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Abstract

Prognostic models are increasingly being used in clinical practice. The benefit of adding variables (e.g., gene
expression measurements) to an original set of variables (e.g., phenotypes) when building prognostic models is
usually measured on a whole set of cases. In practice, however, including additional information only helps build
better models for some subsets of cases. It is important to prioritize who should undergo further testing. We present
a method that can help identify those patients might benefit from additional testing. Our experiments based on
limited breast cancer data indicate that relatively old patients with large tumors and positive lymph nodes constitute
a group for whom prognoses can be more accurate with the addition of gene expression measurements. The same is
not true for some other groups.

Introduction

Traditionally, the prognosis of the cancer has been established by regression models based on clinical and
pathological characteristics of the patient and the tumor. The features in predictive models for breast cancer usually
include tumor size, number of lymph nodes, histological grade, patient age, menopausal status, and hormone
receptor status . These characteristics are included in predictive models such as the Nottingham Prognostic Index
(NPI), Adjuvant!Online, and the guideline from the St. Gallen expert panel >. However, patients with identical
clinical-pathological characteristics have different prognoses. The inability to correctly classify a patient into
prognostic categories may be in part explained by some missing features. Such features could include molecular
signatures associated with cancer prognosis ~.

Two example gene signatures for breast cancer prognosis are the 70-gene signature by Van’t Veer et al. * and the 21-
gene signature by Paik et al.’ The 70-gene signature was shown to have a higher predictive power for identifying
breast cancer patients for adjuvant therapy than the standard system using clinical and histological criteria. The 21-
gene signature produced the recurrence score (RS) to quantify the likelihood of recurrence in tamoxifen-treated
patients with node-negative, estrogen-receptive-positive breast cancer. The RS was predictive of overall survival.
After independent validation, these two signatures were commercialized with the name of MammaPrint (Agendia,
Amsterdam, Netherlands) for the 70-gene signature, and OncotypeDX (Genomic Health, Redwood, CA, USA) for
the 21-gene classifier °. Currently two randomized clinical trials are being conducted with these products:
“Microarray In Node negative Disease may Avoid ChemoTherapy (MINDACT) 7 with MammaPrint™ in Europe
and “Trial Assigning Individualized Options for Treatment (TAILORx)® with OncotypeDX™ in the US.
MINDACT is comparing MamaPrint with common clinical-pathological criteria in selecting patient for adjuvant
chemotherapy in non-negative breast cancer. TAILORX is comparing hormone therapy alone vs. hormone therapy in
combination with chemotherapy for women whose conditions are lymph node negative, estrogen receptor and/or
progesterone receptor positive. The treatment that patients will receive in TAILORx trial will depend upon the
results of the recurrence score by OncotypeDX test.

Despite these commercial successes in breast cancer, the utility of adding gene signatures to a prediction model
based on clinicopathological features alone is still controversial. Riester et al. > have shown an increase of 0.14 in
the C-statistic, which is equivalent to the Area Under the ROC Curve (AUC) of a predictive model by adding a gene
signature to the clinicopathlogical characteristics for prediction of survival for high-risk bladder cancer patients. On
the other hand, Dunkler et al. '° did not find significant gain in prediction accuracy by adding gene signatures to
clinicopathlogical features for breast cancer prognosis. Furthermore, the gene list constituting the gene signature is
unstable, as it varies with the selection of patients. According to Ein-Dor et al. ', several thousands of patient
samples would be needed to construct a reliable, stable list of genes, however, existing gene classifiers were built on
a few hundred samples. A universal predictive model that is reliably applicable to all individuals is a long-term goal.
But we can seek short-term solutions in constrained populations. For example, Cario et al. '* showed that the
resistance to the chemotherapy could be predicted with high accuracy using a gene signature in children with acute
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lymphoblastic leukemia (ALL) with similar clinical characteristics. Although there is some work on subpopulation-
specific medicine based on genomic information, little has been done to analyze the benefits of acquiring and
combining gene expressions with phenotypes for prognosis.

To improve patient outcome prediction and make practical use of genomic information for prognosis °, a detailed
analysis is necessary to identify the advantages of combining genetic information with clinical phenotypes. A
natural question is whether some phenotypically-homogeneous subpopulations of patients become more distinct
given their gene expressions (in terms of outcomes), and therefore should be prioritized for genome sequencing. To
tackle these challenges, we use clustering and classification methods to investigate if certain subpopulations are
more likely to benefit from the integration of gene expressions to phenotypes for the purpose of prognosis. A recent
model '* shared our motivation for finding subpopulation variability. The authors investigated genotype-based
subpopulation-specific ideal drug dosages. However, this work is different from ours, as the authors did not use a
data-driven approach to find the subpopulations. Our focus on identifying the subpopulations that are most likely to
benefit from additional testing is also different from the one reported by Kaila et al."”, which focused on the
accuracy of classification for a given individual on a specific subpopulation.

In the rest of this paper, the Methodology section presents the details of our approach, followed by a section on
Experiments, which contains a description of the publicly available breast cancer data set we used and our results.
Finally, we discuss the advantages and limitations of our models.

Methodology

We start to evaluate our intuition using a straightforward two-step workflow (i.e., clustering and classification). The
clustering step aims at finding meaningful subpopulations based on phenotypes, in a data-driven manner. Then, the
classification step serves as the validation for the difference in prognosis accuracy after additional genomic
information is combined. A high level overview for our proposed approach is illustrated in Figure 1.
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Figure 1: Workflow of our study. First, databases of gene expression and clinical phenotypes were separated. Next,
patients were clustered according to their phenotypes. Then, depending on whether gene expressions were
incorporated, we formed two sets of databases (i.e., phenotypes only vs. combined phenotypes and gene expression)
to feed a logistic regression model where AUCs were computed, one for each data set. Finally, we compared the
differences between AUCs to check how they differ. (LR: logistic regression; AUC: Area Under the ROC Curve).
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Clustering: The first step is to find phenotypically-homogeneous subpopulations in the database. There are many
sophisticated algorithms for clustering 11 and we adopted a widely used technique, the k-means model *° that aims
at partitioning n observations into k mutually exclusive clusters, in which each observation belongs to a cluster with

the nearest mean. The k-means model essentially minimizes the following objective function,
k

, 2
argming Z Z ||X} - CJ|| ,

i ijSi
where C; is the mean of points X; in the cluster S; & S and k corresponds to the number of clusters. Note that
S = {51, 5,, ..., S} denotes the entire data set.

Classification: We used the logistic regression (LR) model 2! to learn from clustered subpopulations. Specifically,
LR uses the sigmoid function to link a linear model Xf (i.e., X denotes a data point and  denotes a set of weight
parameters) in the following form,
XB
P =1X) ="/, . xp
where P(Y = 1|X) corresponds to the probability of an event Y to be 1 (i.e., the positive outcome). The parameters
B can be calculated through maximum likelihood estimation, as detailed in the article by Minka 2,

Evaluation: We compared LR models constructed with and without considering gene expressions based on the Area
Under the ROC curve (AUC) *, a measurement for discrimination. To ensure the validity of our findings, we
applied ten-fold cross-validation ** to evaluate the AUC. For each data set (e.g., a cluster of phenotypes or a cluster
of combined phenotypes and gene expressions), we split patients evenlly into 10 folds, using 9 folds for training and
the remining one fold for testing. The process was repeated 10 times until every patient in the data set got a
prediction score. These scores were evaluated against patient outcomes (i.e., gold standard) to determine the total
number of discordant pairs (i.e., how many pairs in which patients with positive outcomes were predicted to have
lower risk than patients with negative outcomes), and AUCs were calculated accordingly. The standard deviation of
AUCs were computed using the parametric method, and we calculated the p-values for the difference of AUCs using
a one-sided z-test (please refer to Lasko *° for details on methods to compare AUCs).

Experiments

We ran experiments on an Intel i7 2.67GHz machine with 4GB RAM. The program was written in R, Matlab, and
Java. We used ROCR *° to visualize ROCs and we used Weka *’, an open source machine learning toolkit, to
preprocess the data to handle missing values.

Data description

We used a breast cancer data set GSE3494, which is publically available at
(http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE3494).

A total of 251 patients were retrieved from the link above. There are 10 phenotype features and one outcome
variable indicating if a patient died, was alive, or had an unknown status for breast cancer. We filtered patients to get
rid of those who had an unknown status, which left 15 patients out. For the remaining 236 patients, each of them is
associated with 22,283 gene expression features, from which the top 15 features were selected based on the ranking
of their student-t test p-values, as suggested by Osl **. Note that we used gene expressions generated from the
platforms GPL96. For details about GSE3494 and samples’ Affymetrix platform, please refer to Miller *°. Table 1
summarizes our experiment data, which consist of 25 predictor variables and one outcome variable. Figure 2
illustrates the distribution of all 26 attributes.
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Table 1: List of Phenotype features, selected gene expressions, and the outcome variable of GSE 3494 dataset.

Phenotype features Gene expressions Outcome variable
(GPL96 platform)
p53 seq mut status (1=mutant; 0=wt) 203144 s _at' DSS event (1=death
p53 DLDA classifier result (0=wt-like, 1=mt-like) 218211 s _at' from breast cancer,
DLDA error (1=yes, 0=no) '205009 _at' 0= alive or censored)
Elston histologic grade '222129 at'
ER status (0 = ER-, 1= ER+) '204126_s_at'
PgR status (0 = PgR-, 1=PgR+) '202553 s _at'
age at diagnosis '205773_at'
tumor size (mm) '200670 at'
Lymph node status (0=LN-, 1=LN+) 212092 _at'
DSS time (Disease-Specific Survival Time in years) 211329 x at'
201796 s at'
205490 x_at'
221012 s at'
218652 s _at'
220885 s _at'

Because the last phenotype feature (i.e., DSS time) is directly related to the outcome variable, we left it out from the
prediction analysis.
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Figure 2: Distribution of GSE3494 variables. Two colors (e.g., red and blue) were used to represent the patient who
died from breast cancer and the people who stayed alive, respectively. The first 15 subfigures correspond to selected
gene expression levels, which are all numerical attributes. The next 10 subfigures represent phenotypes, which are
mostly nominal attributes except for age, tumor size, and DSS time. The final subfigure shows the proportion of
alive and deceased patients.
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Results

We started with two experiments to confirm our intuition that certain patients (i.e., a subpopulation) become more
distinct (in terms of predictive modeling) when their gene expressions are considered. Specifically, we clustered
patients into three and four phenotypically-homogeneous subpopulations. The reason of using two different group
parameters is to check the generalizability of findings. The k-means algorithm was used twice for generating
different numbers of groups. Because patients have multiple phenotype features, we used a spider diagram to show
the center (i.e., median of the points) of each cluster.

In the case of the three-cluster grouping, results indicated that there were no differences between all dimensions of
cluster centers but three (i.c., age at diagnosis, tumor size, and lymph node status). Therefore, we illustrated cluster
centers on these three dimensions in Figure 3(a). We plotted in Figure 3(b) the distribution of alive and deceased
patients in each cluster. Figure 3(c) shows the value of each cluster center. Finally, Figure 3(d) depicts the AUCs
and standard deviations of AUCs with and without considering gene expression in all three clusters. The results
indicate that the prediction accuracy for different subpopulations are not the same when additional genomic
information is considered in building the predictive model.

Specifically, subpopulation 3, which is relatively large (n=124 patients), demonstrated no gain in discrimination
before and after gene expressions were combined with phenotypes. This subpopulation corresponds to patients with
negative lymph nodes and relatively small tumors. A relatively smaller cluster, subpopulation 1 (n=92 patients)
seemed to gain more benefits (i.e., the averaged AUC increased 0.05) after gene expressions were taken into
consideration. The smallest cluster, subpopulation 2 (n=20 patients), had a significant improvement in terms of
average AUCs (0.21 improvement). The p-values for the AUC differences are displayed in Figure 3(d).
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Figure 3: Discrimination within each of the three subpopulations by considering gene expressions in addition to
phenotypes. These clusters are depicted in various ways (a) radar plot for cluster centers, (b) class distribution, (c)
values of cluster centers. The AUCs within each subpopulation before and after combining phenotypes and gene
expressions are displayed in subfigure (d), showing various degrees of improvement in different subpopulations.
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Figure 4: Discrimination within each of the four subpopulations by considering gene expressions in addition to
phenotypes. These clusters are depicted in various ways (a) radar plot for cluster centers, (b) class distribution, (c)
values of cluster centers. The AUCs within each subpopulation before and after combining phenotypes and gene
expressions are displayed in subfigure (d), showing various degrees of improvement in different subpopulations.

Regarding the four-cluster scenario, the cluster centers were similar to the three-cluster scenario, in all but three
dimensions. We plotted the centers of the clusters in Figure 4(a). Figure 4(b) and 4(c) show the patient outcome
distribution and values of cluster centers, respectively. Figure 4(d) illustrates AUCs and standard deviations of
AUCs with and without considering gene expressions for prognosis in all four clusters. Among them, the patient
subpopulation 4 (n=21 patients) showed the most significant improvement of the average AUC (0.24), and the p-
value equaled 0.01. Indeed, a majority of the patients in this group overlap with those in the subpopulation 2 of the
three-cluster scenario. The other subpopulations (i.e., 1, 2 & 3) had n=44, 72, and 99 patients, respectively, and their
AUC improvements were not significant (0.04, 0.11 and 0.001).

As indicated by the result, most patients only had marginal gains when both phenotypes and gene expressions were
considered. However, results of both experiments showed that this was not true for certain subgroups.

After confirming the subpopulation variability for prognostic accuracy, we explored an approach to assess the
probability of having comparable and under/over-estimations for individuals (with and without considering gene
expressions). Two sets of data, one with only phenotypes and the other with combined phenotypes and gene
expressions, were first constructed. Their predicted values based on the logistic regression were compared in order
to assign a class label to each patient record using the criteria (i.e., “error = —0.1 & error < 0.1” corresponds to a
label “comparable” and “error < —0.1 | error = 0.1” corresponds to a label “under/over-estimate”). These new
class labels, along with original phenotypes, were combined to create a training set for a logistic regression to
predict probabilities of comparable and under/over-estimation when genetic expression information was ignored.
Note that we used £0.1 as our cutoff to separate comparable and under/over-estimation cases just to illustrate our
model. The outcome was evaluated in terms of AUC, for which the mean of ten-fold cross validation was 0.875 and
the standard deviation was 0.064, which indicates that there was a great potential of discriminating patients who
were most likely to benefit from gene expression measurement.
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Discussion and Limitations

We showed that certain phenotypically-homogeneous subpopulations of breast cancer patients are more distinctive
when their gene expressions are considered (in terms of outcomes), as compared to the entire population. Our
exploratory model for measuring the “comparable” and “under/over-estimation” probabilities demonstrates the
potential of a simple and intuitive way to support decision making based on evidences. Partnering with experts in
palliative care and healthcare providers focused on oncology will allow us to explore this direction more deeply in
the future.

A limitation of this work is that the size of our data is very small. Although we believe our results are generalizable,
intensive experiments must be conducted on larger data to confirm the usefulness of our model. We are working
with clinical phenotypes and whole-genome sequencing data for Kawasaki disease *° as an extension of the work
presented here, which contains only the methodological innovation, but it still of limited immediate clinical
significance. Another limitation is that we used simple feature selection and clustering approaches in this experiment,
which might have not been ideal. In the future, we will investigate advanced methods like fused LASSO *' for
feature selection and supervised approaches for clustering *>. We would also like to extend our exploratory analysis
to multiple classes to consider situations like underestimate, comparable, and overestimate, separately, instead of
using binary logistic regression to learn dichotomous targets.

Conclusion

In conclusion, we studied whether and which phenotypically-homogeneous subpopulations of patients are more
distinctive (in terms of outcomes) when their genetic information is considered. While this research is preliminary,
it presents a methodological innovation that has shown promising results. Further clinical validation and an in depth
cost-effectiveness analysis are warranted.
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