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Abstract
Purpose and Experimental Design: Cancer sera contain

antibodies which react with a unique group of autologous
cellular antigens called tumor-associated antigens (TAAs),
but the low frequency of positive reactions against any
individual antigen has precluded use of autoantibodies as
useful diagnostic markers. With enzyme immunoassay, we
examined antibody frequencies to a panel of seven TAAs,
c-myc, cyclin B1, IMP1, Koc, p53, p62, and survivin, in 527
cancer patients (64 breast cancer patients, 45 colorectal
cancers, 91 gastric cancers, 65 hepatocellular carcinomas, 56
lung cancers, and 206 prostate cancers), and 346 normals.
We used recursive partitioning to assess whether we could
accurately classify individuals as either cancer patients or
normals on the basis of the profile of antibody reactivity to
the seven TAAs for each individual.

Results: Recursive partitioning resulted in the selection
of subsets of the seven-panel TAA, which differentiated
between tumors and controls, and these subsets were unique
to each cancer cohort. The classification trees had sensitiv-
ities ranging from 0.77 to 0.92 and specificities ranging from
0.85 to 0.91 in the cancer cohorts when normal means �2

SDs were used as standard cutoffs for immunoassay positiv-
ity. Antibody to cyclin B1 was the initial discriminating node
for gastric and lung cancers, and for hepatocellular carci-
noma, and was a subsequent discriminating node in all of the
other cancer cohorts. c-myc was the initial discriminating
node in breast cancer, p62 in prostate cancer, and IMP1 in
colon cancer. Recursive partitioning demonstrated that no
more than three of the seven TAAs were needed for any
cancer cohort to arrive at these levels of sensitivity and
specificity.

Conclusions: This initial study shows that multiple an-
tigen miniarrays can provide accurate and valuable tools for
cancer detection and diagnosis. Performance of the miniar-
rays might be enhanced by other combinations of TAAs
appropriately selected for different cancer cohorts.

Introduction
Autoimmunity as manifested by the development of anti-

bodies to autologous cellular antigens is increasingly observed
to be associated with cancer. For example, autoantibodies to
p53, the tumor suppressor protein, were first reported in 1982
(1), and since then there have been numerous reports confirming
and extending this finding (reviewed in Ref. 2). Although fac-
tors leading to the production of such autoantibodies are not
completely understood, we have proposed (3) that autoantibod-
ies might be used as reporters identifying aberrant cellular
mechanisms in tumorigenesis. In addition, the use of autoanti-
bodies as serological markers for cancer diagnosis is feasible
because of the general absence of particular autoantibodies in
normal individuals and in noncancer conditions. In a prelimi-
nary investigation in a large population of cancer patients (4),
we found that antibody frequencies to two TAAs,2 p62 and Koc,
were 11.6% and 12.2%, respectively. Some sera that were
negative for antibody to one TAA were positive for antibody to
the other so that with a two-antigen panel as the substrate, the
number of positive reactors increased to 20.5%. This raised the
possibility that if other TAAs were selected and the antigen
panel was increased in number, the frequency of antibodies
might be additionally increased.

In the current study, we examine antibody frequencies to
seven TAAs, c-myc, cyclin B1, IMP1, Koc, p53, p62, and
survivin, in 527 cancer patients (64 breast cancer patients, 45
colorectal cancers, 91 gastric cancers, 65 HCCs, 56 lung can-
cers, and 206 prostate cancers), and 346 normals. We use a
multivariate statistical methodology, recursive partitioning, to
assess whether we can accurately classify individuals as either
cancer patients or normals on the basis of the profile of antibody
reactivity to the seven TAAs in each individual. We show that
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with a panel of seven selected TAAs reasonable sensitivity and
specificity can be achieved in discriminating between cancer
patients and normals; hence, TAA miniarrays might provide a
viable approach to tumor detection and diagnosis.

Materials and Methods
Patients and Sera. The serum bank of the Tumor Cell

Engineering Laboratory of Xiamen University has a collection
of sera from cancer patients that has been used for epidemio-
logical and other studies, and this laboratory made available sera
from 321 patients with different types of cancer, including 64
with breast cancer, 45 with colorectal cancer, 91 with gastric
cancer, 65 with HCC, and 56 with lung cancer. Sera from 206
prostate cancer patients treated at Loma Linda University Med-
ical Center were also available for this study. As controls, sera
were obtained from 82 individuals from Fujian province who
were having annual health examinations and who had no evi-
dence of malignancy. In addition, 264 control sera from the San
Diego area came from a large epidemiological and genetic study
of hemochromatosis in which these “normal” sera were obtained
from the nonhospitalized adult San Diego population (courtesy
of Dr. Ernest Beutler, The Scripps Research Institute). In total,
then, we had sera from 527 cancer patients and 346 normals.
This study was approved by the Institutional Review Boards of
the respective academic centers.

Expression and Purification of Recombinant TAAs.
Seven antigens, c-myc, cyclin B1, IMP1, Koc, p53, p62, and
survivin, were selected for expression of recombinant proteins.
Recombinant p62 was expressed from a clone derived from
cDNA expression library by immunoscreening with antibody
from a patient with HCC (5). p62 cDNA was subcloned into
pET28a vector producing a fusion protein with NH2-terminal 6x
histidine and T7 epitope tags. The recombinant protein ex-
pressed in Escheria coli BL21 (DE3) was purified using nickel
column chromatography. Koc cDNA cloned in the pcDNA3
vector (6) was similarly subcloned into pET28a vector and
recombinant protein expressed as above. IMP1 construct
pCMV5-IMP1 was kindly provided by Finn C. Nielsen (Copen-
hagen, Denmark; Ref. 7) and p53 clone (p53SN3) by Yuxin Yin
of Columbia University (New York, NY), and were also sub-
cloned into pET28a for protein expression. cDNA from c-myc
was amplified by PCR from human fetal liver tissue and sur-
vivin cDNA from human survivin expressed sequence tag clone
(BG258433) before subcloning in pET28a vector. Recombinant
cyclin B1 had been prepared and used previously (8), and was
isolated from a pGEX construct expressing cyclin B1 with
glutathione S-transferase fusion partner. Expression of adequate
amounts of recombinant protein was examined in SDS-PAGE,
and Coomassie Blue staining was used to determine whether
expression products of expected molecular sizes were produced.
In addition, Western immunoblot analysis was used to confirm
that the bands seen in SDS-PAGE were reactive with reference
antibodies. The antibodies used were rabbit polyclonal anti-
IMP1 from Nielsen et al. (7) and anti-Koc/IMP3 from Müller-
Pillasch et al. (6), which were raised against specific COOH-
terminal peptides of the respective proteins and anti-p62, which
was raised against the full-length protein (5). Reactivities of
p53, c-myc, and cyclin B1 were determined with monoclonal

antibodies obtained from Oncogene Research Products (Boston,
MA.) Rabbit polyclonal antisurvivin antibody raised against
the COOH-terminal peptide was obtained from ProSci Inc.
(Poway, CA).

ELISA. Purified recombinant proteins were diluted in
PBS to a final concentration of 0.5 �g/ml, and 200 �l aliquots
were pipetted into each well to coat Immulon 2 microtiter plates
(Dynatech Laboratories, Alexandria, VA). All of the human sera
were diluted 1:200 in PBS, incubated with antigen-coated wells
at room temperature for 90 min followed by washing with PBS,
and developed with horseradish peroxidase-conjugated goat an-
tihuman IgG (Caltag Laboratories, San Francisco, CA) using the
substrate 2,2�-azinobis (3-ethylbenztheizoline-6-sulfonic acid;
Boehringer Mannheim GmbH, Mannheim, Germany). Each se-
rum sample was tested in duplicate, and the average absorbance
at 490 nm was used for data analysis. Because several hundred
test sera were analyzed at different time periods, each run of
ELISA included 10 normal human serum samples and 2 positive
control samples. The 10 NHS samples were selected to represent
a range of 2 SD above and below the mean of the normals, and
the average value of the 10 normals was used in each run to
normalize all of the absorbance values to the standard mean of
all of the normals. In addition, all of the positive sera were
confirmed with repeat testing, as were some negative sera. All
of the immunoassays were performed in one laboratory
(E. M. T.) skilled in this technique.

Statistical Considerations. A multivariate statistical
methodology, recursive partitioning (9–11), was used to classify
individuals as either normals or cancer patients on the basis of
the reactivity of each individual to the panel of 7 antigens.
Recursive partitioning is nonparametric in nature, imposing no
a priori restrictions on the distributional forms of the predictor
variables. The recursive partitioning algorithm is simple and
intuitive. At each step, the recursive partitioning program de-
termines for each variable (in this case for each of the seven
antibodies) a cut point that optimally splits all of the individuals
into cases (cancer) and controls (normal) and selects the variable
that performs best. It then takes the resulting subpopulations and
repeats the process on each until no additional partitioning is
warranted: either a subpopulation contains one class of individ-
uals or the subpopulation is too small to subdivide anew. The
program RPART (12); freely available on the internet,3 imple-
mented in R, was used to generate the decision trees depicting
the classification rules generated through recursive partitioning.
When growing each tree, we assigned equal prior probabilities
to the normal and cancer cohorts, and equal misclassification
costs. Pruning of the trees (to correct for overtraining) was
undertaken using the 1 SE rule described by Breiman et al. (9).

ELISA results are typically dichotomized by selection of a
threshold or cutoff absorbance value: an observed absorbance
value above the threshold connotes a positive reaction, below
the threshold, a negative reaction. Trees were initially con-
structed using prechosen cutoffs of normal means �3 SDs and
normal means �2 SDs on all of the antibody assays. That is,
input for each individual consisted of dichotomous variables

3 Internet address: http://lib.stat.cmu.edu.
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“positive” or “negative” on each antibody assay, along with
group membership (cancer cohort or normal). Normal mean �3
SD and normal mean �2 SD have conventionally been used to
distinguish abnormal or positive from normal or negative in
antibody assays, so these trees should provide benchmarks of
“standard” performance. Error rates associated with these trees
were determined by simple resubstitution, and are summarized
by sensitivity or true positive rate (likelihood of correctly clas-
sifying cancer patients) and specificity or true negative rate
(likelihood of correctly classifying normals). Because resubsti-
tution may be overly optimistic, we also used 10-fold cross
validation (13) to evaluate prospectively the error rates of these
trees, as follows. Each data set was randomly divided into 10
equally sized subsets, and a classification tree was derived with
9 subsets (the learning set) and tested with the remaining subset
(the training or validation subset). This cross-validation was
repeated 10 times for complete coverage, and the results on the
training sets combined to calculate the predictive accuracy and
error rates for the tree.

Choosing identical cutoffs in terms of means plus multiples
of SDs may not be optimal in terms of operating characteristics
of the recursive partitioning decision rules, so we also investi-
gated trees in which input consisted of the actual absorbance
values on each of the antibody assays for each individual rather
than the dichotomous positive or negative declaration. The
RPART program was allowed to select suitable cutoffs on each
of the absorbance scales for classification purposes without
respect to means and SDs. Again, 10-fold cross-validation was
used to evaluate prospectively the error rates of these trees.

Results
Antibody Titers to a Panel of TAAs. In Fig. 1 we

display the absorbances relating antibody titers to TAAs with
the various cancer cohorts and normal controls. It is apparent
by examining the median titers that antibodies to certain
TAAs should prove useful for distinguishing particular can-
cer cohorts from normal controls: for example, breast, hep-
atocellular, and gastric cancer patients appear to have sub-
stantially higher levels of antibodies to c-myc than normals;
and, cyclin B1, IMP1, and Koc appear elevated in virtually
all of the cancer cohorts relative to the normal controls. On
the other hand, there is substantial overlap in antibody levels
between normals and cancer cohorts for other antigen-anti-
body systems; for example, it appears unlikely that antibodies
to survivin by themselves will be useful in distinguishing
most cancer patients from normals. Gastric cancer patients
seem well differentiated from normals on the basis of five of
the seven antibody levels, the exceptions being p62 and
survivin. We next addressed the issue of whether there exist
optimal subsets of the seven antigen-antibody panel for dis-
criminating the cancer cohorts from normals, and for this, we
used the recursive partitioning approach as described above.

Trees for Discriminating between Cancer Cohorts and
Normal Controls. We first examine two a priori decision
rules: an individual is considered positive for antibody to a
particular antigen if the absorbance of that individual exceeds
the mean plus three SDs or the mean plus two SD of the normal
absorbances in the corresponding immunoassay. The resulting

Fig. 1 Values of antibody titers to different cancer-associated antigens are expressed as absorbance units obtained from enzyme immunoassays. The
sera were obtained from 64 breast cancer patients, 45 colorectal cancers, 91 gastric cancers, 65 HCCs, 56 lung cancers, 206 prostate cancers, and 346
normals. Horizontal lines mark median absorbances within each cohort.
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pruned trees are displayed in Figs. 2, A and B, and operating
characteristics of these trees are summarized in Table 1.

In general, the trees associated with the two cutoff stand-
ards within each cancer cohort are consistent in that they entail
examination of responses to the same antigens. Interestingly,
cyclin B1 appears in every tree and is the first determinant or the
initial node for both lung cancer trees as well as both gastric
trees, one of the colon trees and one of the HCC trees. Positivity
to c-myc is the initial split (determinant) in both breast cancer
trees and p62 in both prostate cancer trees. c-myc appears solely
in breast and HCC trees; Koc appears in breast, gastric, and lung
cancers, and survivin does not appear in any tree. P53 appears

only in the lung (3 SD cutoff) and colon (2 SD cutoff) cancer
trees.

Note from Table 1, the clear trade-off between sensitivity
and specificity as we vary the cutoffs: sensitivity tends to
decrease and specificity tends to increase as the assay cutoffs
increase. Over this range of cutoffs, sensitivities are more vari-
able than specificities: that is, there can be dramatic differences
in sensitivities (for example colon from 0.60 to 0.84 or prostate
from 0.59 to 0.77) depending on the cutoff chosen for assay
positivity.

Fig. 2, A and B, and Table 1 also reveal some interesting
relationships obtained with the recursive partitioning approach.

Fig. 2 Classification trees for
breast, colorectal, gastric,
HCC, lung, and prostate can-
cer, based on recursive parti-
tioning analysis for positive
(�) or negative (�) antibodies
to each of seven TAAs. Trees
are based on the entire samples
of cancer cohorts and normals
as depicted in Fig. 1. Cutoff for
positivity in each assay is taken
as normal mean �3 SDs (A)
and normal mean �2 SDs (B).
In each tree, decision points or
nodes are indicated in bold as
for example for breast cancer,
the initial node uses c-myc for
partitioning. The numbers be-
low each node represent the
number of normals (initially
346) and the number of cancer
cases (with breast cancer, ini-
tially 64), which were analyzed
there. In breast cancer, the pos-
itive branch of the initial node
detected 5 normals and 24
breast cancer cases with anti-
bodies to c-myc (A). The re-
maining subpopulation to the
left of the node (341 normals
and 40 breast cancer) was ad-
ditionally partitioned for anti-
body to Koc, and the negative
normals and breast cancer pa-
tients were again partitioned
for antibodies to cyclin B1. The
terminal leaves of the trees
(classification sites) are also in-
dicated in bold. Note that in the
case of breast cancer, 14 pa-
tients were positive for anti-
Koc and further down the tree,
7 of 26 cases were positive for
anticyclin B1. In this particular
tree, 329 of 346 controls were
correctly classified as normal,
and similarly 45 of 64 breast
cancer patients were correctly
classified as cancer. The trees
for other cancer cohorts in A
and B follow the same principle
as that described for breast can-
cer in A.
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For discrimination between breast cancer and normal controls,
the use of c-myc, Koc, and cyclin B1 of the seven TAAs is
sufficient to reach fairly good sensitivity and specificity levels,
from 0.70 to 0.92 for sensitivity and from 0.85 to 0.95 for
specificity. Different cancer cohorts approach these levels of
sensitivity and specificity but with the use of different TAAs.
For colon cancer, this is IMP1, cyclin B1, and p53; for gastric
cancer, HCC, and lung cancer, the relevant antigens are cyclin
B1, IMP1, and Koc, and for prostate cancer, they are p62, cyclin
B1, and IMP1. It needs to be mentioned at this point that the
sensitivities and specificities obtained have to be considered in
the context of the seven TAAs used for analysis. Although these
seven TAAs have all been reported to be targets of autoanti-
bodies in cancer (4–8, 14–16), they might not be the optimal
candidate autoantigens for particular types of tumors. It is likely
that with some cancer cohorts, other TAAs that we have not
tested may result in yet higher degrees of sensitivity and spec-
ificity.

Optimal Discrimination between Cancer Cohorts and
Normals. Although performance with fixed cutoffs is remark-
ably good, we investigated whether we could develop even
better classification trees by allowing the cutoffs to vary among
the antibodies. The resulting trees are displayed in Fig. 3, and
operating characteristics of these trees are given in Table 2. We
note that we could outperform the fixed cutoffs, with no in-
creased complexity in the trees (with the exception of prostate
cancer). Note also that the absorbance trees generally involve
the same antibodies as the fixed cutoff trees (although cyclin B1
is no longer so prominent a player). A more valid assessment of
the operating characteristics of the optimal trees is obtained
from 10-fold cross-validation; we find that the cross-validated
estimates of sensitivity drop by �0.10 to 0.18, and specificity
0.05 to 0.13, relative to the retrospective trees.

Discussion
We have found that classification trees based on the panel

of seven TAAs can discriminate between cancer cohorts and
normals with reasonably high sensitivity and specificity, both
typically exceeding 0.80. The multivariate approach under
which the joint distribution of antigen profiles is considered
yields far higher values of sensitivity and specificity than would
be obtained had we solely looked at individual TAAs in isola-
tion (17).

Choice of cutoffs for positivity in the underlying immuno-

assays can dramatically affect performance of the classification
trees. For example, selection of the normal mean �3 SDs for
positivity in each immunoassay seems overly stringent, and
leads to unacceptably high false-negative rates (ranging from
0.23 to 0.41). When selection of the cutoff for positivity used the
normal mean �2 SDs, the false-negative rates were reduced to
a range of 0.08–0.23 (Table 1). We have also analyzed these
sets of data using a cutoff of 1 SD of the normal mean. Although
the false-negative rates were lower, the false-positive rates were
higher, ranging from 0.13 to 0.21. The false-positive rates at this
cutoff were considered too high to be of value when compared
with the false positive rates using mean plus either 2 SD or 3 SD
cutoffs (Table 1).

Recursive partitioning is a well-established statistical
methodology, and its application to classification problems in
oncology first appeared some 20 years ago (18). There have
been several recent studies reporting the use of recursive parti-
tioning to address different issues related to cancer, including
the use of DNA gene microarrays to analyze expression data
from 2000 genes in normal and colon cancer (19), generalized
recently (20). In addition, recursive partitioning has been used
by the Radiation Therapy Oncology Groups to determine sub-
groups in head and neck tumors having unique outcomes (21)
and identification of prognostic subgroups in patients with non-
small cell lung cancer (22). Classification and regression tree
analysis has been used in the study of unknown primary carci-
noma to estimate the survival probability of an individual pa-
tient (23) and also in the analysis of recurrence in breast cancer
after radiation and chemotherapy (24, 25). A particular advan-
tage of recursive partitioning for classification relative to other
methodologies we might have used (e.g., discriminant analysis
and logistic regression) is that the trees are easy to interpret and
often capture much of the relevant covariate structure of the
data, including complex interactions and nonlinearities. The
very low error rates of the classification trees are reassuring, if
not surprising. Of greater import is that the error rates under
prospective evaluation (10-fold cross-validation) remain rather
small, suggesting that this methodology may well be useful for
cancer diagnosis. In this regard, we must emphasize that posi-
tive and negative predictive values will critically influence
accuracy of the trees in any clinical setting; that is, the effect of
prevalence on the predictive values of the trees will be pro-
nounced (26). On the other hand, the classification trees can be

Table 1 Operating characteristics of the classification trees depicted in Fig. 2, using normal means � 3 SD or normal means � 2 SDs as
cutoffs for positivity

Cancer

3 SD cutoff Cross-validated values 2 SD cutoff Cross-validated values

True pos True neg True pos True neg True pos True neg True pos True neg

Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity

Breast 0.70 0.95 0.67 0.94 0.92 0.85 0.88 0.87
Colon 0.60 0.95 0.50 0.94 0.84 0.90 0.63 0.92
Gastric 0.69 0.94 0.70 0.91 0.89 0.87 0.83 0.89
HCC 0.55 0.97 0.55 0.91 0.80 0.91 0.78 0.85
Lung 0.77 0.93 0.67 0.95 0.80 0.90 0.77 0.89
Prostate 0.59 0.96 0.52 0.96 0.77 0.87 0.64 0.89
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tuned to reflect different prior probabilities, or costs of misclas-
sification, of the normal and cancer categories.

The TAAs studied here include oncogene product c-myc
and tumor suppressor gene product p53. Cyclin B1 has been
reported to be antigenic in humoral and cell-mediated immune
responses in HCC and epithelial cell tumors, respectively (8,
15). p62 (5), Koc (6), and IMP1 (7) are three proteins containing
similar RNA-binding motifs, and their mRNAs are either over-
expressed in cancer (6, 14) or antibodies have been identified to
the protein products (4, 5). Survivin is a cellular protein that is
antiapoptotic (27), and antibodies have been found in cancer
sera (16). Full-length recombinant proteins rather than peptide

fragments of these proteins were used as antigens in immuno-
assay so that theoretically all of the antigenic determinants of
each protein were available and sera from other autoimmune
disorders were examined to establish that antibody reactivities
observed in the present study were cancer-specific and not
because of nonspecific immunoreactivity (17).

This initial study was based on seven selected TAAs. In
this regard, we could expect that incorporation of additional
antigens or of other antigens replacing those in this seven TAA
panel might additionally improve the operating characteristics
of the screens for the various types of cancer. There is support
at the genetic level for this notion. Gene abnormalities such as
mutations or overexpression tend to occur in combinations that
vary from tissue to tissue (28), and if autoimmune responses
represent immune system reactions to abnormal gene expression
(3), one might then expect differences in autoantibody profiles
from one type of tissue cancer to another. Panels or arrays of
TAAs could be expanded to include, among others, several
other known TAAs such as HER-2/neu and ras, cell-cycle
proteins besides cyclin B1 and antigens involved in cell-
mediated immune reactions, many of which might have con-
comitant humoral immune responses (29, 30).
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