
Abstract. Cyclophosphamide (CY) is a clinically used cytotoxic
agent that is effective in a wide range of tumor types including
breast and small cell lung cancers. However, by far not all
patients benefit from CY therapy. We used patient tumor
explants grown in nude mice as an experimental model system to
identify a gene signature that, based on a tumor’s gene
expression profile, predicts its CY response. Forty-nine human
tumor xenografts of different histologies were defined as the
training set. Correlation of the gene expression profiles of
untreated tumors to the sensitivity of the same tumors to CY led
to the identification of 129 transcripts as predictive biomarkers
for CY response. Interestingly, the products of 12 of these genes
were known to interact at least indirectly with CY. A leave-one-
out cross-validation approach led to a correct prediction of the
CY response of the training set tumors in 15 out of 18 cases
(83%) as compared to a response rate of 18 out of 49 (32%),
following random testing. For an independent set of 25
previously untested tumors with known gene expression profiles
(validation set) CY sensitivity was predicted correctly for 6 out
of 8 tumors (75%), and CY resistance for 15 out of 17 tumors
(88%). In comparison, random testing of the same tumors
resulted in a response rate of 8 out of 25 (32%). For the same
25 tumors, the median minimum T/C value for predicted
responders was 1% as compared to 49% for predicted non-
responders. Finally, for tumor types considered as CY sensitive
such as small cell lung and breast cancers as well as melanoma,
the combined real and predicted response rates for 37 tested and
26 untested tumors was 49%. In contrast, for tumor types
considered as CY resistant, including colon and renal cancer,
the combined real and predicted response rate for 37 tested and

75 untested tumors was only 13%. Taken together, we identified
a gene signature that can predict tumor response to CY and
warrants clinical validation.

In the clinic, the alkylating agent CY is active in a broad
spectrum of tumor types. It is used in combination
chemotherapy regimens for the treatment of breast, small
cell lung and endometrial cancers as well as in Hodgkin’s
and non-Hodgkin’s lymphoma, sarcomas and multiple
myelomas (1-7). However, only a subset of patients benefit
from combination chemotherapy. Most patients relapse and
many suffer from side effects. It would, therefore, be of
interest to identify in advance patients that do not benefit
from treatment with CY and select an alternative therapy
that is likely to be more effective.

The advent of DNA array technology has made it
possible to derive global tumor gene expression profiles. In
principle, it should be possible to correlate such profiles
with tumor response and thereby identify gene signatures
that can predict drug sensitivity. However, since CY is
mainly administered in combination therapy, even for
patients that do benefit, it is virtually impossible to assess
the contribution of CY to the therapeutic success. Even
worse, there is no information on how the tumor would
have grown in the absence of any treatment.

Patient tumor explants subcutaneously transplanted and
passaged in nude mice, termed human tumor xenografts,
allow it to study the efficacy of drugs as single agents and
in combination by using tumor-bearing vehicle control
mice as an internal control and thus, avoiding the
described limitations in the clinic. On the other hand, the
patient-derived tumor xenografts typically retain the
histology and drug sensitivity of the original tumors. Thus,
90% of the tumors, that underwent remission in the
patient, also regressed as xenografts in mice if mice
received the same treatment as the patient. Conversely,
97% of the tumors that progressed in patients, also
progressed as xenografts in mice (8). Taken together, these
observations demonstrate the clinical relevance of this
experimental system. 

187

Correspondence to: André Korrat, Oncotest GmbH, Institute for
Experimental Oncology, Am Flughafen 12-14, D-79108 Freiburg,
Germany. Tel: +49 761 51559 11, Fax: +49 761 51559 55, e-mail:
∞ndre.Korrat@oncotest.de

Key Words: Gene expression profile, tumor sensitivity, microarray,
support vector machine, SVM, independent validation, leave-one-
out cross-validation.

CANCER GENOMICS & PROTEOMICS 4: 187-196 (2007)

Gene Signature-based Prediction of Tumor 
Response to Cyclophosphamide

ANDRÉ KORRAT, THOMAS GREINER, MARTINA MAURER, 
THOMAS METZ and HEINZ-HERBERT FIEBIG

Oncotest GmbH, Institute for Experimental Oncology, Am Flughafen 12-14, D-79108 Freiburg, Germany

1109-6535/2007 $2.00+.40



Here, we used the patient tumor xenograft system to
obtain relevant CY monotherapy efficacy data for
correlation with the tumors’ gene expression profiles and
subsequent identification of a gene signature predictive for
tumor response to CY. By employing this signature we show
that the CY response rate of predicted responders is
significantly higher than that of randomly tested tumors.

Materials and Methods

Animals. Athymic nude mice of NMRI genetic background were
either supplied by our own breeding facility or purchased from
Bomholtgard, now Taconic, Rye, DK. In the first passage, tumors
from male patients were implanted into male mice, tumors from
female patients into female mice. All efficacy tests were carried out
in female mice with the exception of testicular and prostate
cancers. All animal experiments were performed according to
German Animal License regulations and were approved by the
local authorities.

Tumors. From more than 1,600 resected solid human malignancies,
we were able to establish more than 400 tumor models growing
subcutaneously in serial passage in nude mice (8). For efficacy tests,
two fragments of 1.5-2 mm in diameter were implanted
subcutaneously into both flanks of each mouse, for tumors inducing
cachexia, only one tumor per mouse was implanted. Testings were
performed using tumor xenografts in serial passage after their growth
had become regular, for most tumors this was between passage 2 and
10. Tumors were not used for more than 10-15 passages after thawing
and implanting tumor pieces from frozen master stocks. Four tumor
xenografts used in this study were established from human tumor cell
lines (MCF7, T24, SKOV3 and CCRF-CEM).

Tumor measurements. Tumors were measured either weekly or, for
fast growing tumors, twice weekly and volumes were calculated
according to the formula a*b2/2 where a is the longest diameter
and b the perpendicular axis. Relative tumor volumes were
calculated for each individual tumor according to tumor size on day
x divided by tumor size on day 0, i.e. at randomization (see below),
multiplied by 100. Group median relative tumor volumes were used
for evaluation.

Design of efficacy tests. For efficacy tests, tumor-bearing mice were
selected randomly for the vehicle treated control group and the test
groups approximately 10-30 days after implantation when tumors
had grown to mean tumor diameters of 6 mm (range: 5-7 mm)
equal to a tumor volume of approximately 100 mm3. Each test
group consisted of 5 or 6 animals collectively bearing between 6
and 10 evaluable tumors. The day of randomization was designated
as day 0. Day 0 was also the first day of dosing. The experiments
were evaluated after 4-6 weeks or after 2-3 weeks for very fast
growing tumors.

Chemotherapy. CY was administered in monotherapy at i.p.
(intraperitoneal) doses of 200 mg/kg on days 0 and 14. This was the
maximum tolerated dose (MTD) for tumor-bearing nude mice, as
apparent from a lethality of 20% after 3 weeks. The CY treatment
regimen used for mice mimicked the clinical schedules, with the
exception that in the clinic treatment is usually repeated after 3 weeks. 

Evaluation parameters for tumor response. Test/control (T/C%)
values, i.e. the ratio of median relative tumor volumes for test and
control groups were calculated for all measurement time points,
and the minimum T/C value recorded during an experiment was
taken as the endpoint for evaluation of tumor sensitivity. The
observation period was 3 to 4 weeks for progressive tumors and
longer for tumors undergoing remission. Mice had to be sacrificed
when the volume of their tumors exceeded 1600 mm3. For the
bioinformatic analysis, the tested tumors were classified either as
responders (R, minimum T/C ≤10%) or as non-responders (NR,
minimum T/C >10%). The classification borders were chosen in
such a way that the ratio of R to NR was approximately 1:2, thus
roughly matching the clinical situation and allowing statistically
sound correlations of gene expression and efficacy data.

Tumor excision and RNA extraction. For mRNA preparation,
tumors were grown in untreated mice. Following sacrifice of mice
by cervical dislocation, tumors were excised without delay, and
tumor pieces free of necrosis were flash frozen in liquid nitrogen.
Following mechanical tissue disruption, total tumor RNA was
extracted using the RNeasy Mini kit (QIAGEN, Hilden, Germany).
Prior to array analysis, one round of T7 promotor-based RNA
amplification was performed.

Microarrays, microarray data processing and normalization.
Affymetrix® HG-U133 Plus 2.0 mRNA expression arrays were used
to determine the expression of 47,400 transcripts, corresponding to
38,500 human genes (9). These arrays have proven high
reproducibility for mRNA expression analysis (10).

CEL result files were pre-processed using the gc-RMA (11)
algorithm independently for array data of training and validation
set tumors. Afterwards each transcript was normalizined to the
50th percentile of each single array.

Identification of predictive transcripts. To identify predictive
transcripts, an iterative leave-one-out/intersection process was
used (Figure 1). Briefly, in a first step all transcripts with a
standard deviation >0.75 for at least one of the two
classification groups (R, NR) were filtered out because they
were unlikely to discriminate between the two groups. With 49
tumors in the training set, 49 gene lists consisting of the 300
most specific transcripts were generated by iteratively removing
one tumor at a time from the training set. The final list of 129
transcripts consisted of the intersection of these 49 gene lists.
The purpose of this iterative process was to reduce the risk of
underestimating the prediction error by reducing the number of
false positive transcripts. 

In each of these iteration steps the most specific transcripts,
which have a raw signal intensity of at least 30 in at least (49-1)/4
tumors, were determined by choosing the 300 transcripts with the
highest specificity rank defined by 1/(ANOVA p-value + 1/Fishers
rank). This specificity rank is a measure for the ability of a
transcript to discriminate between the two classification groups.
ANOVA p-value was calculated by Welch ANOVA and Fisher’s
rank describes the rank of every transcript according to the
hypergeometric Fisher’s exact test. This calculation was performed
by Genespring’s BioScript SG2c-2 (Agilent, Santa Clara, USA).
Class prediction algorithm. Support-vector-machines (SVMs) are
powerful pattern recognition techniques assigning objects
unequivocally to one of two classes. They build robust prediction
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models even when the dimensionality is high and the number of
training samples is small. They have recently been used successfully
to classify microarray data (12-14). A Gaussian SVM (radial basis)
was used as class prediction algorithm. This type of SVM gave the
best prediction results in the leave-one-out cross-validation and,
consequently, was used to predict the independent data set as well.

Leave-one-out cross-validation. Predictive gene signatures were
generated using the expression profiles and sensitivity data of all n
test tumors as a training set. Leave-one-out cross-validation
(LOOCV) involved removing a single tumor from the original
training set of n tumors and using the remaining n-1 tumors as the
training set and the removed tumor for validation. This procedure
was repeated such that each tumor in the original training set was
used once for validation.

Results 

Tumor classification based on response to CY treatment. In
this study, a total of 74 tumor xenografts of different
histologies were subjected to efficacy tests with CY. As
many as 49 out of the 74 test tumors formed the tumor
training set (Table I A), and their CY responses and gene
expression profiles were used to derive a gene signature
predictive for CY response. The remaining 25 test tumors
were used for independent validation of the gene signature
(Table I B and see below). 

Based on their response to CY, the 74 tested tumors were
grouped into 2 categories, 26 responsive tumors (35%) with a
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Figure 1. Algorithm for the derivation of gene sets predicting the cyclophosphamide sensitivity of tumors.



minimum T/C value during the observation period of ≤10%
(referred to as R) and 48 non-responsive tumors (65%) with
a minimum T/C value of >10% (referred to as NR). Most of
the responders underwent a complete or a partial remission
in response to CY treatment, some tumors displayed stasis.
With regard to tumor types (see Table I for details), R
tumors were mainly found among small cell lung cancers (4
out of 5 tested), breast tumors (6 out of 10) and melanomas
(5 out of 8). The responses of R tumors would certainly
translate into a clinical benefit for the tumor-bearing patient.
The NR tumors comprised 48 out of the 74 tested tumors
(65%). Most of the NR tumors progressed despite CY-
treatment. The NR tumors included, among others, 7 out of
8 tested colon cancers, 7 out of 10 non-small cell lung
cancers, 6 out of 7 renal cell cancers, 6 out of 6 ovarian
cancers and 3 out of 3 pleuramesotheliomas (Table I). 

Biological function of the genes contained in the predictive
gene signature. Bioinformatic analysis of the CY responses
and the gene expression profiles of the 49 training set
tumors led to the definition of a gene signature predictive
for CY response. This gene signature is made up of 129
different genes. The protein products of 67 of these genes
have a known biological activity, as apparent from the
overlap of the predictive gene signature with the gene
ontology biological process categories as defined by the
gene ontology consortium (Table II). The fact that overlaps
with DNA-related gene ontology categories were most
significant was not surprising, given that CY is a DNA
alkylating agent. Twelve genes (ANP32A, BTAF1, CBL,
DNMT1, DPP4, FEN1, GADD45A, PLSCR1, PRKDC,
PSEN1, TIEG, VAMP3) of the predictive gene list are
known to interact at least indirectly with CY (Figure 2).

Leave-one-out cross-validation of the predictive gene signature.
To demonstrate the utility of the predictive gene signature,
in a first step leave-one-out cross-validation (LOOCV) was
performed, using the training set of 49 tested tumors.
Predictions for CY response were correct in 15 out of 18
cases (83%) and predictions of CY resistance were correct
in 28 out of 31 cases (90%) (sensitivity 0.83, specificity 0.90).
The corresponding figures for random testing were 36.7 and
63.3%, respectively.

Validation based on a set of independent, previously untested
tumors. More convincing than a leave-one-out cross-validation
based solely on the training set is a validation based on a set of
independent, previously untested tumors. For this, 25 tumors
previously not tested for sensitivity to CY were selected. Using
the predictive gene signature and the available gene
expression profiles of the 25 tumors, their responses to CY
monotherapy were predicted and the predictions were
compared with the results of real efficacy tests. As shown in
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Table I. CY sensitivity of tested tumor xenografts.

A) Tumor Training Set

B) Tumor Validation Set

The CY response of each tumor is expressed as the minimum T/C
value recorded during the observation period; tumors with a minimum
T/C ≤10% were classified as responsive, tumors with a minimum T/C
>10 as non-responsive.



Table III, 6 out of 8 tumors (75%) predicted to respond to
CY actually did respond. Conversely, out of 17 tumors
predicted to be non-responders, 15 (88%) were non-
responders in real testings. For comparison, following random
testing of the same 25 tumors, 8 tumors (32%) responded to
CY treatment while 17 out of the 25 tumors (68%) fell into
the class of non-responders. In summary, compared with
random testing, biomarker-guided testing increased the

response rate to CY treatment from 32 to 75% and the
frequency of non-responders increased from 68% for random
testing to 88% among predicted non-responders.

Comparison of real T/C values for predicted responders versus
predicted non-responders. If the predictions of tumor CY
responses match real CY tumor sensitivities, then the real
minimum T/C values of predicted responders should on
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Figure 2. The products of 12 genes present in the gene signature predictive for tumor response to CY have a known direct or indirect relationship to CY.
Data from PathwayStudio 4, Ariadne Genomics.



average be smaller than the minimum T/C values of
predicted non-responders. Using the validation set tumors
as test tumors, this was indeed the case (Figure 3). Thus, the

median minimum T/C value for the 8 tumors predicted to
display a minimum T/C value ≤10% (predicted responders)
was 1% while the minimum median T/C value of the 17
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Table II. Overlap of the 129 genes predictive for tumor response to CY and the Biological Process Gene-Ontology.

Biological process Genes in category % of Genes i Genes in Lis % of Genes i p-value

Gene ontology groups that have a significant overlap (p<0.05) with the gene list are shown according to decreasing statistical significance.



predicted non-responders (predicted minimum T/C value
>10%) was 49%. Statistical analysis of minimum T/C values
based on the Mann-Whitney rank sum test demonstrated
the significance of the difference (p=0.004). In conclusion,
in real testings predicted responders exhibited a clearly
better CY response than predicted non-responders.

Frequency of real and predicted responders among CY sensitive
and CY resistant tumor types. In addition to the 74 combined
training and validation set tumors whose CY sensitivities and
gene expression profiles had been used to derive and validate
a gene signature predictive for CY response, 101 additional
untested tumors with known gene expression profiles were
available. We used the gene signature predictive for CY tumor
responses to predict the CY response of those 101 tumors and
subsequently compared the experimentally determined CY
responses of the 74 training and validation set tumors with the
predicted CY responses of 101 untested tumors. The results
are presented separately for tumor types known to be CY-
sensitive in the clinic on the one hand (Table IV A) and for
tumor types that are largely resistant to CY or whose CY
sensitivity has not yet been tested in the clinic (Table IV B).

Among the 74 training and validation set tumors, 37 (50%)
belonged to CY-sensitive tumor types. Twenty of them (54%),
including 6 breast cancers, 5 melanomas and 4 small cell lung
cancers, proved to be sensitive to CY in real testings while the
remaining 17 tumors, among them 6 ovarian cancers, 4 breast
cancers and 3 melanomas, proved to be resistant. For the 101
untested tumors, 26 (25.7%) belonged to CY sensitive tumor
types and 11 out of the 26 (42%) were predicted to be CY
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Table III. Real and gene signature-predicted efficacy of CY in 25 tumor
xenografts form an independent validation set.

Figure 3. Real cyclophosphamide sensitivities for validation set tumors
expressed as T/C values: predicted responders (predicted T/C ≤10%) vs.
predicted non-responders (predicted T/C >10%). The p-value was
determined using the Mann-Whitney Rank Sum Test.



sensitive, including 5 leukemias and lymphomas, 2 small cell
lung cancers and 2 melanomas while the remaining 15 tumors
(58%) were predicted to be non-responders, including 6
melanomas, 3 bladder cancers, 3 sarcomas and 2 breast
cancers. Summing up for the CY sensitive tumor types, 31 out
of a total of 63 tumors (49%) were either demonstrated or
predicted to be sensitive, while the remaining 32 tumors
(51%) were either demonstrated or predicted to be resistant.

The second half of the training and validation set tumors
belonged to tumor types considered as CY resistant. Six of
them (16%), among them 3 non-small cell lung cancers, were
sensitive in real testings while the remaining 31 (84%), among
them 10 non-small cell lung cancers, 8 colorectal carcinomas, 7
renal cell cancers and 3 pleuramesotheliomas, were resistant.
For the 101 untested tumors, 75 (74.3%) belonged to CY-
resistant tumor types and 9 of the 75 (12%) were predicted to
be sensitive, including 4 non-small cell lung cancers and 3
colon cancers, while the remaining 66 tumors were predicted

to be non-responders, including 24 non-small cell lung cancers,
16 colorectal carcinomas, 9 renal cell cancers, 6 gastric cancers,
4 head and neck cancers and 3 pancreatic cancers. Summing
up for the CY-resistant tumor types, 15 out of a total of 112
tumors (13%) were either demonstrated or predicted to be
sensitive, while the remaining 97 tumors (87%) were either
demonstrated or predicted to be resistant.

Taken together and in agreement with clinical data, the
presented results demonstrate that the real and the predicted
CY response rates are clearly higher among tumor types known
to be CY sensitive as compared to CY resistant tumor types.

Discussion 

We have used patient tumor explants passaged as xenografts
in nude mice in order to correlate tumor gene expression
profiles with the test tumors’ sensitivity to CY and have
thereby identified a gene signature predicting tumor
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Table IV. A. Cyclophosphamide efficacy in clinically sensitive tumor types: results for 37 tested tumors and predictions for 26 untested tumors.

Cancer type CY real CY predicted Cy real + predicted

R NR Total % R NR Total % R NR Total %

Bladder 1 2 3 33% 1 3 4 25% 2 5 7 29%
Leukemias+Ly 2 2 100% 5 5 100% 7 7 100%
Lung small cell 4 1 5 80% 2 1 3 67% 6 2 8 75%
Mammary 6 4 10 60% 0 2 2 0% 6 6 12 50%
Melanoma 5 3 8 63% 2 6 8 25% 7 9 16 44%
Myeloma 1 1 100% 0 0 1
Ovary 6 6 0% 0 6 6 0%
Sarcoma 1 1 0% 1 3 4 25% 1 4 5 20%
Testicle 1 1

Total 20 17 37 54% 11 15 26 42% 31 32 63 49%

Table IV. B. Cyclophosphamide efficacy in clinically resistant or untested tumor types: results for 37 tested tumors and predictions for 75 untested tumors.

Cancer type CY real CY predicted Cy real + predicted

R NR Total % R NR Total % R NR Total %

CNS 1 1 0%
Colon 1 7 8 13% 3 16 19 16% 4 23 27 15%
Gastric 2 2 0% 6 6 0% 8 8 0%
Head and Neck 1 1 0% 1 3 4 25% 1 4 5 20%
Liver 2 2 0% 2 2 0%
Lung NSCLC 3 7 10 30% 4 24 28 14% 7 31 38 18%
Pancreas 2 2 0% 3 3 0% 5 5 0%
Pleuramesothelioma 3 3 0% 1 1 2 50% 4 5 0%
Prostate 2 2 0%
Renal 1 6 7 14% 9 9 0% 15 16 0%
Uterus cervix 1 2 2 0c 2 2 0%

Total 6 31 37 16% 9 66 75 12% 15 97 112 13%



response to CY. The reason for using this experimental set-
up was that we wanted to avoid the limitations of clinical
studies in determining the contribution of a single drug to
therapeutic outcome. Nevertheless, at the same time we
wanted to work in a biologically relevant system in order to
be able to subsequently translate the results into the clinic.

The predictive gene signature we identified consists of
129 genes. The products of at least 18 of these genes
interact with DNA and the products of 12 of these genes are
already known to interact at least indirectly with CY. The
signature was validated at two levels. First, using leave-one-
out cross validation on the tumor training set, the CY
response of training set tumors was correctly predicted in
15 out of 18 cases (83%) as compared to a response rate of
18 out of 49 (32%), following random testing. Second, for
an independent set of 25 previously untested tumors with
known gene expression profiles (validation set) CY
sensitivity was predicted correctly for 6 out of 8 tumors
(75%) and CY resistance for 15 out of 17 tumors (88%).
For comparison, random testing of the same tumors
resulted in a response rate of 8 out of 25 (32%). For the
same 25 tumors, the median minimum T/C value for
predicted responders was 1% as compared to 49% for
predicted non-responders. Moreover, for tumor types
considered as CY sensitive including, among others, small
cell lung and breast cancer as well as melanoma, the
combined real and predicted response rates for 37 tested
and 26 untested tumors was 49%. For comparison, for
tumor types considered as CY resistant such as colon and
renal cancer, the combined real and predicted response
rates for 37 tested and 75 untested tumors was 13%.

With regard to validation, it should be noted that if a
LOOCV is performed with only one common gene
signature determined collectively for all training set tumors,
there is a high risk of overestimating the predictive power
of that signature. By using the iterative leave-one-out
process in determining the predictive genes (see Materials
and Methods Section, above), we reduced that risk.
Consequently, we obtained nearly the same error rates for
LOOCV of the training set and the following prediction of
the independent dataset, indicating that the obtained results
can be generalised.

In conclusion, all results obtained for the CY predictive
gene signature are consistent and plausible and
generalization appears to be justified. The next step is the
validation of the CY specific gene signature in the clinic.
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