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Early diagnosis of epithelial ovarian cancer (EOC) would signifi-
cantly decrease the morbidity and mortality from this disease but
is difficult in the absence of physical symptoms. Here, we report a
blood test, based on the simultaneous quantization of four ana-
lytes (leptin, prolactin, osteopontin, and insulin-like growth factor-
II), that can discriminate between disease-free and EOC patients,
including patients diagnosed with stage I and II disease, with high
efficiency (95%). Microarray analysis was used initially to deter-
mine the levels of 169 proteins in serum from 28 healthy women,
18 women newly diagnosed with EOC, and 40 women with
recurrent disease. Evaluation of proteins that showed significant
differences in expression between controls and cancer patients by
ELISA assays yielded the four analytes. These four proteins then
were evaluated in a blind cross-validation study by using an
additional 106 healthy females and 100 patients with EOC (24 stage
I�II and 76 stage III�IV). Upon sample decoding, the results were
analyzed by using three different classification algorithms and a
binary code methodology. The four-analyte test was further vali-
dated in a blind binary code study by using 40 additional serum
samples from normal and EOC cancer patients. No single protein
could completely distinguish the cancer group from the healthy
controls. However, the combination of the four analytes exhibited
the following: sensitivity 95%, positive predictive value (PPV) 95%,
specificity 95%, and negative predictive value (NPV) 94%, a con-
siderable improvement on current methodology.

insulin-like growth factor-II � leptin � osteopontin � prolactin

Epithelial ovarian cancer (EOC) is the fourth leading cause of
cancer-related death in women in the U.S. and the leading

cause of gynecologic cancer death. EOC is characterized by few
early symptoms, presentation at an advanced stage, and poor
survival. Despite being one tenth as common as breast cancer,
EOC is three times more lethal. This year �22,220 women will
be newly diagnosed with ovarian cancer, and 16,210 will die from
the disease (1). The high mortality rate is due to the difficulties
with the early detection of ovarian cancer. Indeed, �80% of
patients are diagnosed with advanced staged disease. In patients
who are diagnosed with early disease (stage I or II), the 5-yr
survival ranges from 60% to 90%, depending on the degree of
tumor differentiation (2, 3). In patients with advanced disease,
80–90% will initially respond to chemotherapy, but �10–15%
will remain in permanent remission (4). Although advances in
treatment have led to an improved 5-yr survival rate approaching
45%, overall survival has not been enhanced (2, 5).

Two alternative strategies have been reported for early detection
by using serum biomarkers. One approach is the analysis of serum
samples by mass spectrometry to find proteins or protein fragments
of unknown identity that detect the presence�absence of cancer
(6–8). Alternatively, analysis of the presence�absence�abundance
of known proteins�peptides in the serum using antibody microar-
rays, ELISA, or other approaches has yielded a number of biomar-
ker combinations with increased specificity and sensitivity for
ovarian cancer relative to CA-125 alone (9–11). Serum biomarkers
that are often elevated in women with EOC include carcinoem-

bryonic antigen, ovarian cystadenocarcinoma antigen, lipid-
associated sialic acid, NB�70, TAG 72.3, CA-15.3, and CA-125. The
most commonly used biomarker is CA-125, which identifies a group
of cell surface glycoproteins of uncertain biological significance.
Although CA-125 is elevated in 82% of women with advanced
EOC, it has very limited clinical application for the detection of
early stage disease, exhibiting a positive predictive value (PPV) of
�10%. Even the addition of ultrasound screening to CA-125
measurement improves the PPV to only �20% (6). By efficiently
combining information on CA-125II (containing antibody M11 in
addition to OC-125), CA-72-4, and macrophage-colony stimulating
factor (M-CSF), preoperative early-stage sensitivity was signifi-
cantly increased from 45% with CA-125II alone to 70%, while
maintaining 98% specificity in patients with diagnosed active
disease (12). Unfortunately, although this approach has increased
the sensitivity and specificity of early detection, published biomar-
ker combinations still fail to detect a significant percentage of stage
I�II EOCs (3). The lack of specific markers for EOC makes it
difficult to achieve the clinical objective of early detection using
noninvasive screening methods. Thus, the identification of other
cancer-specific markers for early detection of EOC is essential to
improve our ability to accurately detect premalignant changes or
early stage EOC in asymptomatic women. A method that is rapid,
sensitive, specific, quantitative (at least relative to known stan-
dards), and reproducible is required.

In the present study, we describe the characterization of a
blood test based on four analytes [leptin, prolactin, osteopontin
(OPN), and insulin-like growth factor-II (IGF-II)] that can
discriminate between disease-free and cancer patients, including
patients diagnosed with stage I�II disease. The process used in
developing this panel of protein markers involves several differ-
ent screening steps using samples obtained from different pa-
tient populations and validation with different techniques. A
final evaluation was performed in a blind manner with a
different cohort and analyzed by multiple statistical approaches
including a simple binary assay based on single, statistically
derived analyte split points. The final results of the test have
shown a sensitivity of 95%, a specificity of 95%, a PPV of 95%,
and a negative predictive value (NPV) of 94%.

Materials and Methods
Sample Collection. Ten milliliters of blood was collected from each
individual and centrifuged at 800 � g for 10 min and the serum
fraction was separated, aliquotted, and stored at �80°C in the
OB�GYN Tissue bank at Yale University School of Medicine
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until further use. Collection, preparation, and storage of the
blood samples were done by using guidelines set by the National
Cancer Institute Inter-group Specimen Banking Committee.
Qualified personnel obtained informed consent from each in-
dividual participating in this study.

Patient Population. Serum samples for antibody microarray anal-
ysis were collected from 86 individuals as part of a phase I clinical
trial to determine the efficacy of phenoxodiol as an EOC
therapy. Twenty-eight study participants were healthy and dis-
ease-free, 18 were newly diagnosed stage III�IV EOC, and the
remaining 40 were patients with recurrent disease (stage III�
IV). The average age of the disease-free individuals was 60.8 yr,
whereas the average age of the EOC patients was 57.1 yr. None
of the patients and age-matched normal controls were receiving
hormone replacement therapy (HRT) at the time of sample
collection. Any person who had received any type of HRT or
EOC therapy �6 months before the enrollment was disqualified
for this study. Serum samples used in the blinded ELISA
cross-validation study were collected from 100 patients and 106

healthy�disease-free individuals as part of the Yale New Haven
Hospital Early Detection program (Human Investigation Com-
mittee no. 10425). The age- and weight-matched control group
consisted of 66 healthy�disease-free women with no history of
disease (average age, 58.4 yr) and 40 high-risk women (having
one or more first-degree relatives diagnosed with ovarian can-
cer) who were disease-free at the time of sample collection
(average age, 57.6 yr). Of the 100 patients with EOC, 24 women
were diagnosed with stage I�II (average age, 59.5 yr) and 76
women with stage III�IV disease (average age, 63 yr). Finally, an
additional cohort of 40 individuals (8 healthy, 32 EOC cancer
patients, including 3 with stage I-II) was recruited for blind
validation of the marker set with criteria developed by using
prior samples.

Serum Analysis Using Cytokine Rolling Circle Amplification (RCA)
Microarrays. Antibody microarray screening was done under a paid
research subcontract by Molecular Staging (a biotechnology com-
pany based in New Haven, CT) by using proprietary technology
(13). A total of 169 proteins were analyzed in this RCA study. The

Table 1. Analytes showing a significant (P < 0.05) difference in expression between ovarian cancer patients and normal controls

Analyte

Healthy Ovarian cancer
Healthy-ovarian

cancer

Effsize P valueMean SD N Mean SD N Mean SD

6Ckine 9.18 0.52 28 9.67 0.69 51 �0.49 0.64 �0.76 0.001813
ACE 12.09 0.43 28 11.67 0.61 51 0.42 0.56 0.76 0.001763
BDNF 13.7 0.92 28 12.82 1.21 51 0.88 1.12 0.79 0.001293
CA125 7.05 0.42 28 11.3 2.45 51 �4.25 1.99 �2.13 �0.000001
E-Selectin 13.83 0.62 28 13.4 0.76 51 0.44 0.71 0.61 0.011176
EGF 8.41 1.63 28 10.14 1.57 51 �1.73 1.59 �1.09 0.000015
Eot2 13.12 1.11 28 12.55 1.2 51 0.57 1.17 0.49 0.04228
ErbB1 11.79 0.39 28 11.36 0.55 51 0.44 0.5 0.87 0.000383
Follistatin 10.26 0.63 28 10.76 1.02 51 �0.49 0.9 �0.55 0.0225
HCC4 13.93 0.59 28 14.17 0.45 51 �0.25 0.5 �0.49 0.04178
HVEM 8.33 0.67 28 8.75 0.7 51 �0.42 0.69 �0.61 0.011777
IGF-II 13.53 0.46 28 13.04 0.53 51 0.49 0.51 0.97 0.000094
IGFBP-1 13.24 1.58 28 13.97 1.34 51 �0.73 1.43 �0.51 0.033016
IL-17 8.78 0.56 28 8.24 0.55 51 0.53 0.55 0.96 0.000105
IL-1srII 9.96 0.6 28 9.48 0.69 51 0.48 0.66 0.72 0.002983
IL-2sR� 13.14 0.67 27 13.77 0.57 51 �0.63 0.6 �1.04 0.00004
Leptin 12.77 1.62 27 10.83 2.78 51 1.94 2.44 0.79 0.00134
M-CSF R 12.98 0.35 28 12.78 0.37 51 0.19 0.37 0.53 0.027136
MIF 10.75 0.75 28 11.82 0.75 51 �1.07 0.75 �1.42 �0.000001
MIP-1a 6.85 0.69 28 6.45 0.73 51 0.4 0.71 0.56 0.020757
MIP3b 7.55 0.73 28 7.92 0.8 51 �0.37 0.77 �0.48 0.043303
MMP-8 13.92 1.03 28 14.53 0.82 51 �0.61 0.9 �0.68 0.004956
MMP7 11.57 0.48 28 12 0.58 51 �0.43 0.55 �0.79 0.001262
MPIF-1 9.27 0.6 28 9.9 0.7 51 �0.63 0.67 �0.94 0.000155
OPN 12.62 0.79 28 13.81 0.69 51 �1.2 0.73 �1.64 �0.000001
PARC 14.21 0.2 28 14.38 0.23 51 �0.17 0.22 �0.78 0.001318
PDGF Rb 10.74 0.97 28 10.13 1.13 50 0.61 1.08 0.56 0.019795
Prolactin 11.01 0.51 28 11.75 1.12 51 �0.74 0.95 �0.78 0.001445
ProteinC 13.59 0.31 28 13.24 0.38 51 0.35 0.36 0.97 0.000089
TGF-b RIII 10.46 1.15 28 11.46 1.12 51 �1 1.13 �0.88 0.000344
TNF-R1 10.14 1.23 28 10.73 1.18 50 �0.59 1.2 �0.5 0.039197
TNF-a 7.06 0.97 28 6.3 0.7 51 0.75 0.8 0.94 0.000152
VAP-1 14.06 0.28 24 13.78 0.65 44 0.29 0.55 0.52 0.042888
VEGF R2 8.84 0.38 28 8.59 0.49 51 0.26 0.46 0.56 0.0189
VEGF R3 10 0.55 28 9.51 0.67 51 0.49 0.63 0.78 0.001388

6Ckine; ACE, angiotensin I-converting enzyme; CA125, cancer antigen 125; Eot2, eotaxin 2; ErbB1, epidermal growth factor receptor 1; HCC4, hemofiltrate
CC chemokine 4; HVEM, herpesvirus entry mediator; IGFBP-1, IGF-binding protein-1; IL-1srII, IL-1 soluble receptor II; IL-2sR�, IL-2 soluble receptor �; M-CSFR,
macrophage colony-stimulating factor receptor; MIP, macrophage-inflammatory protein; MMP, matrix metalloproteinase; MPIF, myeloid progenitor inhibitory
factor; PARC, pulmonary and activation-regulated chemokine; PDGF, platelet-derived growth factor; VAP, vesicle-associated membrane protein-associated
protein A.

7678 � www.pnas.org�cgi�doi�10.1073�pnas.0502178102 Mor et al.
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full list of these proteins and the cognate antibodies used on the
microarray are considered proprietary information of Molecular
Staging and must be obtained directly from the company.

Serum Analysis Using ELISA Analysis. ELISA assay kits for each of
the analytes selected for further analysis were purchased from
Diagnostic Systems Laboratories (Webster, TX) or Assay De-
signs (Ann Arbor, MI). These analytes were as follows: EGF,
macrophage inhibitory factor-1 (MIF-1), TNF-�, leptin, prolac-
tin, IL-17, OPN, and IGF-II. Assays were performed following
kit instructions. Plates were read on a Spectra Max M2 Micro-
plate Reader (Molecular Devices) with the appropriate baseline
correction for each assay.

Statistical Analysis. ANOVA was used to test the significance of
the protein expression differences between ovarian cancer pa-
tients and healthy controls, by using the General Linear Mode
procedure of SAS. Sample size effects were measured as the
difference in mean between the two groups, normalized by
within-group standard deviation: Effect Size � (Mean�Group1-
Mean�Group2)�Std�Group1�Group2.

To differentiate between normal�high risk and ovarian cancer
patients, three commonly used classification methods were used:
support vector machine (SVM), k-nearest neighbors (k-NN), and
classification trees (14). We used either leave-one-out or a
10-fold cross-validation procedure to evaluate the initial classi-
fication accuracy. To obtain a distribution of classification
accuracy, the 10-fold cross-validation was run 1,000 times.

In addition to these three classification methods, we used
split-point analysis to produce a score-based classification
method that is more biologically interpretable. Split points are
derived as follows. Suppose there are n samples classified into
two groups. For each marker X, let x1, x2,. . . , xn be the observed
measurements. We screen n � 1 split points y1, y2, . . . , yn-1, where
yk � (xk � xk�1)�2 for k � 1, 2, . . . , n � 1. For each split point
yk, there are a1 and a2 observed measurements less than yk in the
first and the second groups, respectively; and there are b1 and b2
observed measurements greater than yk in the first and the
second groups, respectively. If the left and the right sides of yk
are assigned to the first and the second groups, respectively, then
there are a2 � b1 misclassified samples (i.e., as either a false
positive or a false negative). If the left and the right sides of yk
are assigned to the second and the first groups, respectively, then
there are a1 � b2 misclassified samples. We choose the assign-
ment of a single split point that minimizes the number of
misclassified samples. For each marker, the split point defines

two intervals: one for normal and another for cancer. Score 0 is
assigned to an individual if the related observation falls in the
normal interval; otherwise, score 1 is assigned. Overall, an
individual is assigned a score as the sum of these assigned scores
from m different markers. Therefore, the range of such scores is
between 0 and m. A given threshold t is chosen to optimally
separate cancer from healthy individuals; e.g., a given individual
with a total score �t is predicted to have normal status, whereas
an individual with a score �t will be diagnosed to have disease.
By using these four biomarkers, a score of 1 or below is required
for healthy status, whereas a score of 2 or above indicates cancer.

Results
We first analyzed the expression levels of 169 proteins in serum
samples from 18 untreated EOC patients and 28 healthy, age-
matched controls by means of RCA immunoassay microarray
(13). In this initial screen, 35 proteins were differentially ex-
pressed between healthy women and newly diagnosed EOC
patients based on ANOVA tests, with P values of �0.05. These
results are shown in Table 1.

Fig. 1. Four tumor markers identified for which the RCA microarray data and ELISA data were completely concordant in classifying serum from normal and
EOC individuals in the training cohort. Microarray data are expressed as median fluorescence intensity (mfl); ELISA data are expressed as average protein
concentration (ng�ml).

Fig. 2. Analyte concentration distributions in ELISA assays of leptin (graph
1), prolactin (graph 2), OPN (graph 3), and IGF-II (graph 4) from 106 normal (N)
and 100 EOC (C) individuals. The average concentrations were as follows:
leptin, 12 ng�ml (N) and 3 ng�ml (C); prolactin, 1 ng�ml (N) and 40 ng�ml (C);
OPN, 11 ng�ml (N) and 49 ng�ml (C); and IGF-II, 716 ng�ml (N) and 350 ng�ml
(C). No single assay can completely distinguish the cancer group from the
normal group.

Mor et al. PNAS � May 24, 2005 � vol. 102 � no. 21 � 7679
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A subset of proteins were selected for independent ELISA
testing because (i) they exhibited significant differences in protein
expression between the 28 individuals used as the control group for
microarray analysis and 40 additional patients with recurrent EOC,
(ii) similar levels of expression were observed in newly diagnosed
patients and patients with recurrent disease, (iii) ELISA tests were
available commercially for these analytes, and (iv) they had com-
pelling biological reasons for their evaluation. These analytes were:
EGF, MIF-1, TNF-�, leptin, prolactin, IL-17, OPN, and IGF-II.
Based on ELISA testing of 50 subjects from the original sample set
(25 control, 25 EOC), EGF, TNF-�, and IL-17 did not provide
consistent differentiation between the cancer and control serum
samples. Although MIF-1 was a promising marker, we were unable
to identify ELISA kits that were reliably available to continue
testing; thus, MIF-1 was not examined further.

As shown in Fig. 1, four proteins (leptin, prolactin, OPN, and
IGF-II) showed perfect correlation between the RCA microar-
ray immunoassays and the ELISA assays and were able, when
used together, to completely discriminate the control and cancer
training group samples.

This combination of four biomarkers (leptin, prolactin,
OPN, and IGF-II) was then assayed in a blinded cross-
validation study consisting of 206 serum samples, which in-
cluded samples from 106 healthy subjects and 100 ovarian
cancer subjects stages I-IV. The concentration ranges for each
analyte in serum from the normal individuals and EOC
patients are shown in Fig. 2. As can be seen, both prolactin and
OPN are significantly elevated in EOC serum, whereas leptin
and IGF-II levels are reduced.

To differentiate between subjects with ovarian cancer and
healthy subjects after sample decoding, statistical cluster analysis
was performed. None of the four markers could reliably separate
the normal and cancer groups using the least squares fit in a
traditional binary analysis of the data set in Fig. 2, although pair
plots of the four markers showed better separation between
subjects in these two groups (data not shown).

Three commonly used classification methods [support vector
machine (SVM), 3-nearest neighbors (3-NN), and classification
trees (Tree)] were used to evaluate the classification accuracy
with either leave-one-out or 10-fold cross-validation procedure.
For 10-fold cross-validation, 1,000 reiterations were run to

obtain a distribution of classification accuracy. Table 2 summa-
rizes these classification results.

To develop a rapid assessment method for future testing, we
used data from the 206 samples to develop split points for each
of the markers. The split point divides the sample space into two
intervals: one for normal and another for cancer. The best split
point for each marker was chosen to minimize the number of
misclassified individuals. A score of 0 is assigned to an individual
if the related analyte value falls in the normal interval; otherwise,
a score of 1 is assigned. Table 3 gives the split-point concentra-
tion scoring criterion for each analyte.

Individual marker classifications using the split-point system
were inadequate to classify cancer from normal when used as
single markers. However, by using split-point analysis with four
markers in which cancer is predicted by having two or more
markers with a score of 1, 96 of 100 EOC patients (96%) were
correctly diagnosed with ovarian cancer (including 23 of 24
patients with stage I�II EOC). In the healthy group, 6 of 106
individual were diagnosed incorrectly (5.6%).

Finally, an additional 40 samples were analyzed in a blind fashion
by using the split-point classification scheme, and the split points
previously determined were used to assign individuals to either
normal or EOC groups. Thirty-seven of the 40 samples were
correctly identified. The results of the split-point scoring method for
all 246 individuals tested in the blind studies are presented in Fig.
3. The overall performance characteristics were as follows: sensi-

Fig. 3. Four-analyte split-point analysis of serum from healthy women
(Healthy) and women with EOC (Cancer). Correctly classified normal serum
should have a score of 0 or 1, whereas samples from cancer patients have a
score of 2, 3, or 4. False-positive and false-negative samples are readily
detected.

Table 3. Split-point scoring for each marker

Marker Split point Left interval Right interval

Leptin 2.5 Cancer (1) Normal (0)
Prolactin 10 Normal (0) Cancer (1)
OPN 21 Normal (0) Cancer (1)
IGF-II 491 Cancer (1) Normal (0)

The split-point scoring procedure is as follows. For each marker, find the
best split point to minimize the number of misclassified individuals. The split
point divides the sample space into two intervals: one for normal and another
for cancer. A score of 0 is assigned to an individual if the related analyte value
falls in the normal interval; otherwise, a score of 1 is assigned. Overall, an
individual is assigned a score as the sum of the assigned scores from four
different markers, the range of such scores being 0–4.

Table 2. Statistical analysis results using three different methods

Classification
methods Leave-one-out, %

1,000 10-fold cross-validation, %

Min Max Median Mean 95% C.I.

SVM 96.6 96.1 97.6 96.6 96.5 (96.1, 97.1)
3-NN 93.2 91.3 95.1 93.2 93.2 (91.7, 94.2)
Tree 94.2 91.7 96.1 94.6 94.5 (93.2, 95.6)

SVM, support vector machine; 3-NN, 3-nearest neighbors; Tree, classification trees.

7680 � www.pnas.org�cgi�doi�10.1073�pnas.0502178102 Mor et al.
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tivity 95%, specificity 95%, PPV 95%, and negative predictive value
94%. The predictive performance of each individual marker rela-
tive to the combined observations for the four markers was deter-
mined by plotting sensitivity (true positive) against 1-specificity
(false positive) values. The resultant receiver operating character-
istic (ROC) curves (Fig. 4) clearly demonstrate the enhanced
predictive performance of combined marker analysis, although
prolactin performed quite well as an individual marker.

Discussion
Epithelial ovarian cancer is the leading cause of death from
gynecologic malignancies in the U.S., primarily due to the lack
of a sensitive screening method. In the present study, we describe
development of a blood test, based on four biomarkers, that
exhibits a high specificity and sensitivity. This test is able to
differentiate healthy individuals from ovarian cancer patients
with an overall sensitivity�specificity of �95%, including 26�27
patients with stage I and II EOC.

Ovarian cancer is a ‘‘relatively silent’’ disease with intraabdomi-
nal inaccessibility that makes the monitoring and early detection of
the disease using a noninvasive approach (such as serum tumor
markers) an attractive idea (15). This test should improve our ability
to accurately detect premalignant change or early stage ovarian
cancer in asymptomatic women at increased risk for the develop-
ment of ovarian cancer. However, it has been suggested that any
screening strategy for early detection must achieve a minimum of
99.6% specificity (16). Given the rarity of ovarian cancer, very low
levels of false positive classification will result in a large number of
women being incorrectly classified as potentially having ovarian
cancer. Thus, there is significant need for further improvement of
the four-analyte test reported here if the assay is to be used for

general population screening. Inclusion of MIF-1, CA125, or other
proteins previously implicated in EOC discrimination may further
enhance the sensitivity�specificity of such tests. We also assert that
initial serum screening of high risk individuals for a combination of
such analytes, if confirmed by retesting, should be followed by
additional evaluations, such as transvaginal ultrasound. This ap-
proach should provide a sufficiently low false-positive rate to justify
subsequent laparoscopic surgery on individuals with detectable
pelvic masses.

The general strategy for biomarker discovery reported here does
not require a large number of initial samples to identify potential
biomarkers. Furthermore, these potential biomarkers can then be
evaluated, both singly and in combination, by using conventional
ELISA assays. It is interesting to note that all of the four biomarkers
reported here have been suggested as potential cancer biomarkers
by other research groups, although they have never been tested
previously as a set. For example, prolactin levels have been reported
to be elevated in breast and prostatic cancer (17, 18). Similarly,
OPN levels have been reported to be elevated in cancers of the
breast (19), prostate (19), lung (19), colon (19), and pancreas (20),
multiple myeloma (21), as well as ovarian cancer (22, 23). IGF-II
has been reported to be decreased in breast cancer (24). These
observations are consistent with the EOC data provided here.
Studies on serum leptin present a more complex and paradoxical
picture. In vitro studies consistently show that leptin has angiogenic
and proliferative potential in cancer (25). Several reports document
higher leptin levels associated with cancer risk when leptin serum
levels are measured prospectively (26, 27). Normal or elevated
leptin levels have been documented in analyses of individuals done
at time points �1.5 yr before cancer detection for colorectal (ref.
26, elevated) and breast cancer (ref. 27, normal). However, when
leptin levels are measured at the time of diagnosis in patients with
gastrointestinal and other cancers, serum leptin levels are lower
than controls (28, 29). Thus, the levels of leptin found in serum may
be significantly affected by the timing of serum collection relative
to disease onset.

The markers that discriminate between normal and ovarian
cancer reported here may not be specific markers for EOC. Indeed,
preliminary studies on a limited number of sera from women with
other cancers (breast and uterine) exhibit positive results, in con-
trast to normal individuals, when assayed by the split-point four-
analyte assay, whereas women with benign ovarian and uterine
disease score negative. Although the discrimination between po-
tential breast and ovarian cancer may pose a problem with this set
of biomarkers, breast cancer is relatively easily detected at early
stages by mammography, magnetic resonance, and thermal infrared
imaging. The extent to which leptin, OPN, prolactin, and IGF-II can
serve as potential biomarkers of cancers other than EOC must be
investigated rigorously. Nevertheless, the data presented here sup-
port the existence of a highly accurate and distinct multiplex
proteomic set that can accurately distinguish between normal and
EOC patients, including stage I and II. In summary, our test showed
95% sensitivity, 95% specificity, a PPV of 95%, and a negative
predictive value of 94% using known serum protein markers.
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Energy Grant DE-FG02-002ER63462 (to D.C.W.) and by Nicholas
Brady and Jeffry Mayersohn (G.M.).

1. Jemal, A., Murray, T., Ward, E., Samuels, A., Tiwari, R., Ghafoor, A., Feuer,
E. L. & Thun, M. J. (2005) CA Cancer J. Clin. 55, 10–30.

2. Schwartz, D. R., Kardia, S. L., Shedden, K. A., Kuick, R., Michailidis, G.,
Taylor, J. M., Misek, D. E., Wu, R., Zhai, Y., Darrah, D. M., et al. (2002) Cancer
Res. 62, 4722–4729.

3. Lu, K. H., Patterson, A. P., Wang. L, Marquez, R. T., Atkinson, E. N., Baggerly,
K. A., Ramoth, L. R., Rosen, D. G., Liu, J., Hellstrom, I., et al. (2004) Clin.
Cancer Res. 10, 3291–3300.

4. Petricoin, E. F., Ardekani, A. M., Hitt, B. A., Levine, P. J., Fusaro, V. A.,
Steinberg, S. M., Mills, G. B., Simone, C., Fishman D. A., Kohn, E. C., et al.
(2002) Lancet 359, 572–577.

5. McIntosh, M. W., Urban, N. & Karlan, B. (2002) Cancer Epidemiol. Biomarkers
Prev. 11, 159–166.

6. Kozak, K. R., Amneus, M. W., Pusey, S. M., Su, F., Luong, M. N., Luong, S. A.,
Reddy, S. T. & Farias-Eisner, R. (2003) Proc. Natl. Acad. Sci. USA 100,
12343–12348.

Fig. 4. Receiver operating characteristic (ROC) curves for each individual
analyte and a combination of all four analytes. Marker 1, leptin; Marker 2,
prolactin; Marker 3, OPN; Marker 4, IGF-II; Fisher, all four analytes using
Fisher’s linear discriminant analysis; Score, all four analytes using split-point
analysis.

Mor et al. PNAS � May 24, 2005 � vol. 102 � no. 21 � 7681

M
ED

IC
A

L
SC

IE
N

CE
S

D
ow

nl
oa

de
d 

at
 P

al
es

tin
ia

n 
T

er
rit

or
y,

 o
cc

up
ie

d 
on

 D
ec

em
be

r 
20

, 2
02

1 



www.manaraa.com

7. Zhu, H. & M. Snyder. (2001) Curr. Opin. Chem. Biol. 5, 40.
8. Zhang, Z., Bast, R. C., Jr., Yu, Y., Li, J., Sokoll, L. J., Rai, A. J., Rosenzweig,

J. M., Cameron, B., Wang, Y. Y., Meng, X. Y., et al. (2004) Cancer Res. 64,
5882–5890.

9. McIntosh, M. W., Drescher, C., Karlan, B., Scholler, N., Urban, N., Hellstrom,
K. E. & Hellstrom, I. (2004) Gynecol. Oncol. 95, 9–15.

10. Woolas, R. P., Xu, F. J., Jacobs, I. J., Yu, Y. H., Daly, L., Berchuck, A., Soper,
J. T., Clarke-Pearson, D. L., Oram, D. H. & Bast, R. C. Jr. (1993) J. Natl. Cancer
Inst. 85, 1748–1751.

11. Schorge, J. O., Drake, R. D., Lee, H., Skates, S. J., Rajanbabu, R., Miller, D. S.,
Kim, J. H., Cramer, D. W., Berkowitz, R. S. & Mok, S. C. (2004) Clin. Cancer
Res. 10, 3474–3478.

12. Skates, S. J., Horick, N., Yu, Y., Xu, F. J., Berchuck, A., Havrilesky, L. J., de
Bruijn, H. W., van der Zee, A. G., Woolas, R. P., Jacobs, I. J., et al. (2004) J.
Clin. Oncol. 22, 4059–4066.

13. Schweitzer, B., Roberts, S., Grimwade, B., Shao, W., Wang, M., Fu, Q., Shu,
Q., Laroche, I., Zhou, Z., Tchernev, V. T., et al. (2002) Nat. Biotechnol. 20,
359–365.

14. Hastie, T., Tibshirani, R. & Friedman, J. H. (2001) The Elements of Statistical
Learning (Springer, New York).

15. Jha, P., Farooq, A., Rao, D. L., Agarwal, N. & Buckshee, K. (1991) Int. J.
Gynaecol. Obstet. 36, 33–38.

16. Jacobs, I. J. & Menon, U. (2004) Mol. Cell Proteomics 3, 355–366.
17. Tworoger, S. S., Eliassen, A. H., Rosner, B., Sluss, P. & Hankinson, S. E. (2004)

Cancer Res. 64, 6814–6819.

18. Mujagic, Z. & Mujagic, H. (2004) Croat. Med. J. 45, 176–180.
19. Fedarko, N. S., Jain, A., Karadag, A., Van Eman, M. R. & Fisher, L. W. (2001)

Clin. Cancer Res. 7, 4060–4066.
20. Koopmann, J., Fedarko, N. S., Jain, A., Maitra, A., Iacobuzio-Donahue, C.,

Rahman, A., Hruban, R. H., Yeo, C. J. & Goggins, M. (2004) Cancer Epidemiol.
Biomarkers Prev. 13, 487–491.

21. Standal, T., Hjorth-Hansen, H., Rasmussen, T., Dahl, I. M., Lenhoff, S.,
Brenne, A. T., Seidel, C., Baykov, V., Waage, A., Borset, M., et al. (2004)
Haematologica 89, 174–182,

22. Brakora, K. A., Lee, H., Yusuf, R., Sullivan, L., Harris, A., Colella, T. & Seiden,
M. V. (2004) Gynecol. Oncol. 93, 361–365.

23. Kim, J. H., Skates, S. J., Uede, T., Wong, K. K., Schorge, J. O., Feltmate, C. M.,
Berkowitz, R. S., Cramer, D. W. & Mok, S. C. (2002) J. Am. Med. Assoc. 287,
1671–1679.

24. Singer, C. F., Mogg, M., Koestler, W., Pacher, M., Marton, E., Kubista, E. &
Schreiber, M. (2004) Clin. Cancer Res. 10, 4003–4009.

25. Ribeiro, R., Lopes, C. & Medeiros, R. (2004) Eur. J. Cancer Prev. 13, 359–368.
26. Stattin, P., Palmqvist, R., Soderberg, S., Biessy, C., Ardnor, B., Hallmans, G.,

Kaaks, R. & Olsson, T. (2003) Oncol. Rep. 10, 2015–2021.
27. Stattin, P., Soderberg, S., Biessy, C., Lenner, P., Hallmans, G., Kaaks, R. &

Olsson, T. (2004) Breast Cancer Res. Treat. 86, 191–196.
28. Dulger, H., Alici, S., Sekeroglu, M. R., Erkog, R., Ozbek, H., Noyan, T. &

Yavuz, M. (2004) Int. J. Clin. Pract. 58, 545–549.
29. Mantovani, G., Maccio, A., Mura, L., Massa, E., Mudu, M. C., Mulas, C., Lusso,

M. R., Madeddu, C. & Dessi, A. (2000) J. Mol. Med. 78, 554–561.

7682 � www.pnas.org�cgi�doi�10.1073�pnas.0502178102 Mor et al.

D
ow

nl
oa

de
d 

at
 P

al
es

tin
ia

n 
T

er
rit

or
y,

 o
cc

up
ie

d 
on

 D
ec

em
be

r 
20

, 2
02

1 


