
Genome Informatics 16(1): 233–244 (2005) 233

Robust Diagnosis of Non-Hodgkin Lymphoma

Phenotypes Validated on Gene Expression Data from

Different Laboratories

Gyan Bhanot1,3 Gabriela Alexe1,3

gyan@us.ibm.com galexe@us.ibm.com

Arnold J. Levine1,2 Gustavo Stolovitzky3

ajlevine@ias.edu gustavo@us.ibm.com

1 Center for Systems Biology, Institute for Advanced Study, Princeton, New Jersey
08540, USA

2 Robert Wood Johnson School of Medicine and Dentistry, Cancer Institute of New
Jersey, New Brunswick, New Jersey 08903, USA

3 IBM Computational Biology Center, IBM Research, Yorktown Heights, New York
10598, USA

Abstract

A major challenge in cancer diagnosis from microarray data is the need for robust, accurate, clas-
sification models which are independent of the analysis techniques used and can combine data from
different laboratories. We propose such a classification scheme originally developed for phenotype
identification from mass spectrometry data. The method uses a robust multivariate gene selection
procedure and combines the results of several machine learning tools trained on raw and pattern
data to produce an accurate meta-classifier. We illustrate and validate our method by applying
it to gene expression datasets: the oligonucleotide HuGeneFL microarray dataset of Shipp et al.
(www. genome.wi.mit.du/MPR/lymphoma) and the Hu95Av2 Affymetrix dataset (DallaFavera’s
laboratory, Columbia University). Our pattern-based meta-classification technique achieves higher
predictive accuracies than each of the individual classifiers , is robust against data perturbations
and provides subsets of related predictive genes. Our techniques predict that combinations of some
genes in the p53 pathway are highly predictive of phenotype. In particular, we find that in 80% of
DLBCL cases the mRNA level of at least one of the three genes p53, PLK1 and CDK2 is elevated,
while in 80% of FL cases, the mRNA level of at most one of them is elevated.
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1 Introduction

The rapid development of microarray technologies [7, 16] allows the analysis of gene expression patterns
to identify subsets of genes which are differentially expressed in different phenotypes (e.g., different
types of cancer) and create personalized models for diagnosis and prognosis. There is a lot of ongoing
research in developing tools and methodologies to extract information from biomedical data (e.g., [4,
6, 30]). However, there remains a need for a framework that can integrate the data from different
laboratories and predictions from different techniques into a robust, noise insensitive predictive tool.

The aim of this study is to present such a tool, developed recently for cancer detection from SELDI-
TOF mass spectrometry data [5], and adapt it for cancer diagnosis from gene expression data. We first
apply a pattern-based multivariate approach to identify a subset of predictive genes out of a large pool
of genes by requiring them to satisfy stringent filtering criteria. Next, we combine the predictions of
several machine learning tools trained on the subset of predictive genes and on pattern data with the
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aim of producing an accurate predictor. It is well-known [20, 26] that combining individual classifiers
into a meta-classifier improves the error rate. In our method this effect is enhanced by using “pattern
data,” which is a structured representation of the original data in a space in which patterns are viewed
as synthetic variables.

We demonstrate our approach by creating a diagnostic model to distinguish follicular lymphoma
(FL) from diffuse large B-cell lymphoma (DLBCL). Follicular lymphomas are one of the more common
low grade non-Hodgkin’s lymphomas, which affect mostly adults, particularly the elderly [35]. They
are of B-cell lymphocyte origin. Most cases of follicular lymphoma, especially those rich in small-
cleaved cells, have a t(14;18) gene translocation, which results in a rearrangement and over-expression
of the anti-apoptotic gene BCL-2. DLBCL is an aggressive form of non-Hodgkin lymphoma to which
25-60% FLs evolve over time. The FL transformation to DLBCL is associated with genetic alterations
of p53 [23], p16 [25], p38MAPK [9], c-myc [15], BCL-6 [14]. Besides the genetic link, non-Hodgkin’
lymphomas could be caused by chemo and radiation therapy, and may also arise due to infections
with the Epstein-Barr virus and HIV.

We will use the oligonucleotide microarray gene expression data of Shipp et al. [29] produced at the
Whitehead Institute (WI data), and validate our findings on a separate Affymetrix gene expression
data produced by DallaFavera laboratory at Columbia University (CU data, see [32]). The WI and
CU datasets report gene expression data for DLBCL and FL cases which were obtained by using
different Affymetrix chips (HuGeneFL chip for WI dataset and Hu95Av2 for the CU dataset). We
also show that one can combine the two datasets into a single meta-dataset, while maintaining the
accuracy of predictions.

To address the problem of differential diagnosis between FL and DLBCL from the WI data, Shipp
and coworkers [29] used a signal-to-noise (SNR) correlation-based method to identify a subset of
predictive genes and constructed a weighted-voting predictor based on the top 50 SNR correlated
genes; their findings were validated through a leave-one-out cross-validation scheme on the same
set of samples, and they obtained a sensitivity of 89% and a specificity of 100% for distinguishing
FL from DLBCL cases. By applying different criteria (a multivariate pattern-based approach from
Genes@Work [12] and a t-test [32] identified two additional subsets of predictive genes in the WI
data. Stolovitzky further showed that about 88% of the genes in the union of his two subsets with the
subset identified by Shipp et al. [29] have a consistent behavior in the independent CU data (i.e. are
up-regulated or down-regulated in DLBCL vs. FL, respectively for both datasets).

Using our meta-classification method on a training subset of the WI data, we identify a robust
subset of 30 predictive genes and construct a meta-classifier which misclassifies only one FL case when
validated on the test set of the WI data and misclassifies only two FL cases when validated on the
external CU data. We obtain biological insight by focusing on the subset of p53 responsive genes and
extracted relevant patterns characteristic of FL and DLBCL. Finally, we illustrate how noisy results
might be combined into a better predictive tool.

2 System and Methods

2.1 Datasets

The WI dataset [36] has 58 DLBCL samples and 19 FL samples. The data was obtained by using
Affymetrix oligonucleotide microarrays (HuGeneFL chips) containing probes for 6817 genes. The CU
dataset (DallaFavera laboratory, Columbia University) has 14 DLBCL and 7 FL samples obtained on
Affymetrix microarrays (Hu95Av2 chips) containing probes for 12581 genes. In our study, DLBCL
cases are referred to as positive, and FL cases as negative.



Robust Diagnosis on Gene Expression Data 235

2.2 Patterns

A central concept involved in our method is that of a “pattern” in a two class dataset [3, 8]. In
our approach, a positive pattern is a set of bounding conditions imposed on the intensity level of
certain features (genes) which are satisfied by significantly many positive cases and by significantly
few negative cases. A negative pattern is defined in a similar way.

Patterns are characterized by several parameters: (1) the degree of a pattern is the number of genes
used in its defining conditions; (2) the positive (negative) prevalence of a pattern is the percentage of
positive (negative) cases satisfying the defining conditions of the pattern; (3) the positive (negative)
homogeneity of a pattern is the percentage of positive (negative) cases among all the cases satisfying
the defining conditions of the pattern. High quality positive patterns have low degrees, and high
positive prevalences and homogeneities. Figure 1 gives an example of positive and negative patterns
in a two gene subspace.

One can generate a large number of patterns on a given dataset. Each pattern can be interpreted as
a synthetic 0-1 variable associated with the samples in the dataset, the value 1 being assigned when the
corresponding sample satisfies the defining conditions of the pattern, and the value 0 otherwise. Each
sample is then represented by a vector with 0-1 entries, where each entry corresponds to a pattern. In
this way, the original data can be represented in an abstract space which we call “pattern data” (see
Figure 2). Since multiple patterns taken together define a region in the feature space where most of
the samples of a given phenotype are located, pattern data provides additional structural information
about the phenotype and can be used as input into machine learning algorithms to do phenotype
recognition. Patterns can be extracted in an exhaustive way using a combinatorial algorithm described
in [3].

Figure 1: Examples of a positive pattern (P) and
of a negative pattern (N). Figure 2: Visualization of training and test sets

representation as pattern data: Each row corre-
sponds to a case (DLBCL - positive or FL - neg-
ative) and each column corresponds to a pattern
(positive or negative). A positive (negative) pat-
tern is represented by a blue (or red) dot. Notice
that in the training data DLBCL cases satisfy only
positive patterns, and FL cases satisfy only nega-
tive patterns.

2.3 Overall Methodology

Our approach consists of four steps as described below and depicted in Figure 3:
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Figure 3: Flow chart of the meta-classifier ap-
proach.

Figure 4: Errors of the meta-classifier compared
to the individual classifier errors. The individual
classifiers correspond to the rows of Table 3.

2.3.1 Step 1: Data Preprocessing

From each dataset we selected only the genes that had P (present) calls in at least 50% of the samples.
Then, following the normalization guidelines from the previous studies [29, 32], we set an upper limit
of 16000 units and a lower ceiling of 20 units for all gene expression levels. The WI input data was
2/1 stratified sampled into a training and a test dataset. The CU data was considered as an external
test data. Based on the assumption that a majority of genes are not differentially expressed across
the FL and the DLBCL cases [19], the experimental noise was estimated from the data as normally
distributed with mean 0 and variance equal to the median of the variances of all the genes across
samples. For each array, the expression data was normalized by replacing the intensity level x of
each gene g with (x−mean(g))/σ(g), where mean(g) and σ(g) represent the mean and the standard
deviation of the intensity level of g across the samples in the training dataset.

2.3.2 Step 2: Finding Relevant Genes

In this step we tried to find a relatively small subset of genes which allow the construction of accurate
predictive models. Numerous studies [11] assert that individual expression levels of genes are not
informative enough for cancer classification and that combinations of expression levels of several genes
might be more predictive. Based on this argument, we applied a two-step procedure [2]: in the first
step we used a robust filtering approach to select a pool of features. In the second step we selected
out of this pool a smaller set based on the significance of the genes in patterns (see below).

Filtering. We first selected those genes which showed a high correlation with phenotype. This
filter was applied to the original data and to 500 other datasets, out of which 300 were obtained by
perturbing the training data with experimental noise (normally distributed as N(0, λ), where λ varies
between 0.1 and 1), and 200 were obtained by perturbing its sample composition; the perturbation
of the sample composition was performed by k-folding (randomly dividing the training data into k
stratified parts and retaining in turn only k-1 out of the k parts), k = 3, 5, 10, and jackknifing
(retaining in turn only 50 out of the 51 samples in the training data).

Two filtering options were considered: signal-to-noise and t-test with Benjamini-Hochberg false
discovery rate correction for multiple selection. The choice between them was done by computing a
variant of the robustness index R (introduced in [31]) for each of these two tests, and retaining the
test with the highest index.

The signal-to-noise (SRN) score identifies the difference in means (the signal) in each of the two
classes, i.e., the FL and DLBCL groups, scaled by the sum of the standard deviations (the noise): SRN
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= (µ1 − µ2)/(σ1 + σ2), where µi, σi are the mean and standard deviation of class i. The t statistics,
defined as (µ1 − µ2)/(σ2

1 + σ2
2)

1/2 , is an alternative form of the signal-to-noise statistics.
The robustness index R reflects the stability of the set of genes to filtering selection criterion when

data is perturbed. In our approach R is defined as the proportion of genes which are selected by the
filtering test in at least 90% of the 500 perturbed datasets. For an “ideal” filtering procedure R should
be close to 1. At the other extreme, when the filtering procedure is reduced to the random selection
of n genes, for sufficiently large n, one expects R to be close to zero. We verified by simulation that
R ∼0.02 for 500 random selections of 30 genes out of 2055.

Support set selection Next we selected a small set of genes from the filtered pool by studying the
way in which combinations of these genes occur in patterns.

A collection of patterns was extracted from the filtered pool of genes by applying the combinatorial
algorithm described in [3]. The optimal characteristic parameters of the patterns were determined by
estimating the accuracy of a weighted-voting model constructed on pattern data through 10-fold cross-
validation experiments on the training set, and by choosing those parameters for which the estimated
accuracy was maximal. Out of the collection of patterns satisfying the optimal parameters we selected
minimal subsets of patterns such that each case in the training data satisfies the defining conditions
of at least 10 patterns. The features were ranked based on their frequency in the selected collection
of patterns, where the prevalence of a pattern was taken as weight. At the end of this stage in the
analysis, a relatively small set of top 10% of high ranked features was retained as a support set.

An alternative method of gene selection is to use relevant biological pathway information (biology-
based gene selection). Numerous studies e.g., [13, 28] have noticed a correlation between over-
expression of p53 and FL progression to DLBCL, and also that mutations of p53 are associated
with histologic transformation in approximately 25% to 30% of FL cases. Other studies [22, 23] sug-
gest that over-expression of MDM2 (and p53) identifies DLBCL and FL cases with poor prognosis,
presumably because of alterations in the feedback loop between p53 and MDM2. We therefore focused
our attention on the family of p53 regulated genes [10, 27] since we expect them to provide a robust
signal. Our goal was to identify a subset of p53 responsive genes which, individually or in combina-
tions, might be most predictive. The genes in the p53 set were pared down to 90 using the filtering
and pattern selection criteria described above on the WI dataset. For this biology-based classification,
we used the CU data as test data.

2.3.3 Step 3: Multiple Classifier Construction

Several different individual classifiers: artificial neural networks (ANN), support vector machines
(SVM), weighted voting systems (WV), k-nearest neighbors (kNN), decision trees (C4.5) and logistic
regression (LR) were trained and calibrated through cross-validation experiments on the raw and on
the pattern training data as described in [5].

For this study we used the implementation of ANN, SVM, decision trees and LR provided in Weka
[38], the implementation of WV provided in GenePattern [37] and the implementation of kNN provided
in Genes@Work [39]. The classification accuracy of each individual classifier was estimated on the
training data through a leave-one-out cross-validation experiment. The feature selection procedure
was performed independently in each cross-validation experiment.

2.3.4 Step 4: Meta-Classifier Construction and Validation

The meta-classifier was defined as a weighted combination of the individual classifiers. The weight wi of
the classifier Ci is defined as wi = vi/‖v‖ , where vi = max[0, (specificityi−50%)]max[0, (sensitivityi−
50%)], ‖v‖ is the L1 norm of the vector v having the components vi , and specificityi and sensitivityi

are the specificity and the sensitivity of the classifier Ci obtained on leave-one-out cross-validation
experiments on the training set. The meta-classifier prediction was then given by P = ΣiCiwi, where
Ci = 1 for DLBCL cases and −1 for FL cases. The meta-classifier will predict DLBCL with confidence
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P if P > 0, and FL with confidence |P | if P < 0. To increase the robustness of the meta-classifier with
respect to the individual predictors, we imposed a threshold p for the certainty of the classification.
The threshold p was computed on the training set as a p-value associated to the accuracy of the meta-
classifier with respect to permutations of the sample class. Thus, a case was classified as DLBCL (FL)
if P > p (or P < −p). If |P | < p the classification was considered “uncertain”. In real situations, the
“uncertain” cases would be asked to repeat the tests to verify the results.

To validate the meta-classifier predictions we applied it to each sample in the WI test dataset
and to each sample in the CU dataset. Furthermore, as in [5], we tested the robustness of the meta-
classifier by perturbing the WI training dataset with experimental noise and then comparing the
changes occurring on the predictions on the test set.

3 Results

3.1 Data Preprocessing

The WI dataset was split into a training set consisting of 51 samples (38 DLBCL and 13 FL cases),
and a test set consisting of 20 DLBCL and 6 FL cases. After ceiling and normalization, we eliminated
the genes with no variation across the samples in the WI data and in the CU data, respectively. The
50% call filtering criterion was passed by only 2055 of the 6817 genes in the WI dataset. Of these,
only 1901 passed the filtering criterion in the CU data. Thus the WI training and test sets for analysis
had 2055 genes, and the CU external test had 1901 genes.

3.2 Finding Relevant Genes

Filtering. The robustness indices of the signal to noise correlation and t-test were R=0.27 and 0.23,
respectively. Hence, the signal-to-noise correlation was chosen as the filtering criterion. A pool of 73
genes passed the top 25% signal-to-noise test in at least 90% of the perturbed datasets. The selected
pool contained 51 of the 100 top genes selected by [29], 32 of the 100 genes selected by the method in
Genes@Work [32], 28 genes selected based on the t-statistics [32], and only 9 p53 responsive genes.

Support set selection. A collection of 1595 positive and 667 negative patterns of degree 2 with
positive (or negative) prevalence above 50%, were extracted from the restriction of the training dataset
to the pool of 73 genes. Out of this collection we selected a subset of 57 (37 positive and 20 negative)
patterns based on the criterion that each case in the training data satisfies at least 10 of the selected
patterns. Table 1 presents the collection of 30 genes that occurred in the definition of the selected 57
patterns.

Pattern data was defined with respect to the 57 selected patterns and can be visualized in Figure
2. To illustrate how pattern data provides structural information about the cases, Table 2 presents
some examples of patterns (combinations of conditions) which are characteristic of large subgroups
of DLBCL and FL cases. The striking feature of Table 2 is the fact that simple conditions on a few
genes are able to generate a very clean classification of the training data and an accurate prediction
on the test data.

3.3 Meta-Classifier Construction and Validation

We trained 6 individual classifiers (see Figure 3) on raw and pattern training data using the 30 robust
genes and assessed their performance on the training data through leave-one-out cross validation
experiments. We found that the error distribution of the individual classifiers on the training was
uncorrelated, with only one false positive error for which 33% of the predictors agreed. We noticed
that the average performance of the individual classifiers was better on the pattern data (average
sensitivity 100% and average specificity 96.2%) than on the raw data (average sensitivity 95.6% and
average specificity 91.0%) on the training set. Weighted voting was the best individual classifier, and
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Table 1: Support set of 30 robust genes sorted in
decreasing order of their signal-to-noise score. The
top 16 genes are up-regulated in FL cases.

Table 2: Examples of characteristic patterns for
DLBCL and FL

Table 3: Performance of classifiers on training data
(validated through leave-one-out experiments) and
on the test data (validated directly).

logistic regression the worst. Except for logistic regression, all the individual classifiers performed with
100% accuracy on the pattern data (see Table 3).

We constructed the meta-classifier as a weighted combination of the individual classifiers. Figure
4 presents the predictions of the individual classifiers and of the meta-classifier on the test dataset.
Notice that the predictions of the meta-classifier are better than the predictions of any individual
classifier.

We further perturbed the raw training data with experimental noise, generated the corresponding
pattern data, re-trained the classifiers and constructed the meta-classifier on the perturbed training
dataset. The error distributions of the individual classifiers and of the meta-classifiers had only a small
variance and in fact the meta-classifier made the same errors as on the non-perturbed data. The fact
that the meta-classifier predictions did not change is a confirmation of its robustness, particularly of
its stability to experimental noise.

3.4 Biology-Based Gene Selection: Role of p53 Regulated Genes

The p53 tumor suppressor gene is involved in pathways associated with cell division, hypoxia, apop-
tosis, cell signaling, DNA damage, DNA repair, etc. [27]. From the set of p53 associated genes, 215
were present in both WI and CU datasets. About 32% of the genes from this list were oppositely
regulated in the CU and WI datasets, hence we discarded them as inconsistent. The 90 p53 responsive
genes shown in Table 4 were able to differentiate between DLBCL and FL with a p-value below 0.01
with respect to the t-test in both the WI and CU data. Once again, the Benjamini-Hochberg false
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discovery rate correction for multiple selection was applied.
The core regulators of p53 which were identified by our methods in the WI and CU datasets are

MDM2 and E2F1. We found that the expression level of MDM2 is consistently up-regulated on the
FL vs. DLBCL cases (t-test p-value 0.10), while the expression level of E2F1 is consistently down-
regulated (t-test p-value 0.08). Figure 5 shows the pattern data constructed on the WI training data
and its performance on the CU test data. A weighted voting classifier trained on patterns extracted
from the 90 genes presented in Table 4 made the same 2 false positives on the CU test data as our
meta-classifier, and one additional false negative (DLC14). If we have used 90 randomly selected genes
from set of 215 genes, the average sensitivity would have been 97.72% (CI95% 95.62 - 99.81%) and
the specificity would have been 7.14% (CI95% 6.90 - 21.14%) for 100 random experiments.

Table 4: List of top 90 p53 responsive genes in
increasing order of their p-values (from 3 × 10−11

to 0.005). Genes up-regulated in the FL cases are
marked with (*).

Table 5: Examples of high prevalence p53 pat-
terns.

4 Discussion

In this study the WI gene expression data for DLBCL and FL [29] was re-analyzed using a pattern-
based meta-classification technique and the results were validated on an external dataset (CU). Several
other studies of the WI and CU data (e.g., [1, 9]) have reported a high accuracy in distinguishing the
two diseases. Our motivation for reanalyzing the data was to exhibit a robust pattern-based meta-
classification method for accurate predictions which has its roots in the pattern-based weighted voting
classification method called Logical Analysis of Data [8].

Our method selected a robust subset of 30 genes with low sensitivity to experimental noise and
sample composition. Only 19 of these 30 genes were selected by [29]. These 19 genes are known either
to play an active role in cancer (e.g., BCL2A1, DLG7, MCM7) or to be involved in cell metabolism,
cell growth, cell motility, cell adhesion etc. Of the remaining 11 genes in our 10 are up-regulated in FLs
and only one (STAT1) is up-regulated in DLBCL. Moreover, 7 of these 11 genes (CDKN2D, CCNG2,
RBM5, STAT1, G18, LY86, PPP2R5C) are well known to play a role in cancer (see e.g., [39]). The
final phenotype prediction was obtained by integrating individual classifications into a meta-classifier.
We noticed that the errors produced by the individual classifiers were not correlated, and the overall
performance of the meta-classifier was superior to each individual classifier.
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Figure 5: Visualization of p53-pattern data.

Figure 6: Histogram of % DLBCL (blue) and FL
(red) cases having one or more of the three genes
(p53, PLK1, CDK2) over-expressed.

The role of p53 responsive genes. Special attention was paid to the role of p53 responsive
genes in differentiating between follicular and diffuse large cell lymphomas. We noticed that our input
list of 215 p53 responsive genes does not contain several important p53 regulated genes which are
known to respond to activated p53 in apoptosis (e.g., Pidd, Bax, Noxa, Puma, Siah, Perp, etc.), or in
inhibition of angiogenesis and metastasis (e.g., Pai, Bai1, Kai, etc.). However, we found that several
p53 genes in our list which are known to be involved in cell cycle arrest (Cyclin E, Cdk2, p21, Cyclin
B, Cdc2) are up-regulated in DLBCLs’and down-regulated in FLs (p-value 0.01) in both WI and CU
datasets. The genes involved in DNA repair (e.g., p48 and R2) are up-regulated for the DLBCL cases
in the WI data, but they do not have consistent behavior in the CU data.

10 of the 90 p53 responsive genes presented in Table 4 were also selected by Genes@Work [12], 5
were selected by the t-test and by the signal to noise correlation criterion [29, 32], and 4 genes (MCM7,
BC2A1, CDNK2D and CCNG2) were selected in our support set of 30 genes.

A new biomarker for non-Hodgkin lymphomas. We noticed in our data that p53 is consis-
tently up-regulated (p-value 0.005) in the DLBCL vs. FL cases in both datasets, which is a confirma-
tion of previous studies e.g. [28]. However, p53 alone can only differentiate DLBCL vs. FL cases with
a sensitivity of 70% and a specificity of 50%, and so, by itself, it is not a very accurate biomarker.
However, the combination of p53 with other 2 genes (PLK1 and CDK2) is an 80% accurate biomarker
of the FL progression to DLBCL. At most one of the three genes is up-regulated in 77% of the FL
cases and at least two of the three genes are up-regulated in 79% of the DLBCL cases. This is shown
in Figure 6.

These findings are in agreement with recent results regarding PLK1 [33] where it is suggested
that PLK1 is a potential target for cancer therapy and a new prognostic marker for cancer, and [21]
showed that PLK1 is a potential biomarker for DLBCL.

Among other significant biomarkers we identified from p53 responsive genes we would mention
MCM7, ZNF184, ALDOA, BCL2A1, CCNB1, MDM4 (for example, MCM7 alone is able to distinguish
between DLBCL and FL with 79.49% accuracy on the WI data). However, combinations of the p53
responsive genes may have even more predictive value. In Table 5 we present some patterns for four
p53 biomarkers which are good predictors.
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