for
each pathway. Even though the use of the expression value of TF targets can be ambigu-
ous, these expression values are strong signals directly measured from microarray, and
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Figure 1: Outline of the methodology. Our approach finds differentially activated path-
ways by integrating the TF target genes expression information and the pathway genes
expression information. Meta-analysis is applied to combine the p values from two dif-
ferent resources.

these values have correlations with irrespective pathway behaviors [S]. Therefore, the
proposed method incorporates the pathway activity and the TF target activity information
for each pathway (See Fig. 1). In terms of the pathway activity, we obtain the p value by
Tian’s method[3]. To obtain the TF target activity information, firstly we collect the TF
list [6]. Among MsigDB pathways [7], we select canonical pathways having a TF. After
that, we collect TF target genes from TRANSFAC database 11.0[8] and BZIP database
[9]. Then we use the average of the TF target genes of t score for each TF. Lastly we
compute the p value for each pathway from the null distribution constructed by permu-
tation. The p value from both analyses is integrated through Chi-square inverse method
[10]. This new proposed approach can find cancer type-specific perturbed pathways com-
pared to GSEA and Tian’s method. The advantages of the method are demonstrated by
the cancer microarray data from essential thrombo-cythemia [11], breast cancer [12] and
lung cancer [13,14].



Identifying Differentially Activated Pathways 367

2 Methods
2.1 Pathway and TF target information

Firstly we collected Human Transcription factor (TF) list (Messina et al,2004) In
MsigDB, canonical pathway gene sets (c2.cp.v2.5.symbols.gmt) were used to select path-
ways which has at least one human TF in the list. Once we chosen 242 pathways, we
collected TF target genes in TRANSFAC and BZIP database. Repressed targets by TF
weren’t considered, because repressed target information was limited compare to acti-
vated target information. Only activated targets by TF were considered in this analysis.

2.2 Data sets

[1] The essential thrombocyethemia data set [11] consists of samples from 16 pa-
tients, 9 of 16 have JAK2 V617F mutation and 7 of 16 patients do not have JAK2V617F
mutation.

[2] The breast cancer data set [12] consists of samples from 286 patients, 209 of 286
patients are ER positive and 77 of 286 patients are ER negative.

[3] The Michigan group lung data set [13] consists of samples from 86 patients, 24
of 86 patients have poor outcome and 62 of 86 patients have good outcome. The Boston
group lung data set [14] consists of samples from 62 patients, half of patients have poor
outcome and the rest half of patients have good outcome.

2.3 p value

-The p value of pathway activities

Tian’s method was used to infer pathway activities. Test statics for kth gene set can
be written as T

Where my, is the number of genes in the kth gene set and ¢; is the t score of each
gene in the kth gene set. The null distribution of (73,....,7x) can be approximated by the
empirical distribution of (77",...,T¢), where

¢t/ is permuted #. p value is calculated after 1000 permutations of #. Although Tian
proposed normalized statistics N7y, we used the p value of Tx(Not normalized) in this

analysis.
-The p value of TF target activities

We use t test to detect location differences between two distributions. The test static
for T Fj, can be written as
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M, represents the number of downstream targets of TF; and ¢; represents the t score
of downstream target. After calculating each TF,

1 v
PTF; = — TF;
N ,;1

PTFj , the TF target activities of jth pathway, can be obtained by averaging TF in
each pathway. jyrepresents the number of TFs in jth pathway. For example, JAK2/STATS
pathway has STATS and STAT3 TF. Firstly, the t value of STATS TF targets are added and
divided by the number of STATS target genes. The same procedure is done with STAT3.
Next, PT Fjak2/starscan be obtained by averaging the two 7'F; . The p value is calculated
through 1000 permutations of #;.

2.4 Meta analysis

In order to combine the two p values from different sources, Meta analysis that is a
set of classical statistical techniques to combine results from several studies was applied.
Fisher’s inverse Chi-square method is one of the meta analysis methods, and can be used
to pool p values into a global p value. It consists in computing a combined statistic S from
the different p values and

S=—-2logP, —---—2logh

using this statistic for testing against a null hypothesis of a Chi-square distribution. The
theoretical distribution of the summary statistic S under the null hypothesis is NX%k.

In microarray, TF target activities are more directly measurable than other genes or
proteins. Because of this fact, we gave weight(W) on the p value from TF target activities.

S=W(-2logP)+ (—2logh,)

Py is the p value from TF target activities and P, is the p value from pathway activities.
Weight is given 2 on ET, Lung data and 3 on breast data. How to determine good weights
given the data remains undecided at present.

3 Results

We have used this pathway analysis approach for several data sets. We evaluated our
method with respect to showing valid results by comparing it to GSEA and Tian’s method,
using two cancer microarray data sets[10,11]. To test the roubustness of our method, we
also analyzed data from two studies of lung cancer reported by the Boston group and
Michigan group.

3.1 Myeloproliferative disorders — essential thrombocythemia(ET)

Myeloproliferative disorders (MPD) including polycythemia vera (PV), essential
thrombocythe-mia (ET), and primary myelofibrosis (PMF) are characterized by a clonal
expansions of a multipotent haematopoietic progenitor cell. ET is characterized of in-
creasing bone marrow megakaryocytes, and persistent thrombocytosis[10]. Even though
the existence of the JAK2V617F mutation has been reported in a high proportion of MPD
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patients [15], only the 50% of the ET patients have this mutation. Regarding JAK2V617F
positive ET patients, the constitutive kinase activity of JAK2V617F causes cytokine in-
dependent activation of JAK/STAT pathway, whereas JAK2V617F negative ET patients
do not have activated JAK/STAT pathway [10]. Figure 2 shows a comparison among
the GSEA, Tian’s method and our approach. The most significant pathway in GSEA
and Tian’s method is G2ZPATHWAY. Other significant pathways including G2ZPATHWAY
found by GSEA and Tian’s method are cancer type-nonspecific pathways. These results
do not give differentially expressed pathways linked to ET.

In contrast, our approach finds several other significant pathways that are directly
associated ET. All pathways are directly associated with JAK2V617F mutation. For
example, interleukin pathway families need JAK2 for signal transduction and as does
the TPOPATHWAY, which is closely related with the production and differentiation of
megakaryocytes[16]. GHPATHWAY describes the process by which growth hormone re-
ceptors dimerize on ligand binding and activate JAK2 protein kinase. In addition, Gleevec
is effective in the treatment of essential thrombocythemia.

A. Enriched in ET patients with JAK2 mutation

Pathway name P-value Type
GZPATHWAY 0.0067 M
HSA04110_CELL CYCLE 00311 M
HYFERTROPHY_MODEL 0.0363 N
CELL CYCLE_KEGG 0.0448 N
B. ET patients with JAKZ mutation ¥5§ without JAKZ mutation
Pathway name P-value Type
GZPATHWAY 00211 N
PLK3PATHWAY 0.0488 N

P-value is < 005 according to MTK(Only upregulated pathway)
C. ET patients with JAKZ mutation ¥5§ without JAKZ mutation

Pathway name P-value Type

IL22BPPATHWWAY 0.0027 )
TPOPATHWAY 0.0037 )
IL3PATHWAY 0.0116 )
HSAD4B30_JAK_STAT_SIGMALING_PATHWWA™Y 00157 b
ILLOPATHWAY 00202 )
BIOPEPTIDESPAT HWAY 0.0249 3
GHPATHWAY 00333 3
GLEEWE CPATHWAY 00387 S
IL7PATHWAY 0.0395 S
ILZRBPATHWAY 0.0455 S

Figure 2: A comparison between the results of GSEA (A) Tian’s method (B) and our
approach (C) for a set of genes associated with ET patients with JAK2 V617F mutation
(p value < 0.05). The pathways marked by yellow (Type — N) represent cancer type-
nonspecific pathways and the pathways marked by green (Type — S) show cancer type-
specific pathways that is related with ET patients with JAK2 V617F mutation. Only our
approach finds differentially expressed pathways that are related with essential thrombo-
cythemia.
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3.2 Breast cancer

Breast cancer patients who have estrogen receptors are said to be ‘estrogen receptor
positive’, while those breast cancer patients who do not possess estrogen receptors are
referred to as ‘estrogen receptor negative’. These two types of breast cancer have different
altered pathways and different treatment medications. Breast cancer patients who are
estrogen receptor positive have cancer cell growth that is under the control of estrogen.
However, it is said that estrogen receptor negative patients have different engines.

A Enriched in ER positive patients

Pathway name P value Type
0.003802 X
0.021739 5
0025243 X
X
B

CARM_ERPATHWAY

0.027132
0.027778

BREAST_CAMCER_ESTROGEN_SIGNALING
B. ER positive V5 ER. negative
Pathway name

RMA_TRANSCRIFTICN_REACT CME

P value
0.0325 M

0.0345 X
0.0491 X
P-value is < 0.05 according to MTK{Only upregulated pathway)
. ER positive VS ER negative
Pathway name P value Type
CARMIFATHWAY 0.004409 5
WOBESITYPATHWAY 0.004705 5
0.011983 S
RBPATHWAY 0.014601 N
NUCLEAR_RECEFTCRS 0.019436 5
ATRBRCAPATHWAY 0.018622 5
PLK3PATHWAY 0.018739 N

Figure 3: A comparison between the results of GSEA (A), Tian’s method (B) and our ap-
proach (C) for a set of genes associated with breast cancer patients with estrogen receptor
positive (p value < 0.05). The pathways marked by yellow (Type — N) represent cancer-
type nonspecific pathways and the pathways marked by green (Type — S) show cancer
type-specific differentially expressed pathways that are related with estrogen positive re-
ceptor breast cancer patients. Lastly the pathways marked by red (Type — X) do not have
relationship with this disorder. Our approach finds more general cancer related pathways
and differentially expressed pathways associated estrogen receptor positive breast cancer
compared to two other methods.

We divided breast cancer data into estrogen receptor positive data and estrogen recep-
tor negative data[12]. Figure 3 shows a comparison of differentially expressed pathways
of estrogen receptor positive patients among the GSEA, Tian’s method and our approach.
GSEA can find not only cancer type-nonspecific pathways but also pathways closely asso-
ciated with estrogen positive receptor breast cancer. CARM_ERPATHWAY predicted by
GSEA describes the process whereby methyltransferase CARM1 methylates CBP and co-
activates an estrogen receptor via Gripl. This pathway has a relationship with an estrogen
receptor and BREAST_CANCER _ESTROGEN_SIGNALING that is directly related to
this experiment. Tian’s method finds only one cancer type-nonspecific pathway. The other
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two pathways predicted by Tian’s method seem not to have any relationship with breast
cancer. On the other hand, our approach can detect both cancer type-nonspecific pathways
and breast cancer related pathways. CARMI is known to regulate estrogen-stimulated
breast cancer growth[18]. NUCLEAR_RECEPTORS includes an estrogen receptor and
ATRBRCAPATHWAY describes the phenomena connected with BRCA1 and BRCA2.
Even though our approach finds one breast cancer unrelated pathway, it finds two cancer
type-nonspecific pathways and four closely related pathways in the breast cancer estrogen
receptor positive data.

3.3 Lung cancer

To test the robustness of our approach, we reanalyzed the lung cancer data that had
been previously analyzed by GSEA. The aim of our approach, like that of GSEA, is not
only to find differentially expressed tumor specific pathways but also to provide more con-
sistent results than are obtained with single-gene analysis. GSEA reanalyzed data from
two studies of lung cancer from the Boston group and the Michigan group. Even though
GSEA found overlapping pathways in the two data sets, the results by GSEA were cancer
type-nonspecific pathways, including cell cycle-related sets and p53 related sets. Figure
4 shows a comparison of commonly predicted differentially expressed pathways in both
data sets among GSEA, Tian’s method and our approach. GSEA only finds cancer type-
nonspecific pathways and also pathways unrelated to lung cancer unrelated (pathways
associated with breast and bladder cancer). Tian’s method is more robust than GSEA.
Even though it finds two pathways unrelated to lung cancer, it does uncover general can-
cer related pathways and lung cancer related pathways. Our approach also provides robust
results, because it captures two angiogenesis related pathways in lung cancer. It is known
that HIF-1o overexpression is a common event in lung cancer which may be related to
the up-regulation of the angiogenic factor VEGF[19]. Our approach finds cancer type-
nonspecific pathways as well.

4 Conclusion

This study shows that it is better to find significant pathways in expression profiling
where the TF target information is integrated within the pathway activity information.
Our proposed approach is able to find cancer type-specific differentially expressed path-
ways in the essential thrombocythemia data, whereas the other two methods cannot. In
the breast cancer data set, our approach discovers more cancer type-nonspecific pathways
and cancer type-specific pathways associated with breast cancer (estrogen receptor posi-
tive). Our approach also provides robust results with the lung cancer data sets. Mediating
weight, adding more pathway sets and integrating with other pathway level analysis meth-
ods would uncover additional significantly differentially expressed pathways in a disease
expression profile.
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A Enriched in poor outcome

Pathway name Type
HSA04110 CELL CYCLE
HSA04115_P53_SIGNALING_PATHWAY

=

B. poor outcome VS good outcome

Pathway name

PS3HYPOXTAPATHWAY

HSA04110_CELL CYCLE

HSA04115 P53_SIGMNALING PATHWAY
HSA04510 FOCAL ADHESION
WVEGFPATHWAY

P-value is < 0.05 according to NTK(Only upregulated pathway)
C. poor outcome VS good outcome

Pathway name

| Z 2| = | =2

PS3HYP O APATHWAY

WEGFPATHWAY
HIF PATHW.AY
HSAD4110_CELL CYCLE

Zlvlv|=|=

Figure 4: Overlapping pathways in two studies (p value < 0.05). A comparison is shown
between the overlapping results of GSEA (A), Tian’s method (B) and our approach (C)
for a set of genes associated with the poor outcome of lung cancer in the Michigan and
Boson data sets. The pathways marked by yellow (Type — N) represent cancer type-
nonspecific pathways and the pathways marked by green (Type — S) show cancer type-
specific differentially expressed pathways that are related with the poor outcome of lung
cancer. Lastly the pathways marked by red (Type — X) do not have relationship with this
disorder. Our approach provides consistent results with respect to cancer type-nonspecific
pathways and pathways related to the poor outcome of lung cancer.
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