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1. Introduction
A main challenge of personalized medicine is to identify the individuating features of a patient and specify the way in which they can be used to determine
an optimal treatment. Molecular profiling holds major promise to this end. Indeed, NIH Director Francis Collins suggests that the development of targeted
therapeutics based on a molecular understanding of disease may be the “most
profound consequence of the genome revolution” (Collins, 2010). Unfortunately,
the information available in high-throughput genetic screens has yet to be fully
utilized in routine patient care.
To date, the development of molecular based signatures to guide treatment is
certainly notable with a number of high-throughput expression based assays now
in clinical use for predicting recurrence of breast (Mook et al., 2007; Sparano and
Paik, 2008), colon, and prostate cancer, as well as transplant rejection (ClarkLangone et al., 2010; Craver, 2010). Although invaluable in individual cases,
the information provided by these signatures is limited. In particular, a patient
is classified into one of a very few (two or three) groups, limiting the potential
for personalized treatment. Furthermore, although current signatures provide
guidance on whether or not to treat (e.g if recurrence is or is not predicted),
they provide no information on how to treat.
We propose a simple statistical approach to address these limitations. The
approach provides functionally relevant signatures that enable refined patient
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stratification and allow for the identification of patient specific aberrant pathways which may be useful in guiding treatment. In short, the proposed hierarchical framework models a survival related phenotype as attributable to known
genes within known biological pathways. Given genes identified as conferring increased or decreased risk within a pathway, a pathway summary, or “index”, is
then constructed. The indices are used in a second model to identify important
pathways. As we show in Section 3, the patient-specific index scores across important pathways (referred to as patient-specific risk profiles) are powerful and
efficient characterizations useful in addressing a number of questions related to
predicting survival and optimizing treatment.
Recently the variable selection problem with grouped predictors has been
considered by several authors. Yuan and Lin (2006) and Zhao, Rocha and Yu
(2009) introduced methods that penalize the L2 -norm and L∞ -norm, respectively, of coefficients within each group in a linear regression. Ma, Song and
Huang (2007) applied the group lasso penalty to the Cox proportional hazards
model. Based on the boosting technique, Luan and Li (2008) and Wei and Li
(2007), respectively, developed a group additive regression model and a nonparametric pathway-based regression model to identify groups of genomic features
that are related to several clinical phenotypes including the survival outcome.
All these group variable selection methods have a common limitation: they select variables in an “all-in-all-out” fashion. In other words, when one variable
in a group is selected, all other variables in the same group are also selected.
Thus, these methods only conduct “group selection” but do not select important
variables within the identified group. The reality, however, may be that some
genes in a pathway are not related to the phenotype although the pathway as a
whole is involved in the biological process.
In order to achieve sparsity within groups, Huang et al. (2009) imposed a
bridge Lγ -norm penalty on coefficients within each group in linear regression.
Wang et al. (2009) and Zhou and Zhu (2010) independently investigated the
same criterion with γ = 0.5 (when groups overlap) for linear and Cox regression,
respectively. A drawback of these methods is that the objective functions are
no longer convex, which causes numerical problems in practice, especially when
the number of predictors is large (e.g. > 500).
Details of our approach are given in the next section. Most of our analysis
is focused on data from The Cancer Genome Atlas (TCGA) Project. Information on TCGA can be found at (http://cancergenome.nih.gov). Briefly,
TCGA is a comprehensive and coordinated effort designed to improve the understanding and treatment of cancer through an increased understanding of the
molecular basis of the disease gained by analysis and integration of multiple
large-scale measurements of the phenome and genome collected on relatively
large groups of patients. TCGA initially focused on three of the most disproportionately deadly cancers - lung, brain, and ovary. Considering the ovarian
cancer data, Section 3 demonstrates that the proposed approach produces useful
multi-category risk prediction, that are validated in independent datasets, and
also provides functionally relevant information that may significantly impact
ovarian cancer research as well as patient treatment.
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2. Pathway Index Model
We observe survival information (Yi , δi , xi1 , . . . , xip ), for i = 1, . . . , n patients,
where Yi is a complete survival time when δi = 1 and is a right censored time
when δi = 0. An individual’s covariate vector (xi1 , . . . , xip ) contains gene-level
measurements where the number of genes, p, may be of ultra-high order. We will
denote a single gene’s measurements across individuals by the (n × 1) column
vector Xj .
Pathway information. Through outside database information, e.g., KEGG
(Kanehisa et al., 2010) or the Gene Ontology, we define a set of pathways P =
{P1 , . . . , Pm } each of which is a set of genes:
Pk = {j ∶ jth gene is a member of the kth pathway}

(1)

It is expected that some genes are members of multiple pathways. Pathways are
expected to contain order n or fewer genes which reduces estimation problem
into informative and manageable pieces.
Marginal Pathway Index. For each pathway, we fit a lasso-penalized Cox
model (Tibshirani, 1997) using all genes in the pathway. This is a log-linear
model for the hazard in the kth pathway, hk (t, x), where h0k (t) is the baseline
hazard:
(k)

log hk (ti , xi ) = log h0k (ti ) + ∑ xij βj .

(2)

j∈Pk

(k)

The signs of β̂j indicate the risk direction of a gene’s pathway effect. We call
genes whose increased expression is associated with higher risk “susceptibility”
genes and genes whose decreased expression is associated with higher risk “resistance genes.” Accordingly, let X̄kS be the mean expression of all genes with
(k)
positive coefficients (i.e., {i ∶ β̂i > 0}) and X̄kR be the mean expression of all
genes with negative coefficients.
We construct a summary measure of risk in pathway k for each patient i,
by comparing the mean expression of the susceptibility genes to the resistance
genes as follows:
S
R
Zki = X̄ki
− X̄ki
.

(3)

We denote the score for a pathway across all patients as Zk = (Zk1 , . . . , Zkn )′ .
Note that genes with zero coefficients are not selected into the model, and as a
result, do not influence the index value. Furthermore, we note that the Xj are
centered and scaled to have unit standard deviation as is common in penalized
estimation (Tibshirani, 1997).
Both for analysis and interpretability, we find it useful to consider dichotomization at zero which may be interpreted as the average expression of susceptibility
genes outweighing the average expression of the resistance genes. These binary
features are a useful, personalized description of the pathway-level characteristics of disease for each person. In particular, pathway k is said to be “risky” for
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patient i if Zki > 0, that is, the deleterious expression of the susceptibility genes
S
R
outweighs the protective expression of the resistance genes (X̄ki
> X̄ki
).
Joint Prognostic Model. When a single prediction is warranted, we may use
these constructed indexes Zk jointly as features in a final prognostic Cox model.
The Cox model minimizes a partial likelihood (Cox, 1972) with linear predictor
m

η = ∑ Zk αk

(4)

k=1
m

= ∑ αk X̄kS − αk X̄kR

(5)

k=1

Predictions may be made by inputting new data X ∗ , constructing the pathway
scores Zj∗ = X̄k∗S − αk X̄k∗R (using the signs estimated previously) and computing
∗
the predicted relative risk η ∗ = ∑m
k=1 Zk α̂k . Note that non-pathway information
such as clinical predictors may be incorporated easily into the pathway model
by extending η to include non-genetic predictors.
When tuning parameters are required for the pathway models, we use 10-fold
cross validation (Gui and Li, 2005). Different strategies for model fitting will be
described in the following section.
3. Ovarian cancer patient-specific risk profiles (PSRPs)
A pilot arm of The Cancer Genome Atlas (TCGA) collected high-quality, highdimensional, and multi-modal genetic data from women with ovarian cancer
(OV). Using the gene expression feature set, we consider the use of pathway
index models for predicting overall survival after treatment for primary disease.
While a number of expression profiles for survival have been proposed, clinical
markers like the quantity of residual tumor (cytoreduction) remain the most
powerful prognostic markers (Bookman et al., 2009).
As of September 11, 2010 there were 510 samples (all serous cystadenocarcinoma) with aligned survival, clinical and gene expression (Affymetrix HTHGU133a) data in the public set. We consider the subset of these patients
(n = 503) who received adjuvant chemotherapy (combined taxol and platinumbased) following surgery. Confounding the analysis is a high recurrence rate
(283/503, 56.3%); women who recur receive extra rounds of chemotherapy (often of different types). Throughout this article, we adopt a clinically practical
stance and consider overall survival unadjusted for women who experienced recurrences.
We separated the data into the training (n = 234) and test sets (n = 269),
as suggested by the TCGA project, and we make use of two comparable, independent datasets (n = 146) available on the Gene Expression Omnibus. Bild
et al. (2006) (GEO: GSE3149) has n = 134 samples after averaging 8 pairs of
duplicated arrays and dropping 4 identifiers with missing survival information.
Tothill et al. (2008) (GEO: GSE9899) was an Australian observational study
with n = 240 arrays after dropping early stage and low malignant potential
cancers.
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In table 1, we list the 12 core cancer pathways identified by Jones et al.
(2008) by their KEGG names (Kanehisa et al., 2010) and subset the expression
data into 984 genes which belong to these paths. Note that the KEGG database
used four DNA repair pathways and we have included them separately (for 15
total pathways). We used the annotation package hthgu133a.db in R to match
probes to pathways.
3.1. PSRPs predict survival
We subset the data to the 984 genes in the pathways listed in table 1 and fit
our pathway index model to generate patient specific risk profiles (PSRPs). The
number of genes selected for individual pathways varied; the top effects listed are
heavily weighted towards known oncogenes and tumor suppressors. Pathways
which had no genes selected are dropped from further analysis. Overall, 111
genes were selected (92 unique) and 12 pathways remain.
For comparison, we also fit a lasso penalized Cox model (Tibshirani, 1997)
and SIS lasso Cox model (Fan and Song, 2010) to the data using the same set
of 984 genes. These models selected 31 and 36 genes respectively, agreeing on
29 of them. Of these, 22 of the 29 were also found in our pathway model.
Table 1
Selected genes for core cancer pathways identified in Jones et al. (2008).
KEGG Pathway Name
MAPK signaling pathway
Wnt Signaling pathway
TGF-beta signaling pathway
Base excision repair
Jak-STAT signaling pathway
Hedgehog signaling pathway
Non-homologous end-joining
mTOR signaling pathway
Nucleotide Excision Repair
Apoptosis
Cell adhesion
Cell cycle
Notch Signaling pathway
Phosphatidylinositol
Mismatch repair

# Genes Selected
28
20
13
12
8
7
6
6
4
3
2
2
0
0
0

Top 3 genes
DUSP8, MYC, PDGFA
APC, PPP3CA, LEF1
MYC, LTBP1, ROCK1
SMUG1, FEN1, NTHL1
AKT2, MYC, IL2RG
CSNK1G3, GAS1, WNT5B
FEN1, XRCC4, DNTT
AKT2, AKT1, TSC1
DDB1, CETN2, XPA
AKT2, PPP3CA, APAF1
CD6, HLA-DOB
MYC, YWHAB
–
–
–

We compare the prognostic performance of the risk scores predicted by these
models in figure 1. While they were tuned by cross-validation, note that the
extra genes selected by Lasso and SIS Lasso lead to reduced performance. We
show the results for one pathway involved in immune response FC-RI signaling
(KEGG: map04664) which selected 6 genes: AKT1, AKT2, PLCG, RAC1, SYK
and PLA2G2D. Of these, AKT2, RAC1 and PLA2G2D were also selected by
the Lasso and SIS-Lasso models.
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Fig 1. We compare performance of lasso (top row), SIS-Lasso (Middle) and a single pathway
model (bottom) in the TCGA testing portion (left) and independent test data from Tothill
et al. (2008) (center) and Bild et al. (2006) (right).

20

30

40

50

Months to Last Followup

60

1.0
0.8
10

30

40

50

Months to Last Followup

60

30

40

60

30

40

50

60

40

10

60

30

40

60

50

60

1.0
0.6
0.4
10

20

30

40

0.62 (n=73)
0.39 (n=61)

0.0

0.45 (n=121)
0.28 (n=119)
0

Log Rank p=0.0136
5 year Survival

0.2

0.2

Log Rank p=0.000735
5 year Survival

0.0
50

20

Months to Last Followup

0.8

1.0
30

0

Bild et al. (n=134)

0.6
20

50

1.0
20

0.4
10

Months to Last Followup

60

0.6
10

Months to Last Followup

0.8

1.0
0.8
0.6
0.4
0.2
0.0
0

50

0.4
0

Tothill et al. (n=240)

0.37 (n=136)
0.24 (n=133)

40

0.56 (n=70)
0.48 (n=64)

0.0

0.50 (n=113)
0.26 (n=127)

TCGA Test (n=269)

Log Rank p=0.00331
5 year Survival

30

Log Rank p=0.284
5 year Survival

0.2

0.2
50

Months to Last Followup

20

0.8

1.0
0.8
0.4
20

Log Rank p=0.000723
5 year Survival

0.0

0.0

0.34 (n=141)
0.28 (n=128)
10

10

Months to Last Followup
Bild et al. (n=134)

0.6

0.8
0.6
0.4
0.2

Log Rank p=0.79
5 year Survival

0

0

Tothill et al. (n=240)

1.0

TCGA Test (n=269)

SIS−Lasso

20

0.56 (n=70)
0.48 (n=64)

0.0

0.48 (n=113)
0.26 (n=127)
0

Log Rank p=0.174
5 year Survival

0.2

0.2

Log Rank p=0.00049
5 year Survival

0.0

0.0

0.35 (n=135)
0.26 (n=134)
10

0.4

0.6

0.8
0.4

0.6

0.8
0.6

Lasso

0.4
0.2

Log Rank p=0.651
5 year Survival

0

Fc epsilon RI signaling pathway
Index Model

Bild et al. (n=134)

1.0

Tothill et al. (n=240)

1.0

TCGA Test (n=269)

50

Months to Last Followup

60

0

10

20

30

40

Months to Last Followup

Eng, Wang and Kendziorksi/Pathway Index Model

7

Fig 2. We compare performance of the average expression within pathway (top row) and a
lasso penalized Cox model across 12 single pathway models (bottom).
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3.2. Combining PSRPs improves prediction
Considering the core cancer pathways with non-zero models, each patient has 12
pathway-specific risk scores. We consider two ways of aggregating these to form
a single prognostic marker. We use the 12 risk scores Zk as predictors in a lasso
penalized Cox model, the resulting fit is plotted in figure 2. This is similar to a
method described by Rosenwald et al. (2002) who used the average expression
of genes in clusters as a covariate in a multivariate Cox model. To illustrate the
gain from estimating the signs of the effects, we adapt this model and include
it in figure 2.
Recalling that each pathway was called “risky” if the average of the susceptibility genes outweighs the average of the resistance genes, a second method of
aggregation is to simply compare the average of susceptibility signals across all
pathways versus the average of all resistance signals. We define our aggregated
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continuous score to be
1

1

k=1

k=1

( ∑ 2X̄kS ) − ( ∑ 2X̄kR ) .

(6)

For the training data set, the top row of Figure 3 clearly shows a gradient of
risk associated with the number of pathways involved regardless of their type.
Taken further, if we simply count the number of risky pathways, we obtain a
similar characterization of risk (bottom row of Figure 3).
The effects in the validation datasets are more varied but consistent: more
pathways in the risk direction are associated with poorer prognosis and fewer
pathways at risk imply better survival outcomes. It can be shown that the
performance of our predictions in the independent studies is comparable to the
original models trained in these data sets.
These effects are likely due to the non-uniform treatment for recurrences.
A plurality of patients are expected to recur (Bhoola and Hoskins, 2008) after
which the best choice among a number of chemotherapy agents is unclear. That
is, in observational studies, disease management confounds our attempts to find
a clear, singular underlying disease process. Accounting for differential treatment, in particular predicting optimal treatments will be the purview of future
work.
3.3. PSRPs identify clinically meaningful pathway heterogeneity
A useful observation from the count-based model is the likely inadequacy of
two group predictions for this cancer. We binarized the the pathway signatures
into Zk ≥ 0 and Zk < 0 and applied hierarchical clustering. Under a manhattan
metric, there is a natural split into three clusters. The means of these clusters
(table 2) are the joint frequencies of risk direction expression for the 12 pathways.
When compared to the estimated 5-year survival times, we observe that the
two high-risk categories have roughly the same prognosis but have mutually
exclusive sets of pathways. We conjecture that, unlike the previous model, these
two groups reflect two different subtypes with the same prognosis. Taken a bit
further, high risk group A is made up of mostly DNA repair pathways and their
predicate apoptosis pathway while high risk group B is made up of pathways
which signal growth.
4. Discussion
The last decade of genome research has had a profound impact on scientific
progress that, unfortunately, has not been matched by a similar impact on
personalized genomic medicine. A major obstacle is the inability to easily and
comprehensively characterize the genomic features affecting an individual’s specific disease course and likelihood of response to treatment. There are a number of statistical approaches currently available for identifying genes useful for
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Fig 3. Two methods for aggregating risk across pathways are show in each row. Green curves
have fewer pathways at risk, yellow are intermediate and red have many pathways at risk.
The four columns correspond to the training, testing and two independent data sets (left to
right).
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Table 2
Frequencies of risk direction expression by pathway for 3 clusters. Pathways with at least
0.70 frequencies are bolded to emphasize pathway clustering. Note that the two high risk
clusters have similar 5 year survival fractions.
Frequency of Expression
Low Risk
Jak-STAT signaling
0.40
Wnt Signaling
0.30
MAPK signaling
0.27
Cell adhesion
0.52
Cell cycle
0.40
Non-homologous end-joining
0.38
mTOR signaling
0.25
Apoptosis
0.22
Base excision repair
0.26
Nucleotide Excision Repair
0.36
TGF-beta signaling
0.43
Hedgehog signaling
0.47
5 year survival (Kaplan Meier)
TCGA Train
0.56
TCGA Test
0.38
Tothill et al. (2008)
0.48
Bild et al. (2006)
0.67

High Risk A
0.54
0.53
0.62
0.54
0.53
0.81
0.82
0.80
0.76
0.71
0.57
0.56

High Risk B
0.94
0.97
0.88
0.70
0.79
0.24
0.67
0.64
0.64
0.61
0.52
0.39

0.12
0.22
0.29
0.42

0.05
0.26
0.29
0.38

predicting survival related phenotypes, with utility demonstrated in studies of
ovarian cancer similar to the TCGA ovarian cancer case study considered here
(Berchuck et al., 2005; Bild et al., 2006; Crijns et al., 2009; Denkert et al., 2009;
Dressman et al., 2007; Tothill et al., 2008; Yoshihara et al., 2010). While the
utility of these methods for prediction and novel discovery is considerable, it is
often difficult to translate the derived gene lists into guidance on how to treat
an individual patient. Furthermore, gene level approaches sacrifice considerable
power in diseases such as cancer where genetic heterogeneity is proving to be
more the rule than the exception. As noted in Jones et al. (2008) and a number
of subsequent studies, individual tumors often show very little overlap at the
gene level (in particular mutations, for example), but much consensus at the
pathway level.
To address this we have proposed a pathway index model that relies on known
pathways and provides patient-specific risk profiles (PSRPs) which specify the
pathways in a patient conferring increased survival risk. The PSRPs provide for
refined patient stratification that outperforms methods currently used in most
ovarian cancer studies (Bild et al., 2006; Tothill et al., 2008). Perhaps more
importantly, given that the pathways have some known relevance to disease and
oftentimes known response to certain treatments, the PSRPs may prove to be
directly useful in a clinical context. For example, knowing that a patient is at
increased risk for a DNA repair pathway suggests platinum-based chemotherapy
while aberrant mitotic processes suggest a taxane based treatment (Bhoola and
Hoskins, 2008).
Screening important pathways using a marginal model is similar in spirit to
sure independence screening (SIS) (Fan, Feng and Wu, 2010; Fan and Song,
2010), where there is reduced cost to adding a screening step prior to formal
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variable selection when there are few important predictors. Screening, therefore,
brings the dimension of the problem into a feasible range. With the molecular
profiling of twenty more cancers from the TCGA project underway, a number
of applications and extensions are to be expected.
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