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This paper concerns prediction of clinical outcome from gene expression profiles using work in a
different area, nonlinear system identification. In particular, the approach can predict long-term treatment
response from data of a landmark article by Golub et al. (Golub, T. R.; Slonim, D. K.; Tamayo, P.; Huard,
C.; Gaasenbeek, M.; Mesirov, J. P. et al. Science 1999, 286, 531-537) that has not previously been
achieved with these data. The present paper shows that, for these data, gene expression profiles taken
at time of diagnosis of acute myeloid leukemia contain information predictive of eventual response to
chemotherapy. This was not evident in previous work; indeed, the Golub et al. article did not find a set
of genes strongly correlated with clinical outcome. However, the present approach can accurately predict
outcome class of gene expression profiles even when the genes do not have large differences in
expression levels between the classes.
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1. Introduction

Prediction of future clinical outcome, such as treatment
response, may be a turning point in improving cancer treat-
ment. This has previously been attempted via a statistically
based technique for class prediction founded on gene expres-
sion monitoring, which showed high accuracy in distinguishing
acute lymphoblastic leukemia (ALL) from acute myeloid leu-
kemia (AML).1 The technique involved selecting “informative
genes” strongly correlated with the class distinction to be made,
e.g., ALL versus AML, and found families of genes highly
correlated with the latter distinction.1 Each new tissue sample
was classified on the basis of a vote total from the informative
genes, provided that a “prediction strength” measure exceeded
a predetermined threshold. However, the technique did not
find a set of genes strongly correlated with response to
chemotherapy, and class predictors of clinical outcome were
less successful.

In a sample of 15 adult AML patients treated with anthra-
cycline-cytarabine, eight failed to achieve remission while
seven achieved remissions of 46-84 months. Golub et al.
“found no evidence of a strong multigene expression signature
correlated with clinical outcome, although this could reflect
the relatively small sample size”. While no prediction results
for clinical outcome were presented in the paper, they stated
that such class predictors were “not highly accurate in cross-
validation”.1 Similarly, Schuster et al.2 could not predict therapy
response using the same data in a study of five different
clustering techniques: Kohonen-clustering, fuzzy-Kohonen-
network, growing cell structures, K-means-clustering, and
fuzzy-K-means-clustering. They found that none of the tech-

niques clustered the patients having similar treatment re-
sponse. The ALL-AML dataset1 was one of two specified for
participants in the CAMDA’00 meeting, and none reported
accurate prediction of treatment response with these data.

Prediction of survival or drug response using gene expression
profiles can be achieved with microarrays specialized for non-
Hodgkin’s lymphoma3 involving some 18 000 cDNAs or via
cluster analysis of 60 cancer cell lines and correlation of drug
sensitivity of the cell lines with their expression profiles.4 Also,
using clustering, Alon et al.5 showed that tumor and normal
classes could be distinguished even when the genes used had
small average differences between the classes.

In the present paper, it is shown that a technique for
modeling nonlinear systems, called parallel cascade identifica-
tion (PCI),6 can accurately predict class from gene expression
profiles even when the genes do not have large differences in
expression levels between the classes. In particular, the tech-
nique is able to predict long-term treatment response to
chemotherapy with anthracycline-cytarabine, which was not
previously possible with the data from ref 1. The present work
shows that gene expression profiles taken at time of diagnosis,
and lacking a set of genes strongly correlated with clinical
outcome, still enable prediction of treatment response other-
wise only evident several years later.

Although the sample size of the AML treatment response
group is not large, there are several reasons why the class
prediction method below, and its performance over this group,
is significant for interpreting both gene expression profiles and
proteomics data. First, since neither the Golub et al. method1

nor any other published to date has accurately predicted
treatment response for this group of patients, it may serve as
a benchmark for gauging the sensitivity of new methods.
Second, the successful predictions of treatment response by
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the method described below are readily shown to be statistically
significant (up to the 0.01 level) on well-known tests that

examined two different aspects of the prediction. Third, the
same method is also shown to perform well on the ALL vs AML

Figure 1. Parallel cascade model used to predict treatment response and leukemia class. Each L is a dynamic linear element; each N
is a polynomial static nonlinearity.
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task. While the latter class distinction is much easier, the
resulting performance indicates that the proposed method for
class prediction has more general applicability for interpreting
gene expression profiles. Indeed, the performance observed
here is consistent with that in classifying protein sequences,7

where PCI classifiers have been successfully tested on thou-
sands of novel sequences.8 Moreover, the approach described
below is directly applicable with two-dimensional electro-
phoresis (2-DE) gels: the 2-DE images can similarly be
interpreted using this method, e.g., for diagnosis of disease or
prediction of clinical outcome.

2. Method

Development of a means for predicting clinical outcome
from gene expression profiles began by viewing the problem
as one of nonlinear system identification, using a “black box”
approach. Here, the system to be identified was defined by one
or more inputs and one or more outputs; the problem was to
build a model whose input/output relation approximated that
of the system, with no a priori knowledge of the system’s
structure. A training input was constructed by splicing together
the expression levels of genes from profiles known to cor-
respond to failed and to successful treatment outcomes. The
training output was defined as -1 over input segments corre-
sponding to failed outcomes and 1 over segments correspond-
ing to successful outcomes. The nonlinear system having this
input/output relation would clearly function as a classifier, at
least for the profiles used in forming the training input. A model
was then identified to approximate the defined input/output
behavior and could subsequently be used to predict the class
of new expression profiles. Below, only the first failed and first
successful outcome profiles were used to construct the training
input; the remaining seven failed and six successful outcome

profiles served as tests. The same data were used as in ref 1.
All samples had been obtained at time of leukemia diagnosis.
Each profile contained the expression levels of 6817 human
genes,1 but because of duplicates and additional probes in the
Affymetrix microarray, in total 7129 gene expression levels were
present in the profile.

Nonlinear system identification has already been used for
protein family prediction,7,8 and a useful feature of PCI6 is that
effective classifiers may be created using very few training data.
For example, one exemplar from each of the globin, calcium-
binding, and kinase families sufficed to build parallel cascade
two-way classifiers that outperformed,8 on over 16 000 test
sequences, state-of-the-art hidden Markov models trained with
the same exemplars. The parallel cascade method and its use
in protein sequence classification are reviewed in ref 9.

While input x(i) to a parallel cascade model will represent
the expression levels of genes, both input and output of the
model will be treated as if they were time-series data. The
rationality of considering the gene expression values as a time
series is now justified, in view of the fact that genes in a profile
are not ordered sequentially. In fact, lack of actual time
dependency causes no problem: PCI simply looks for a pattern
in the data. This point is illustrated by the type of training data
that could be used to identify the protein sequence classifiers,
e.g., Figure 2a of ref 8. There, five-digit binary codes were
employed to represent each amino acid in a protein sequence,
resulting in subtly different plaid-like patterns for different
protein families. Though these patterns were artificial in that
they depended upon the five-digit codes used, parallel cascade
models could be trained to distinguish between the patterns
and thus classify novel protein sequences.

For the approach to work, it is necessary that (1) training
exemplars from different classes produce different patterns and

Figure 2. (A) Training input x(i) formed by splicing together the raw expression levels of genes from the first “failed treatment” profile
no. 28 and first “successful treatment” profile no. 34. The genes used were the 200 having greatest difference in expression levels
between the two profiles. (B) Order used to append the expression levels of the 200 genes caused the auto-covariance of the training
input to be nearly a δ function, indicating that the training input was approximately white. (C) Training output y(i) (solid line) defined
as -1 over the “failed treatment” portion of the training input and 1 over the “successful treatment” portion. The training input and
output were used to identify a parallel cascade model of the form in Figure 1. The dashed line represents calculated output z(i) when
the identified model is stimulated by training input x(i). Note that z(i) is predominately negative over the “failed treatment” portion
and positive over the “successful treatment” portion of the training input.
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(2) the memory length of the nonlinear system to be identified
is of appropriate size to “capture” the pattern for each class.
Analogously, to learn how to distinguish between two wood
grains, say mahogany and cherry, given one table of each, a
much smaller sampling window than an entire tabletop would
suffice to make a decision. Moreover, sliding the sampling
window over both tabletops would provide multiple training
examples of each grain.

3. Model Identification

The parallel cascade (Figure 1) classifier to be constructed
comprises a sum of cascades of dynamic linear (L) and static
nonlinear (N) elements. “Dynamic” signifies that the element
L possesses memory: its output at a given instant i depends
not only upon its input x at instant i but upon past input values
at instants i - 1, ..., i - R (memory length ) R + 1). Here,
every nonlinear element N is a polynomial, so that each cascade
output zk(i), and hence the overall model output z(i), reflect
high-order nonlinear interactions of gene expression values.
This parallel LN model is related to a parallel LNL structure
proposed by Palm10 for modeling discrete-time Volterra sys-
tems. In Palm’s structure, the static nonlinearities were expo-
nential and logarithmic functions, rather than the polynomials
used in the present paper.

The set of failed outcomes was represented by profile nos.
28-33, 50, and 51 of data from ref 1 and the set of successful
outcomes by profile nos. 34-38, 52, and 53. Raw expression
levels of selected genes from the first “failed treatment” profile
no. 28 and first “successful treatment” profile no. 34 were
concatenated to form training input x(i) (Figure 2A). Order of
appending the selected genes resulted in an almost white input
(Figure 2B), which is typically advantageous for nonlinear
system identification, including PCI. (The selected genes had
the same relative ordering as in the original profiles, and this
ordering caused the input autocovariance to be closest to a δ
function, out of several orderings tried.) The corresponding
training output y(i) was defined as -1 over the “failed treat-
ment” segment of the input and 1 over the “successful
treatment” segment (solid line, Figure 2C). For this input and
output, a model was identified using PCI.6 The identified model
clearly functions as a “predictor” of treatment response, at least
for expression profile nos. 28 and 34. Indeed, when training
input x(i) is fed through the parallel cascade model, the
resulting output z(i) is predominately negative (average value:
-0.238) over the “failed treatment” segment and predominately
positive (average value: 0.238) over the “successful treatment”
segment of the input (dashed line, Figure 2C). The identified
model had a mean-square error (MSE) of about 74.8%, ex-
pressed relative to the variance of the output signal.

Care was taken to ensure that the test sequences were treated
independently from the training data. First, the two profiles
used to form the training input were never used as test profiles.
Second, the set used to determine a few parameters chiefly
relating to model architecture never included the profile on
which the resulting model was tested. Thus, a model was never
trained nor selected as the best of competing models, using
data that included the test profile.

To identify the parallel cascade model, four parameters
relating mostly to its structure had to be pre-specified. These
were as follows: (i) the memory length of the dynamic linear
element L that began each cascade, (ii) the degree of the
polynomial static nonlinearity N that followed, (iii) the maxi-
mum number of cascades allowed in the model, and (iv) a

threshold concerning the minimum reduction in MSE required
before a candidate cascade could be accepted into the model.6

How these parameter settings were determined is explained
next.

As noted, only two profiles were used to construct the
training input, which left 13 profiles for testing. Each time, 12
of these 13 were used to determine values for the above
parameters, and then the parallel cascade model having the
chosen parameter settings was tested on the remaining (“held
out”) profile. This process was repeated until each of the 13
profiles had been tested. The 12 profiles used to determine the
parameter values will be referred to as the evaluation set, which
never included the profile held out for testing.

The parameter values were determined each time by finding
the choice of memory length, polynomial degree, maximum
number of cascades allowed, and threshold that resulted in
fewest errors in classifying the 12 profiles. The limit on the
number of cascades allowed actually depended on the values
of the memory length and polynomial degree in a trial. The
limit was set to ensure that the number of variables introduced
into the model was significantly less than the number of output
points used in the identification. Effective combinations of
parameter values did not occur sporadically. Rather, there were
ranges of the parameters, e.g., of memory length and threshold
values, for which the corresponding models were effective
classifiers. When the fewest errors could be achieved by more
than one combination of parameter values, then the combina-
tion was selected that introduced fewest variables into the
model. If there was still more than one such combination, then
the combination of values where each was nearest the middle
of the effective range for the parameter was chosen. Each time
it was found that it was possible to achieve the best perfor-
mance (two to three errors depending on the 12 profiles in the
evaluation set) and employ fewest cascade variables, if the same
four parameter values were used. This meant that the identical
parallel cascade model was in fact chosen for each classification
of the held out profile. This model had seven cascades in total,
each beginning with a linear element having memory length
of 12, followed by a seventh degree polynomial static non-
linearity. Figure 3A shows the impulse response functions of
the linear elements in the second, four, and sixth cascades, and
Figure 3B shows the corresponding polynomial static non-
linearities that followed.

Each time, the profile held out for testing was classified by
appending, in the same order as used above, the raw expression
levels of genes in the profile to form an input signal. This input
was then fed through the identified model, and its mean output
was used to classify the profile. If the mean output was
negative, the profile was classified as “failed treatment”, and if
positive as “successful treatment”. This decision criterion was
taken from the earlier protein classification study.7

4. Predicting Treatment Outcome

The parallel cascade model correctly classified five of the
seven “failed treatment” (F) test profiles and five of the six
“successful treatment” (S) test profiles. The corresponding
Matthews’ correlation coefficient11 was 0.5476. Two different
aspects of the parallel cascade prediction of treatment response
were tested, and both times reached statistical significance.
First, the relative ordering of profiles from the two outcome
types by their model mean outputs was tested by the Mann-
Whitney test, a nonparametric test to determine whether the
model detected differences between the two profile types. The
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second aspect of the PCI prediction concerned how well the
individual values of the classifier output for the seven F and
six S test profiles correlated with the class distinction.

How did the model mean outputs order the test profiles from
the two outcome types? If the parallel cascade model did not
detect differences between the two types, then the relative
ordering of F and S profiles by value of mean output should
be random. The parallel cascade mean outputs were ranked
as shown in Table 1, which indeed demonstrates that mean

outputs for F test profiles tend to be less than those for S test
profiles. The corresponding Mann-Whitney test statistics were
U ) 8, U′ ) 34. This meant that the way the parallel cascade
model distinguished between F and S profiles was significant
at the 0.0367 level on a one-tailed test, for n1 ) 7, n2 ) 6. A
one-tailed test was used because, due to the way the model
had been trained, the mean output was expected to be less for
a failed than for a successful outcome profile.

Next, the identified parallel cascade model was found to act

Figure 3. (A) Impulse response functions of linear elements L2 (solid line), L4 (dashed line), and L6 (dotted line) in the second, fourth,
and sixth cascades of the identified model. (B) Corresponding polynomial static nonlinearities N2 (diamonds), N4 (squares), and N6

(circles) in the identified model; input to static nonlinearity (horizontal axis) vs output of static nonlinearity (vertical axis).
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as a transformation that converts input sequences of 200 gene
expression values each into output signals whose individual
values correlate with the F vs S class distinction. Because the
model had a memory length of 12, the first 11 points of each
output signal were excluded to allow the model to “settle”, so
that the 13 test profiles gave rise to 13 × 189 ) 2457 output
values. Of these, 1323 output values corresponded to the seven
F test profiles and 1134 to the six S test profiles. For the S
profiles, the proportion of output values that were positive was
109% of the corresponding proportion for F profiles, while the
S profiles’ proportion of output values that were negative was
90% that for F profiles. Indeed, with a Yates-corrected ø-square
of 5.13 (P < 0.0235), output values corresponding to test S
profiles tended to be positive more often, and negative less
often, than those corresponding to test F profiles. Finally, the
actual values of the outputs also correlated with the F vs S
distinction. The 1323 output values corresponding to the test
F profiles totaled -535.93, while the 1134 output values for test
S profiles totaled 3209.14. Indeed, point biserial correlation
showed that there was a highly significant relation between the
actual values of the output signals for the test profiles and the
F vs S class distinction (P < 0.0102). Recall that the model’s
memory length was 12. Hence, limiting the calculation of point
biserial correlation to every 12th output value would avoid any
overlap in gene expression levels used to obtain such output
values. The relation of these 208 output values to the F vs S
distinction is still highly significant (P < 0.0155).

5. Predicting Leukemia Class

Parallel cascade identification was also used to distinguish
between ALL and AML classes. Since this problem is simpler,
only a few results are mentioned here; further details and
results will be provided in a future paper. The first 15 ALL and
all 11 AML profiles in the original set of ref 1 were used to
construct a training input. The training output was again
defined as -1 over input segments from the first class and 1
over segments from the second class. For trial values of the
four parameters mentioned above, parallel cascade models
were identified from the training input and output. Resulting
classification performance over the entire original set of 27 ALL
and 11 AML profiles was used to select the final model.

In this way, it was possible to build a model capable of
classifying, with only two errors, the 34 profiles in an indepen-
dent set from ref 1. While the whole original set had been
employed to compare the performance of the different models,

only the 26 profiles noted above had been used in creating the
training input. However, all of the original set could be used
to construct the training input to increase the resulting
classifier’s generalization to the independent set. Golub et al.1

used the entire original set to train their ALL-AML predictor,
which then was able to classify correctly all of the independent
set except for five where the prediction strength was too low
for a decision. These results are comparable. Indeed, because
of the simplicity of the ALL/AML distinction, minor differences
in the number of profiles correctly classified would not indicate
how different methods would compare on more difficult
problems such as prediction of treatment response. However,
it is notable that, when only the first ALL profile and AML
profile from the original set were used to form the training
input, a parallel cascade model was identified that averaged
83% correct in classifying remaining profiles in the set. Finally,
as will be shown in a future paper, there is a strategy for using
the profiles in training so that 11 of each class from the original
set suffice for correct classification of all profiles in the
independent set.

6. Discussion and Future Applications

PCI is only one approach to predicting treatment response,
and other methods can certainly be applied. Competing
techniques for interpreting patterns of gene expression include
aggregative hierarchical clustering,12 self-organizing maps,13

K-means-clustering2,14 referred to above, K-nearest neighbors,15

support vector machines,15 and artificial neural networks.16

Importantly, it has been shown in the present paper to be
possible to predict long-term response of AML patients to
chemotherapy using the Golub et al. data, and now wider
implications can be considered. For example, the method for
predicting clinical outcome described here may have broader
use in cancer treatment and patient care. In a clinical situation,
a set of expression profiles taken at time of diagnosis, for which
the future clinical outcomes were known, could be used to
determine the PCI classifier and its required parameter values.
The resulting classifier could then be employed to predict the
outcome for newly diagnosed patients. In particular, it has
recently been shown that there are significant differences in
the gene expression profiles of tumors with BRCA1 mutations,
tumors with BRCA2 mutations, and sporadic tumors.17 Class
prediction may be applied to distinguish the gene expression
profiles of these tumor classes, predict recurrence, and assist
in selection of treatment regimen.
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