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Abstract 

This study aimed to find optimal biomarker combinations (panels) by using logistic 

regression for the purpose of comparing the accuracy of distinguishing cancerous from 

benign tumors at the earlier (Stages I and II) and advanced stages (Stages III and IV) of 

ovarian cancer. Data samples were extracted from 120 patients with benign ovarian cysts 

and 65 patients with ovarian cancer. The concentrations of 21 urine biomarkers specific to 

ovarian cancer were obtained using Luminex and used in the study. Data samples were 

divided into early-stage and advantage-stage sample groups, and 2–3 biomarker 

combinations with the best area under the curve (AUC) values were selected for each stage 

using logistic regression to identify the optimal combinations for the accurate diagnosis of 

ovarian cancer. Additionally, AUC, sensitivity, specificity, diagnostic accuracy, and positive 

and negative predictive values of all of the selected biomarker combinations were compared. 

Among the combinations of 2 biomarkers, the best performing combination showed AUC 

values of 85.83% and 97.98% for the early and advanced stages, respectively; the same for 

the 3-biomarker combinations was 92.77% and 98.74%, respectively. These results confirm 

that in ovarian cancer diagnosis, biomarkers are more effective in early-stage detection than 

in advanced-stage detection. 
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1. Introduction 

Ovarian cancer commonly shows no perceivable symptoms in its early stages, and its early 

diagnosis is extremely difficult because non-cancerous and cancerous tumors are not easily 

distinguishable using radiation-free diagnostic tests such as ultrasonography. This often leads 

to costly and unnecessary surgical examinations. Epithelial ovarian cancer, which accounts 

for approximately 90% of ovarian cancer cases, is usually detected at Stage III or IV; 

therefore, once the cancer is diagnosed, the 5-year survival rate is <40%. For this reason, the 
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development of a diagnostic method capable of the early detection of ovarian cancer is of 

paramount importance [1-2]. 

Biomarker-based cancer diagnostic tests are relatively simple assays of the serum or urine, 

and the early diagnosis of cancer is possible through biomarkers at a lower cost than other 

screening and diagnostic tests [3]. 

The United States Food and Drug Administration (FDA) approved cancer-associated 

biomarkers for cancer diagnosis and issued related regulations and guidelines in the “In Vitro 

Diagnostic Multivariate Index Assay” (IVDMIA) document in 2007. According to the FDA 

definition, the IVDMIA is a technique that combines the values of multiple biomarkers to 

yield a single patient-specific interpretation function capable of deriving “classification,” 

“score,” and “index” for the purposes of disease diagnosis, cure, mitigation, treatment, and 

prevention [4]. 

Enhanced diagnostic accuracy using a method that combines several biomarkers and 

quantifies the analyses using statistical techniques is needed. The IVDMIA is significant 

since the availability of a single biomarker with a diagnostic power of quasi-100% specificity 

to any given type of cancer is currently lacking. The advantage of IVDMIA is the possibility 

of integrating information from complementary biomarkers while using a single index for a 

single marker, thus obtaining better outcomes than when they are used separately [5]. 

OVA1 [5], which was developed by Vermillion, Inc. as an ovarian cancer IVDMIA and 

approved by the FDA in 2009, is an ovarian cancer diagnostic blood test that uses 5 serum 

proteins as biomarkers. OVA1 is used to test patients with a pelvic mass requiring surgery 

and to diagnose whether a pelvic mass is cancerous or non-cancerous based on the test score 

on a scale of 0–10. Correlogic System, Inc. [6] developed a protein multivariate index-based 

ovarian cancer test using a microbead-based antibody assay, thus overcoming the diagnostic 

limitation of conventional biomarkers based on a single protein. 

Amonkar [7] employed the random forest algorithm to discriminate ovarian cancer from a 

pelvic mass, in which the optimal combination of 11 biomarkers selected from 204 

biomarkers showed a sensitivity of 85.7%. Brian [8] singled out the optimal subset from 55 

biomarkers using the brand and bound algorithm to classify breast cancer and constructed a 

diagnostic model showing a sensitivity of 95% using a CART classification tree. Yurkovetsky 

[6] used the metropolis algorithm with Monte Carlo simulation to classify ovarian cancer and 

presented a classification model capable of finding 4 optimal biomarker combinations of 96 

biomarkers. Borgia [9] evaluated 47 biomarkers using the area under the receiver operating 

characteristic curve (ROC AUC), selected 15 candidate markers, and ultimately identified 6 

optimal marker combinations using the random forest algorithm, and the CART classification 

model built thereupon yielded 88% sensitivity. 

Although most biomarker studies regarding ovarian cancer diagnostic tests use serum 

proteins, urine-based biomarkers are cancer diagnostic test methods that are completely non-

surgical and easier to handle in clinical settings than serum-based biomarkers, and they can 

effectively provide timely differentiation of ovarian cancer from benign ovarian disease [10-

12]. Petri et al., [11] compared the ovarian cancer diagnosis-related serum and urine ROC 

AUC values of the same patient group and obtained the results of 84% and 83% for urine- 

and serum-based biomarkers, respectively, thus demonstrating little difference between them. 

The majority of women with clinical features corresponding to ovarian cancer are found to 

also have benign conditions. Therefore, the use of a method to differentiate ovarian cancer 

from benign conditions is meaningful [7]. 

Cancer staging is the process of determining the location and spread of cancer within the 

human body. Physicians establish treatment plans and make prognostic estimates for patients 

according to staging results [13].  
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Holschneider reported 5-year ovarian cancer Stages I, II, III, and IV survival rates of 93%, 

70%, 37%, and 25%, respectively; in terms of early and advanced stages, the 5-year survival 

rates are 87% and 38%, respectively [14].  

Shridhar also reported that while the 5-year survival rate of patients with Stage I cancer is 

>90%, that for patients with advanced stage cancer is <25% [15]. 

The present study aimed to compare the ability of classification models with high 

diagnostic accuracy to classify early and advanced stages using 21 types of urine biomarkers 

specific to ovarian cancer, and to identify the optimal marker combinations with the best 

classification performance for cancerous and non-cancerous ovarian tumors [9]. To achieve 

this, we created all possible combinations of 2–3 biomarkers from 21 biomarkers and 

assessed their ROC AUC values. The ovarian cancer diagnostic performance of the selected 

optimal biomarker combinations was then verified using logistic regression. 

 

2. Data Set 

The data samples were collected from 120 patients with benign ovarian cysts and 65 

patients with ovarian cancer who underwent 21 types of urine biomarker tests. A total of 185 

urine samples from Korean women were provided by ASAN Medical Center in Seoul. Table 

1 lists the characteristics of the clinical samples. 

Table 1. Information on the Clinical Samples Examined 

Characteristics No. of patients 

No. of patients studied 185 

Ovarian Cyst 120 

Ovarian Cancer 65 

Age (Mean ± S.D. ) 45.37 ± 13.40 

Range 21–82 

FIGO stage  

Ⅰ 16 (24.61%) 

Ⅱ 6 (9.23%) 

Ⅲ 32 (49.23%) 

Ⅳ 11 (16.92%) 

 

The concentrations of urine protein biomarkers were measured using the multiplex 

immunoassay method with Luminex antibody microbeads; thereby, we used a multiplexed 

immunoassay kit consisting of cancer biomarkers specific to ovarian cancer [9]. Analyses 

were performed following the protocol of the manufacturer provided by Luminex Corp., and 

the samples were analyzed using the Bio-Plex Suspension Array System [16]. The biomarker 

expression levels are shown in terms of median fluorescent intensities generated from 

analyzing microbeads in quantities of 50–100 for an analyte of each sample. Analyte 

concentrations were quantified on the basis of the median fluorescent intensity using the 

standard curves generated by Bio-Rad (5-parameter curve fitting) [8]. 

 

3. Methods 

Various variables should be calibrated at the time of urine collection prior to analysis. 

Calibration is performed to prevent concentration differences that dilute urinary protein using 
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creatinine as a reference point, which is relatively stable in urine [17]. 

To identify the best performing biomarker combinations for the differentiation of ovarian 

cancer from ovarian cysts, the classification performance of each biomarker combination 

subset should be measured until the best performing subset is found [18-20]. The cancer 

classification model should perform an adequate cancer-specific classification with respect to 

both sensitivity and specificity. A common method of verifying adequately high values of 

each consists of verifying the classification performance by measuring ROC AUC values [21, 

22]. 

In this study, logistic regression was used to assess ROC AUC values to identify the 

biomarker combination with the highest value. To economize the biomarker selection time, 

the preliminary top 20 combinations were selected by means of 100 repetitions of 5-fold cross 

validations, and the second selection of top 3 combinations from the primarily selected ones 

was carried out by means of 1,000 repetitions of 5-fold cross validations, using mean AUC as 

a reference value. The cross-validation was performed 1000 times to reduce the deviation 

between the population and the samples. As illustrated in Figure 1, the AUC values were 

confirmed to converge when the cross-validation was repeated 1000 times. 

Biomarker combination for the selection process was performed by establishing all 

possible combination of 2–3 biomarkers from 21 biomarkers, and the diagnostic 

performances of the selected biomarker combinations were evaluated against the logistic 

regression score threshold value of 0.5. 

To assess bias due to the small sample size and use of the intermediate model, we used 5-

fold bootstrap validation along with “out-of-bag” error estimation and 10% holdout 

bootstraps. Bootstrap estimates enable the evaluation of the model’s potential value using 

only the study data. This method ensures the independence of the hold-out sample testing [7]. 

In the next stage, the early and advanced stages are compared using the classified biomarker 

combinations. Figure 2 shows the modeling process used to identify and classify the optimal 

biomarker combinations. 

 

Figure 1. Area Under the Curve Convergence Graph 
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Figure 2. Ovarian Cancer Diagnostic Modeling Process 

4. Results 

Tables 2, 3, 4, and 5 outline the diagnostic performance test results of the optimal 

biomarker combinations obtained with the modeling. Tables 2 and 3 show the early- and 

advanced-stage diagnostic performance of the top three 2-biomarker combinations, while 

Tables 4 and 5 show the early- and advanced-stage diagnostic performance of the top three 3-

biomarker combinations. A performance evaluation was conducted with the leave-one-out 

cross-validation method using a logistic regression classification algorithm with respect to 

AUC, sensitivity, specificity, classification accuracy, and positive and negative predictive 

values for classifying the early and advanced stages. In this study, the number of biomarkers 

used for combination was limited to 2 and 3 in an effort to limit test costs. The names of the 

biomarkers were not revealed to avoid infringing upon the patented biomarkers. 

Table 2. Early-stage Diagnostic Performance (%) of top Three 2-biomarker 
Combinations 

Marker AUC Sensitivity Specificity Accuracy PPV NPV 

M5, M19 85.83 36.36 98.33 88.73 80 89.39 

M5, M8 83.71 31.82 99.17 88.73 87.5 88.81 

M5, M12 83.6 18.18 97.5 85.21 57.14 86.67 

 

Table 3. Advanced-stage Diagnostic Performance (%) of top Three 2-biomarker 
Combinations 

Marker AUC Sensitivity Specificity Accuracy PPV NPV 

M5, M8 97.98 55.81 100 88.34 100 86.33 

M4, M5 96.78 60.47 100 89.57 100 87.59 

M5, M9 95.02 58.14 98.33 87.73 92.59 86.76 
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Table 4. Early-stage Diagnostic Performance (%) of Top Three 3-biomarker Combinations 

Marker AUC Sensitivity Specificity Accuracy PPV NPV 

M5, M8, M19 92.77 59.09 99.17 92.96 92.86 92.97 

M5, M8, M12 91.67 45.45 99.17 90.85 90.91 90.84 

M5, M8, M18 89.09 31.82 99.17 88.73 87.5 88.81 

 

Table 5. Advanced-stage Diagnostic Performance (%) of Top Three 3-biomarker 
Combinations 

Marker AUC Sensitivity Specificity Accuracy PPV NPV 

M4, M5, M9 99.13 65.12 99.17 90.18 96.55 88.81 

M4, M5, M19 98.74 67.44 100 91.41 100 89.55 

M5, M8, M10 98.57 60.47 100 89.57 100 87.59 

 

The best-performing 2-biomarker combinations for early-stage classification were M5 and 

M19 (AUC, 85.83%); those for advanced-stage classification were M5 and M8 (AUC, 

97.98%). The best 3-biomarker combinations for early-stage classification were M5, M8, and 

M19 (AUC, 92.77%), while those for advanced-stage classification were M4, M5, and M9 

(AUC, 99.13%). Figures 3, 4, 5, and 6 contain ROC diagrams that represent the data in Tables 

2, 3, 4, and 5.  

 

Figure 3. Early-stage ROC Curves of the Top Three 2-biomarker Combinations 

 

 

Figure 4. Advanced-stage ROC Curves of the Top Three 2-biomarker 
Combinations 
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Figure 5. Early-stage ROC Curves of the Top three 3-biomarker Combinations 

 

 

Figure 6. Advanced-stage ROC Curves of the Top Three 3-biomarker 
Combinations 

5. Conclusion 

In this study, we developed a novel diagnosis model utilizing multiple urinary protein-

based biomarkers. A total of 21 types of urine biomarker specific to ovarian cancer were used 

to identify the best-performing biomarker combinations for the differentiation between 

ovarian cancer and ovarian cysts, and the diagnostic performance of each was verified. The 

optimal biomarker combinations were identified by assessing the ROC AUC values of all 

possible combinations of 2 or 3 biomarkers. The early- and advanced-stage classification 

performances of the biomarker combinations were then compared. The ovarian cancer 

diagnostic performance using 2-biomarker combinations improved to a greater degree for 

advanced-stage detection with a 97.98% AUC compared with an 85.83% AUC for early-stage 

detection. Similar values were confirmed for 3-biomarker combinations, with a 98.74% AUC 

for advanced-stage detection and a 92.77% AUC for early-stage detection. 
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