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Introduction
Ovarian cancer (OvCa) is the fifth leading cause of cancer 
deaths in women and the most lethal gynecologic malignancy, 
with more women dying from this disease than all other gyne-
cological cancers combined. The overall 5-year survival rate 
for all OvCa patients is 44.6% and is markedly lower at 27% 
or less for women diagnosed at an advanced stage.1 According 
to the American Cancer Society, in 2014 alone there will be 

an estimated 21,980 newly diagnosed cases and 14,270 deaths 
in the United States (US).2 The lifetime risk for women in the 
US to develop OvCa is 1 in 73.3 The most recent cancer inci-
dence report by Surveillance, Epidemiology, and End Results 
(SEER) program indicates that there were 188,867 Americans 
living with OvCa in 2011,1 with some as young as 9 years of 
age, and others over the age of 84. The median age at diagno-
sis for OvCa is 63.1,4 These statistics indicate not only that all 
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women are impacted but also that the mortality rate for OvCa 
is unusually high.

OvCa has been termed the “silent killer” because many 
women do not show clear symptoms at an early stage, and 
a large percentage of the general public and health profes-
sionals lack awareness of early signs of OvCa. For example,  
a recent study5 showed severe knowledge gaps even in OvCa 
awareness (and hence about its early signs) among the gen-
eral population. Other studies6,7 have presented gaps in care 
by health professionals. When OvCa is diagnosed at a late 
stage, effective treatments are limited. The US national OvCa 
care expenditure was $5.12B in 2011, making it one of the 
most expensive cancers to treat.8 However, more than 80% of 
patients do have symptoms, even when the disease is still lim-
ited to the ovaries.9 In addition, some late-stage patients do 
live a long time. Of the 188,867 Americans living with OvCa, 
15,675 had lived at least over 36 years since diagnosis.4 The 
clinical and social challenges impacting OvCa management 
motivated us to carry out a comprehensive Web-based survey 
of OvCa patients. Our goal was to assess multiple aspects of 
OvCa management, initial symptoms that led to diagnosis, 
medical history, possible genetic and environmental factors, 
cancer treatments, and lifestyle and behavior before and after 
diagnosis. All these factors may affect survivorship.

This paper presents the design and implementation meth-
odology of the Web survey, provides a glimpse of the database 
and functions of the OVA-CRADLETM (Clinical Research 
Analytics and Data Lifecycle Environment), and illustrates an 
analysis of the prediagnosis symptoms, one of the 1502 fields 
in our data, using novel text mining and statistic techniques. 
The analysis of prediagnosis symptoms is interesting in its own 
right. It also reveals evidence that could be used for narrowing 
the knowledge gap in OvCa and provides a basis for future 
studies about early OvCa diagnosis. This paper also demon-
strates how a cancer informatics project from A to Z can be 
done effectively using modern technology with an interdisci-
plinary team. This is the first of a sequence of papers expected 
from this cancer informatics project.

Methods
This section provides our methods for each component of the 
OvCa project in its logical development order: Design and 
Implementation of the Web survey, Recruitment and Data 
Collection, Development of data resource OVA-CRADLETM, 
Text Mining of free-text responses to prediagnosis symptoms 
as a special example of data analysis that can be done with our 
data, and Statistical Analysis Methodology of the numerical 
data from text mining. The results of our analysis are presented 
in the Results section and the conclusions are provided in the 
last section.

Survey design. The survey objective is to determine factors 
that contribute significantly, albeit partially, to the long-term 
survivorship of OvCa survivors, using information directly 
from patients and caregivers. Since cancer development is a 

multiphased and multifactorial process, a good survey needs 
to be comprehensive. The survey questions also needs to be sen-
sitive to the feelings of patients who respond to the survey. 
Next, the survey needs to reach as many people as possible, 
with resulting data to be of high quality and in a format that 
is easy to manage. Therefore, our design was Web-based and 
included a quality control scheme and a connection to a state-
of-the-art database, which allowed instant and automatic data 
capture, safe and secure data storage, and a fast archive of 
entire data on demand to a standard data format. The standard 
data format is required for easy exporting data to downstream 
informatics platforms, such as OVA-CRADLETM, and to 
standard statistical software systems for data analysis and for 
text mining.

With the above design objectives, initial development 
of the Web-based survey started in May 2009. The survey 
design and implementation were completed in collaboration 
with both local and national stakeholders, including OvCa 
survivors, support groups, scientists, and clinical profession-
als. It was launched via Case Western Reserve University in 
September 2009, with links to the survey portal published at 
the Women Cancer Network, wcn.org, from 2009 to 2013.

Comprehensiveness. The survey encompassed 1502 fields 
grouped into 15  sections encompassing all stages of OvCa 
management from the patient’s perspective. This is the most 
comprehensive survey on women diagnosed with OvCa. Fac-
tors assessed in the survey included physical, physiological, 
environmental, behavioral, and clinical care factors in OvCa, 
as well as symptoms that led to diagnosis, medical history, 
treatments and pre- and postdiagnosis lifestyle. For the com-
plete survey, see the Ovarian Cancer Survivorship Survey 
archive.10

Sensitivity. The survey was reviewed by patient stake-
holders and tested by additional collaborators before its public 
launch. The questions were worded to be sensitive to a patient’s 
emotional status, to minimize any possible anchoring effect, 
and to conform to standards set by PROMIS11 and FACIT 
tools12 for most questions when applicable. The environmental 
factor was coded on a scale of 1–6, based on a map of excess 
cancer risk due to air pollution, which appeared in USA Today13 
and was generated using data compiled by the Environmen-
tal Protection Agency (EPA).14 We programed our survey to 
allow an automatic insertion of the scale by means of a drop-
down menu (I, II, III, IV, V, VI) for the geographic region to 
quantify the environmental factor where the participant had 
lived for a significant period of time prior to diagnosis. In this 
way, the participants did not need to be concerned with their 
exact geographic location being recorded in our database.

Accessibility. The survey was completed on an anonymous, 
voluntary basis through a Web page. Therefore the study was 
single-blind. Each participant could choose her own login 
name and password. This option permitted unlimited revi-
sion of survey entries by participants before the end of the 
study. In order to increase outreach to a broad audience, study 
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respondents could either submit their responses online or mail 
a hard copy to the study host without a mailing address. All 
data were de-identified at collection.

Quality control and support. An automatic alert was imple-
mented to send a warning if an input was outside a reason-
able range of the possible values of a particular variable. If 
the value was indeed the intended input, the value was still 
permissible for discovery of unexpected evidence. Support for 
a standard source of information was provided, such as those 
for complementary alternative medicine (CAM) and environ
mental coding. Since the recruitment was conducted via cred-
ible OvCa networks and testers were given comprehensive 
instructions, the chance of having an unwelcome intruder who 
would answer consistently for many/most of 1502 questions 
was small. The inconsistency and outlier detected by statisti-
cal techniques provided additional quality control for our sub
sequent data analysis.

Risk minimization. The Web-based anonymous survey of 
OvCa survivors and their caregivers, followed by analysis of 
de-identified data was considered minimal risk and a waiver 
of informed consent was obtained from the local Institutional 
Review Board.

Survey implementation. Our backend database and 
management system were developed and implemented using 
Hypertext Preprocessor (PHP), a common language for Web 
development that can easily interact with an open-source 
MySQL database management system. Our implementation 
in PHP with MySQL as the backend also allowed the entire 
de-identified data to be exported in comma-separated values 
(CSV) format, a standard format for archived data, on-the-fly 
from the Web server, by those with administrative privilege. 
Our implementation facilitated continuous monitoring and 
interim analysis of incoming data, as well as export to other 
systems for data manipulation, exploration, statistical analy-
ses, and text mining.

Recruitment and data collection. All OvCa survivors 
were invited to participate in the study after the implementa-
tion of the Web survey. Non-English-speaking survivors were 
excluded if they could not complete the survey in English.

Study awareness was achieved via multiple venues. A call 
for participation was distributed via oncologists interested in 
publicizing the survey, OvCa support groups, websites, and 
community newsletters including the Foundation for Women 
Cancer, also called Women Cancer Network (wcg.org) and 
Gynecological Cancer Foundation (www.thegcf.org), Con-
versations (the international newsletter for those who fight 
OvCa), OROC (or OutRun Ovarian Cancer, www.oroc.
org, a volunteer-driven, nonprofit organization dedicated to 
raising OvCa awareness and money for research and edu-
cation), and the Gathering Place (a caring community for 
those touched by cancer, http://www.touchedbycancer.org). 
The launch effort was completed in mid-2010 but the survey 
remained open and available online until the end of 2013 at 
the WCN. Continued survey awareness has been maintained 

by word-of-mouth and references to the study at Survivorship 
Courses by the WCN.

Despite no active recruitment effort since early 2011, the 
response rate has remained steady (Fig. 1), as OvCa survivors, 
especially newly diagnosed patients, visit the Website of the 
Foundation for Women Cancer. A surge in responses during 
the months of May was most likely due to the annual wave of 
presentations of OvCa Survivorship courses, sponsored by the 
WCN. Another surge in December 2012 was probably due to 
the presentations by Dr Sun when she gave talks about this 
work during her research visits.

OVA-CRADLETM for data query and exploration.  
A research resource OVA-CRADLE was built using our Web 
data. The collected data as of 03/24/2013 had 943 unique 
patients (after removing 9 known test cases from 952 entries), 
each with 1502 fields. Given data in CSV format directly from 
our Web survey, they were ported to OVA-CRADLETM for 
Web-based access and online query and exploration. Apparent 
outliers can be easily identified by data exploration at OVA-
CRADLETM.

OVA-CRADLETM is adapted from Physio-MIMI,  
a patented data integration environment15 funded as one of the 
three informatics pilot projects under CTSA RFP 08–001.16 
Physio-MIMI uses ontology for directly driving the federated 
query interface VISAGE (VISual Aggregator and Explorer)17 
and for integrating autonomous data resources through 
the database to ontology mapper called Physio-Map.18 The 
Physio-MIMI architecture makes use of ontology beyond 
its traditional role for terminology standardization, result-
ing in a flexible framework with domain ontology as a “plug-
and-play” component capable of harmonizing disparate data 
sources without requiring a uniform data model. Because of 
the flexibility and plug-and-play system architecture, Physio-
MIMI has been adapted to a variety of settings, such as for 
multicenter epilepsy study18–20 and for querying Medicare and 
Medicaid data.21

OVA-CRADLETM makes the data both searchable 
and queryable through its VISAGE interface. The VIS-
AGE interface uses individual query widgets, automatically 
generated from a study data dictionary or a proper ontology, 
to define a set of cohort query constraints. Users can define 
logical connectives, such as AND, NOT, OR, between each 
query widget to build a complex query for data exploration, 
or simply for facilitating analysis of a subset of our data. The 
results of the queries are displayed in VISAGE for easy brows-
ing and graphical rendering. The resulting comprehensive data 
and database can be used to investigate many questions about 
OvCa, test a hypothesis of interest, and generate hypotheses 
for future studies.

For example, Figure 2 shows an example of the VISAGE 
query builder interface for OVA-CRADLETM. Illustrated is 
a very simple sample query of blood type A OvCa patients 
(193) with three or four recurrences (39). This query resulted 
in a total of five patients. Figure 3 illustrates the on-the-fly 
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scatter plot, one of the built-in tools of VISAGE. Within a 
base query, additional responses from patients, such as stage 
and blood type, can be rendered on the same Web-based query 
interface, classified by different combinations of the stage and 
blood type for easy comparison of their distributions across 
these combinations. It can be seen from Figure  3 that the 
blood type A is a dominant type in this OvCa population.

Text mining strategy. We present methodology in this 
section for text mining prediagnosis symptoms. From among 
the 1502 available fields, we focused on one field for a key ques-
tion of interest to us: investigation of possible patterns in pre-
diagnosis symptoms. Prediagnosis symptoms are best studied 
from patient-reported outcomes. To minimize recall bias, we 
designed a free-text response question in our survey so that 
there would be no reminders, hints, anchoring, or other bias-
ing effects in the data collected. Our specific question was

“How did you or your doctor discover that you had ovar-
ian cancer?”

Our instruction for answering this question was

“In your free-response here, please make sure to include 
symptoms that led you to the doctor and the tests you had before 
the confirmation from the pathology report.”

In this free-text response, women were prompted to 
include all symptoms and tests that led to their cancer diag-
nosis. Although a 100% elimination of possible recall bias 
can never be guaranteed, our free-text strategy for collec-
tion of prediagnosis symptoms is a major improvement to a 
pure multiple-choice strategy and it facilitates findings not 
known before.

It should be noted that text mining of these free text 
responses provides information on both the prediagnosis 
symptoms, reported here, and the diagnostic path. The impact 
of medical practices on the pathway to diagnosis to the diag-
nostic stage is beyond the scope of the current paper and will 
be addressed in a future paper. In order to trace the diagnostic 
path of each of these respondents, we adopted a modified ver-
sion of the vector space model (VSM) to support our text-
mining techniques.
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Figure 1. Participants response distribution (September 2009 to March 2013).

Figure 2. The VISAGE query builder interface for OVA-CRADLETM. Illustrated is a simple sample query of blood type A OvCa patients (193) with three or 
four recurrences (39). This query resulted in a total of five patients.
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There are three steps for properly analyzing text data: 
(1) Exploratory Data Analysis (EDA) of the entire data to 
remove outliers and invalid data and to decide how to build 
text mining key elements; (2) Text mining to transform text 
into meaningful numerical data; and (3) Statistical analysis of 
the numerical data.

EDA. Reported symptoms that motivated women to seek 
clinical follow-up and subsequently led to diagnosis were cate-
gorized based on reported OvCa stage (Stage 1–4). Data were 
explored using statistical graphics and EDA both in R and 
with OVA-CRADLETM. Of 943 survivors and their proxies, 
at least 905 were valid data entries. Invalid entries included 
our test cases, apparent outliers, and those with wrong or 
impossible data entries. Women who did not know their initial 
diagnostic stage were excluded from further analyses of pre-
diagnosis symptoms, which led to a population of 872 women 
( = 905 − 33). All apparent outliers and wrong or impossible 
data entries (such as a reported weight of 4,233 pounds or can-
cer diagnosis age of 0 years old) were also excluded.

Text mining transformation. Of the 905 surveys, 535 con-
tained a valid answer to the question: “How did you or your 
doctor discover that you had ovarian cancer?” 19 of the 535 
respondents were unstaged, which leaves 516 (  =  535 − 19) 
staged respondents with text. The validation was accomplished 
by two trained students who independently assessed all the 
text responses and also via their cross-examinations. In order 
to achieve our goal of tracing the prediagnosis symptoms of 
each of these 535 respondents, we needed a mechanism by 
which to identify and extract the prediagnosis symptoms and 
patterns of each subject.

We followed a modified version of the VSM,22 which 
underlies newer text-mining techniques such as nonnegative 
tensor factorization23 and kernel methods.24 The key func-
tion of a VSM is judging the extent to which a single docu-
ment matches a set of search criteria. Thus, the VSM has two 
requirements (a) that the document be indexed, ie, scanned 
for the presence of keywords of interest (terms); and (b) that 
the indexed terms be weighed against the query terms to 

determine whether the document matches. With these two 
requirements satisfied, the VSM model assigns one dimension 
for each indexed term, but it is optimized to perform well on 
the sparse, high-dimensional term-document matrices that 
tend to be generated from natural language text mining.

Based on medical knowledge, initial EDA of data, and later 
re-examination of data, we decided to use 21 terms, represent-
ing 21 groups of symptoms. To identify these specific 21 terms 
from our survey data, we used the tm()25 package for GNU R.  
We treated each survey response as a separate document and 
examined the whole corpus for those terms that carried the 
greatest relevance and frequency. We expanded the list of 
terms to include additional topics that we wished to study, and 
for each of the 21 terms, we assembled a list of synonymous 
terms and allowed for typos in expressing the same symptoms. 
For example, the term for symptom 5 “chance,” represents a set 
of words {accident, (annual|anual).(gyn|gync|ginecological), 
birth, cough, c-section, pap, routine|physical} and their “or” 
option by piping “|” and the linkage, which indicates a diag-
nosis alerted from either a CT scan following an accident, or 
actions from an annual gynecological appointment or physi-
cal [where gynecological may be mistyped as ginecological by a 
respondent], or discovery at birth of a child, and from a routine 
visit to a doctor’s office. Here the dot “.” between two groups 
of words requires that one word from each of two groups must 
both occur, such as “annual gyn” exam. The term for symp-
tom 21, breath and ascites, shortened as “btheA,” consists of 
{ascites|fluid, bad.cough, breath(e), shortness}.

Our application of the VSM model worked well with a 
small selected set of 21 group terms. With a relatively small 
number of dimensions, we were able to count this set of terms 
from each respondent and perform analysis using Unix script-
ing. Manual auditing of the text mining results was also per-
formed by sampling the cases, as a quality control measure.

Each survey response was indexed into a term-document 
matrix storing the number of hits for each term by each document. 
This produced a numerical data matrix of responses, ready for 
formal statistical analyses described in the next section.

Type A

Nr Nk A+ A– B–A* B+ B* AB+ AB
– –

AB* O+ O O*

Type B Type AB Type O

Stage 4

Stage 3
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Stage 1

Figure 3. One of the built-in tools of VISAGE is the combination plot. Within a base query, additional responses from patients, such as staging and blood 
type, can be plotted on the same Web-based query interface.  
Notes: Here the row labels indicate blood types as listed in Figure 2, with Nr = No response, Nk = Do not know, A+ = Blood type A with a positive sign, 
A− = Blood type A with a negative sign, A* = Blood type A, unknown sign, B+, B-, B*, AB+, AB-, AB*, O+, O-, and O* are defined similarly as those of A’s, 
and Un = Type unknown, a sign is given (not interesting to show).
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Statistical analysis methodology. Our analyses used a 
three-tiered methodology. Descriptive summary of the data 
and their comparison of demographics with national databases 
were used to validate our study population for prediagnosis 
symptoms. Rank-ordered symptoms per each of four disease 
stages provided an important view of the association of symp-
toms with each stage. Statistical analysis techniques, Corre-
spondence analysis (CA), and Classification and Regression 
Tree (CART) analysis (with Random Forest [RF]) were our 
choices of nonparametric methodology for studying the asso-
ciation of symptoms with the disease stages from two other 
views. These techniques do not impose stringent parametric 
assumptions for the underlying distribution of the study data.

Results
Summary of survey data. The distribution of survey 

response was plotted in Figure 1, from September 2009 to 
March 2013. The Survey was open to all women who were 
recruited through multiple avenues in the first 18 months, 
linked at wcn.org. Among the first 18-month study popula-
tion, nearly 17% women had survived for more than 5 years 
and over 12% for more than 10 years. Thus, the percent-
age of long-term survivors in our survey from this period is 
similar to that of the general population of OvCa survivors. 
Among the participants who responded to our study after 
2011, there were more newly diagnosed patients participat-
ing in the survey as they visit wcn.org. The accounts from 
newly diagnosed patients on the symptoms that led them to 
the doctors and their tests before the confirmation from their 
pathology reports are more accurate than those who were 
diagnosed a long time ago. Using the shortest possible time 
interval between the prediagnosis symptoms (the event/ill-
ness of interest) and the study (the data collection time) is 
recommended as the first strategy by Feinerer et al.25 and the 
second strategy by EDC26 to prevent or minimize recall bias 
from patient-reported symptoms.

There were missing values, predominantly concerned with 
CAM and the foods in the participants’ diet. Nevertheless, 
there remains extremely valuable preliminary information in 
many of the data fields collected. Our experience with this 

survey also provides valuable insights for designing our next 
phase study.

The demographics of 535 patients who provided text 
responses for prediagnosis symptoms are compared with the 
full data and those from national statistics. Table 1 shows the 
comparison in terms of the distribution of diagnostic stages. 
Our survey data (N = 872, excluding 33 unstaged from a total 
of 905) have a similar distribution to that of the subpopu-
lation who provided text responses (N  =  516, excluding 19 
unstaged cases from 535). This subpopulation also has a simi-
lar distribution to that of the most recent SEER 18 data. The 
national data from earlier years have a much smaller percent-
age of women diagnosed at Stage 2 than SEER 18 and our 
data, both of which are more recent. Both data sets have more 
balanced rates for early stages than the older, national cancer 
data. More balanced data can provide more accuracy in an 
analysis of comparing different symptoms by different stages.

We also compared our data with national statistics in 
terms of age distribution. The distribution shapes of both the 
age at diagnosis and the age at our study time are compa-
rable to those of the SEER’s diagnostic1 and prevalence data, 
respectively. The prevalence counts were computed by multi-
plying the SEER’s age-specific prevalence rates (0.0002%, …, 
0.1928%) in the NIC’s report4 with the age-specific women 
population counts given by the 2010 US census.28 However, 
our population were slightly younger and had very few very 
young and very old participants, which is typical of Internet 
Web-based studies.

Comparison of rank-ordered frequencies. The results 
are shown in Table 2 and Figure 4. The most direct indication 
of OvCa is a mass in the abdominal region. Overall, this was 
the most common diagnosis symptom for women with Stage 
NA (not shown), Stage 1,2,4 OvCa, and the second common 
with Stage 3, while a chance encounter at the doctor moved 
into the top five symptoms for Stage 1 OvCa diagnosis and 
dropped a bit to the seventh top-ranked symptom for both 
Stage 2 and Stage 4, but dived below half of all symptoms for 
Stage 3, the most likely diagnosed stage. This is reasonable as 
doctors should be able to help diagnose OvCa easily when it is  
Stage 4, even if the patient  only  comes in for an annual exam, 

Table 1. Comparison by diagnosis stages.

DATASET CANCER STAGE

STAGE 1: N (%) STAGE 2: N (%) STAGE 3: N (%) STAGE 4: N (%)

1998–2004 US National Cancer population database [34]  
(N = 79,568)

17,248 (21.7%) 6,642 (8.4%) 34,592 (43.5%) 21,086 (26.5%)

1993 SEER population [35](N = 23,186) 5,503 (24%) 819 (4%) 14,863 (72%)

2004–2013 SEER 18 population1 [1, 4] 16% 19.1%*2 64.9%

Survivorship population All (N = 872)
Text (N = 516)

184 (21%)
101 (19.6%)

135 (15%)
82 (15.9%)

465 (53%)
281 (54.5%)

88 (10%)
52 (10.1%)

Notes: 1(16%, 19.1%, 64.9%) is obtained by reweighting (15% [Local], 18% [Regional], 61% [Distant], and 6% [Unstaged]) in [1] after removing the unstaged cases. 
2“Regional” by SEER is defined to “spread to regional lymph nodes”; thus, some of these 19.1% patients should be in Stage 3 based on the staging definition of 
OvCa at cancer.org. 3N = 872 (excluding n = 33 unstaged from a total of 905) and N = 516 (excluding n = 19 unstaged from 535 with text responses).
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or at an ER, or by a CT scan following an car accident, say. 
The chance association with early-stage diagnosis more than 
with Stage 3 indicates the importance of care and response by 
a primary physician and a gynecologist. It supports the call 
for improved primary care for cancer survivors29 and also for 
women in general, as the US population ages in the next two 
decades.

Compromised digestive functions, eg, eating and indi-
gestion, were frequently reported as the initial diagnosis 
symptom at all stages. Eating problems were the most common 
diagnosis symptom for women with Stage 3, the stage most 
OvCa patients were diagnosed at, and tied with mass as the 
most common symptom for Stage 4. At all stages, another 
digestive function, constipation was not reported as frequently 
as these two digestive functions, though it did rank seventh 
for Stage 3.

Pelvic pain was among the top five most frequently 
reported symptoms. Nonspecific pain was most frequently 
reported by women with Stage 2 OvCa at diagnosis. Women 
with other stages of OvCa report nonspecific pain moder-
ately frequently. Other symptoms that are considered to be 
generally diagnostic of cancer, eg, fatigue and weight loss, were 
present, but not reported with as high frequencies by women 
with OvCa as with other symptoms, though a bit more at 
Stage 4 diagnosis.

Breathing problem and/or ascites (btheA) were added as one 
group symptom, as it is associated particularly with Stage 4 
diagnosis, with patients reporting a persistent or chronic “bad 
cough” or shortness of breath.

A relevant family history of breast, colon, or uterine cancer 
was a low, stable-frequency symptom for all stages, ranked 10th 
with Stage 1, 11th with Stage 2, and 13th with Stages 3 and 4.  
This is consistent with studies that determined: OvCa has 
some small association with breast cancer and perhaps colon 
cancer, but the vast majority of women diagnosed with OvCa 
do not have known high-risk genetic mutations.30 A personal 
history of endometriosis was reported as a primary diagnos-
tic symptom with rather different frequencies across the four 
stages, with the highest frequency at Stage 1 OvCa, lower at 
Stage 2, and much lower with Stage 3 and 4 OvCa.

Correspondence analysis. CA for categorical data arran
ged in contingency tables is analogous to Principal Compo
nent Analysis for continuous data. It is useful for studying the 
particular association of row and column variables – here diag-
nostic stages and 21 symptoms given in Table 2 – if the null 
hypothesis of no association between the row and column vari-
ables is rejected. In our case, the null hypothesis of no associa-
tion between diagnostic stage and the symptoms was rejected 
using a chi-square test with a P-value , 0.000041. In a CA 
plot, such as our Figure 5, points that are away from the origin 
(0,0) but close to each other have strong positive associations, 
while points that are far away from each other or close to (0,0) 
do not have a specific association. The further away of two rela-
tively close points from (0,0) the stronger their association is. 
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Here the four circles in Figure 5 can be shrunk or expanded 
to indicate more focused or more relaxed groupings; and  
the points close to (0,0) should not be interpreted too much. 
Figure 5 shows that Stages 3 and 4 are on the left side of the 
graph while Stages 1 and 2 are on the right. Breath and ascites 
are strongly associated with Stage 4 diagnosis, while Stage 1 
is closest to endometriosis. Although mass as a prediagnostic 
symptom is a top-ranked, nonspecific symptom for all stages 
(Fig. 4), it has a stronger association (Fig. 5) with Stages 1 and 
2 than with Stages 3 and 4. This is reasonable as a person who 
is more aware of her own body before the medical diagnosis 
has a better chance for an earlier diagnosis. Stage 3 diagnosis 
is most strongly associated with eating and also strongly with 
many symptoms. Figure  4 presents relationships specific to 
each stage according to frequencies, while Figure 5 discrimi-
nates the differences among the four stages.

CART and Random Forest (RF) analysis. A woman can 
have multiple symptoms. A nonmodel-based flexible procedure 
for classifying diagnostic stages based on multiple co-exist-
ing symptoms is a tree-based model, such as the Classifica-
tion and Regression Tree (CART) or the recursive partition  

tree, called rpart() in the open-source R. RF, denoted as 
randomForest() in R, grows many classification subtrees31  
and provides a classification based on the majority vote of 
these trees for each case but not one concrete tree-based model 
as CART and rpart() would. RF to us is more useful to rank 
the importance of variables, ie, symptoms in the classification 
of stages; it can also validate our final model from CART or 
rpart(). The CART analysis shown in Figure 6 was the best tree 
model obtained using CART and rpart() based on cross-val-
idations and confirmation by RF. The tree demonstrated that 
the symptom breath and ascites was the most important predic-
tor for late-stage classification and there was an association 
with endometriosis and a (self-diagnosed) mass in the abdomen  
for early-stage diagnosis, consistent to the finding in Figure 5.  
We annotated the CART by providing the probabilities of 
leading to each of the four-stage classifications, instead of only 
one outcome based on the highest probability as it would in a 
standard CART. If the node other, consisting of words {arm.
pits|swollen, diarreah|diaria|diarrhea, nausea, puke, vomit} 
was pruned in Figure 6, ie, if we did not consider the presence 
or not to this particular other symptom, the classification rule 
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Figure 4. Ranked symptoms by stage. Eating and mass were tied for Stage 4. There are more chance findings in earlier stages. Endometriosis is 
significantly higher in Stage 1 than in other stages. See Table 2 for the definitions of the abbreviated symbols for prediagnosis symptoms.
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would be simpler: it would just lead to the most common diag-
nosis, Stage 3, without the node ‘other’ and its two subsequent 
branches. Without the pruning, we see that the resulting 
diagnosis (with an equal high chance of Stage 3 or 4) from a 
symptom other is worse than that (with a high chance of Stage 
3) from no other symptom, after having a mass but not a pres-
ence of endometriosis. We used RF to rank the symptoms by 
their importance for classifying each stage and for the overall 
classification/discriminating accuracy (Fig. 7), by aggregating 
5,000 trees built from fairly balanced subsamples of sizes (50, 
50, 62, 50) for four diagnostic stages with out-of-bag (OOB) 
error estimates. We gave a slightly higher weight to Stage 3 as 
it is the most commonly diagnosed stage and this particular 
combination of subsample sizes produced an overall best clas-
sification rate among all different combination of subsample 
sizes we tried. The findings in Figure 7 are consistent to our 
findings in Figures 5 and 6. In Figure 7, the most important 
variables for classifying each of Stages 1–4 are endometriosis, 
eating, mass, and breathing + ascites, respectively, while the 
top-ranked variables for the overall accuracy of classification 
are endometriosis, mass, breathing  + ascites, and menstrual 
problems.

Discussion and Limitations
The US Preventive Services Task Force (USPSTF) has recently 
recommended against screening for OvCa in women.32 
Although the report acknowledged that the mortality rate 
for OvCa is very high, their recommendation was based upon 
the low incidence rate among asymptomatic women. More-
over, the current standard diagnostic techniques were costly 
and invasive, such as transvaginal ultrasonography. The task 

force concluded that routine screening would produce a high  
number of false-positive results leading to unnecessary proce-
dures, including interventional surgery. However, the USP-
STF did not consider clinical studies on the use of symptoms 
together to guide detection of OvCa, because these were out-
side the scope of the commissioned systematic evidence review 
used to inform the recommendation statement.

Of the OvCa patients, 63% are diagnosed at Stage 3 
or above. Although the incidence is low, the cost of care for 
OvCa patients is among the highest in the United States. 
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Figure 5. Correspondence analysis of stages and symptoms. Stage 1 
is highly associated with a prior history of endometriosis. Note that the 
points close to the origin (0,0) have no particular strong association with 
anything else. See Table 2 for the definitions of the abbreviated symbols 
for prediagnosis symptoms.

Figure 6. CART analysis of prediagnosis symptoms on diagnostic stages. 
The presence of endometriosis together with a mass is a significant 
predictor in separating Stage 1 diagnosis from other stages. See Table 2 
for the definitions of the abbreviated symbols for prediagnosis symptoms. 
The visual representation of CART with its inverted tree structure is 
the same as that of a standard binary tree used in the “Instructions for 
Form 1040 (12/2013)–Internal Revenue Service”: to decide if a taxpayer 
is qualified for a credit based on his/her response of Yes or No to a 
hierarchy of questions. In this figure, each split of the tree (eg, btheA) 
denotes a question (eg, Is the symptom of breathing difficulty and/or 
fluid [ascites] in chest or abdomen present?). The answers Yes and No 
to “btheA” would branch to two “daughter nodes”: “Yes” to the terminal 
node “Stg 3,” and “No” to another split “mass.” This daughter, terminal 
node “Stg 3” on the right upper corner shows that Stage 3 is the best 
predicted diagnostic stage (with a 52% chance vs. a 25% chance if all 
four stages were equally likely under this node), while its annotated four 
frequencies indicate that Stage 4 is the second probable diagnostic 
outcome (with a 29% chance). At another daughter node, the split “mass,” 
an answer “Yes” would branch further to the next-generation daughter 
node “endometriosis,” to which an answer “Yes” would lead to the most 
probable diagnostic outcome, Stage 1. See Results for the explanation of 
the node “oth,” the “other” symptom.
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It is therefore of value to explore potential relationships of 
nonspecific symptoms to enhance early diagnosis of OvCa. 
This approach has the potential to impact both patients and 
physicians. OvCa is a collective term for several distinct 
diseases, which can result in conflicting information being 
provided under a single all-encompassing terminology. As 
shown in all three statistical analyses in Figures 4–7, endo-
metriosis has a stronger association with Stage 1 diagnosis. 
Indeed, numerous articles have shown that endometriosis 
has an increased risk to be associated with specific types of 
OvCa, see, for example, Van Gorp et al.33 This sheds light for 
future development in possible prevention of certain subtypes 
of OvCa, or generation of a hypothesis about a possible diag-
nostic indicator of OvCa.

Although we cannot guarantee that our survey data are 
100% free of recall bias, our survey design has implemented 
the best strategies as recommended by Hassan27 and 
ECDPC26 to prevent or minimize recall bias for a patient-
reported study, such as, “improving timeliness of information 
gathering with more new diagnosis, framing questions to aid 
accurate recall with instructions, blinding the study subjects 
to the specific factors being studied (using free text).” In 
addition, we have cross-examined the text responses. Since 
our survey population has very few young (younger than 
19 years old) and old (older than 80 years) participants, our 
research finding may not be applicable to these two extreme  
groups.

Conclusion
This work is a testimony of the power of team science by 
researchers from multiple scientific areas together with stake
holders. This study showcased our comprehensive survey of  
OvCa survivorship and methodology in design and implemen-

tation  of a sensitive, responsive, and effective Web-based survey.  
It marked the debut of the OVA-CRADLETM developed 
for Web-based access and online query and exploration of 
our comprehensive data. Our data and OVA-CRADLETM 
facilitated subset of data, test, and generation of hypotheses.  
A study of prediagnosis symptoms of OvCa was accomplished 
using a combination text mining and statistics.

The top five symptoms across all stages were found to be a 
mass in the abdomen, eating and indigestion problems, men-
strual irregularity, and pelvic pain (Fig. 4). For early stages,  
a mass in the abdomen and chance diagnosis such as an MRI 
after a car accident were the most likely diagnostic indica-
tors of OvCa, while breathing problem or fluid (ascites), or 
a mass with other symptoms were strongly associated with 
late-stage diagnosis. Further investigation through CA of 
the prediagnosis symptoms with their relationship to diag-
nosis stage suggested that endometriosis was strongly asso-
ciated with Stage 1 diagnosis (Fig. 5). CART analysis and 
randomForest also demonstrated an association between 
endometriosis and a mass in the abdomen for early-stage 
diagnosis (Figs. 6 and 7).

The application of our valuable data and database can go 
beyond the studies presented above. They can be used to test 
and generate additional hypotheses.
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