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Abstract

Background Ovarian cancer is the deadliest gynaecological malignancy, and most cases
are diagnosed at an advanced stage. There is no population-wide screening; models for
predicting risk of ovarian cancer could be useful in decreasing mortality. We aimed to
provide the first comprehensive overview of models for predicting the risk of developing
ovarian cancer and their performance, risk of bias, and applicability.
Methods We performed a systematic search through MEDLINE and Embase to identify
articles in which models for predicting risk of developing ovarian cancer were developed
and/or validated. Model characteristics and measures of predictive ability were extracted
and summarised for each model. The Prediction model Risk of Bias Assessment Tool
(PROBAST) was used to assess risk of bias and applicability.
Results We identified twenty-eight studies representing twenty-one ovarian cancer risk
predictionmodels. Fifteen risk predictionmodels were developed or validated in the general
population,while sixweredeveloped for high-risk populations, definedby family history, and
one for patients with endometriosis. Twenty-three studies that reported discrimination and/
or calibration had moderate-to-good performance. Risk prediction models with the best
predictive ability reported an area under the receiver-operating characteristic curve (AUC) of
0.86 (95% confidence interval (CI) 0.84–0.87) for 2-year and an AUC of 0.77 (95% CI 0.76-
0.78) for 10-year ovarian cancer risk in the general population.
Conclusions Several models for predicting short- and long-term risk of ovarian cancer have
been published, of which a few have been validated in other populations. Some have limited
predictive performance. Some models may be suitable for use in primary care or specialty
clinics; however, assessment of their utility and validation in diverse cohorts is warranted.

Ovarian cancer is the deadliest gynaecological malignancy with over
207,000 deaths reported in 2022 worldwide1. The timing of ovarian cancer
diagnosis significantly affects prognosis, as the 5-year survival rate changes
from 92% for an early-stage ovarian cancer to 29% for a late-stage disease2.
The high ovarian cancer mortality rate is largely attributed to delayed
diagnosis, as over 70% of ovarian cancer cases are identified at advanced
stages3,4.

To assesswhether general population screening reduces ovarian cancer
mortality, large ovarian cancer screening trials were conducted in the USA
and the UK. The US-based Prostate, Lung, Colorectal, and Ovarian Cancer
ScreeningTrial and theUKCollaborativeTrial ofOvarianCancer Screening
(UKCTOCS) did not observe a change in ovarian cancer mortality in their
screening groups based on cancer antigen (CA125) testing and transvaginal
ultrasounds5–7. Although UKCTOCS identified more early-stage ovarian
cancer, it did not result in mortality reduction7. However, these studies
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Plain language Summary

Weaimed to identify in thepublished literature
all models that have been developed tomake
such predictions, and any studies that have
been done to evaluate howwell such models
predict in another population.From the
identified articles, we extracted information
on the models developed or evaluated, as
well as any information on their ability to
accurately predict the risk of developing
ovarian cancer in the future.We identified 28
articles and 21 models. Some were good at
predicting the risk of ovarian cancer, but
before they can be considered for use in
practice, they would need to be evaluated in
the population in which the prediction is to be
made. If performing well, they may be useful
for identifying individuals at a high risk of
developing ovarian cancer who may benefit
from early detection and prevention
strategies or from enrolment into studies
assessing the benefit of new such strategies.
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targeted the general population andused tests thatwere available at the time.
One of the ways to improve a screening strategy is by utilising genomic data
and other disease risk factors to identify the population most at risk of
developing a disease8. Currently, women who are known to have a high
familial or genetic risk may be offered surveillance or prevention strategies,
but decision-making in this context is challenging, and there is no general
consensus on how to identify such women9. Additionally, if such strategies
existed, they would also benefit women at a lower risk of ovarian cancer.
Learning about lower disease risk can have a positive psychological impact,
such as reducing cancer worry, and promotes continued participation in a
screening programme10. Thus, risk prediction models for ovarian cancer
were developed to assess whether they could improve screening and risk
stratification, and inform decisions on prophylactic interventions. A cancer
risk prediction model assesses the probability of cancer occurring in the
future, whereas a diagnostic model looks at the probability of disease being
present in the patient at a given time. For the purposes of this study,we focus
only on predictionmodels, as we are interested in answering the question of
what prediction models exist, what variables they use, and what their pre-
diction capabilities are. Some authors refer to such models as ‘prognostic’,
but have not used this term to avoid confusion with models aiming to
predict outcomes after cancer diagnosis. We decided to exclude diagnostic
models, as they answer the question of how well a cancer lesion can be
identified in a patient, and do not have any effect on disease prevention.

Although several ovarian cancer risk prediction models have existed
for a number of years, no overview of the different models exists. This
review, being the first work to summarise existing ovarian cancer risk
prediction models as far as we are aware, will help systemise them and
provide an overview of their performance, applicability and utility.

Methods
A systematic literature search was conducted through MEDLINE (Ovid)
and Embase (Ovid), with a temporal limit from the inception of each
database to 29th January 2022. The searchwas re-run on 20th January 2023
to capture studiespublished in2022and2023, andduplicateswere removed.
Databases were searched for articles on gynaecological cancers (ovarian,
uterine/endometrial, cervical, vaginal and vulvar), their risk prediction
models,and validation studies. The search strategy is available in Supple-
mentary Data 1. The search was limited to English-language articles.
Conference papers and abstracts were excluded. References of original
articles, reviews andmeta-analyses were searched prior to the final analysis.
The review protocol is published on PROSPERO (CRD42022303085).

Study selection was blinded and conducted using the Rayyan software.
Titles and abstracts were screened independently by two co-authors (A.A.
and C.K.), and disagreements were resolved by discussion after full-text
screening. The authors decided to split studies by cancer type and only
report ovarian cancer studies in this review, with other cancers reported as
separate studies. Data including study design, population type, model
variables and outcomes were extracted by two co-authors (A.A. and I.M.).
We grouped studies by the model that they developed, extended, or vali-
dated. We grouped population types into general population, high-risk
population (populations with a substantially higher risk than the general
population based on hereditary factors) and ‘special’ populations (that is,
populationsdefinedby thepresence of a feature that is not a typical high-risk
feature). We also grouped models by the time frame of the prediction, into
short- and long-term risk.

Studies were assessed in accordance with the PredictionModel Risk of
Bias Assessment Tool (PROBAST)11. Each study was evaluated in four
domains - participants, predictors, outcome and analysis—each ranked as
‘high’, ‘low’ or ‘unclear’ for the risk of bias and ‘low’, ‘high’ or ‘unclear’
concern for applicability (Table 1). We have assessed development and
validation studies according to the PROBAST guidelines specific to each
study type. Rating was performed twice independently (A.A., K.A., H.N.,
B.F.) and reviewed by another author (C.K.) and disagreements were
resolved by discussion.

Studies and their characteristics were grouped by the model they
developed, extended, or validated.

Ethical approval was not required for this study because it is a sys-
tematic review based on previously published studies and does not involve
human participants or unpublished human data.

Results
Study characteristics
The initial search of all gynaecological cancer risk prediction models,
including ovarian, endometrial/uterine, vulvar and cervical cancers, iden-
tified a total of 5033 abstracts and titles. Thirty-seven ovarian cancer risk
prediction studies were assessed for eligibility, and 28 studies describing 21
models12–39 were included in the final review. The review process is docu-
mented with the PRISMA chart (Fig. 1). The main reported outcomes were
similar across all studies, ranging from ovarian cancer diagnosis within a
pre-defined time period to lifetime risk of ovarian cancer. Several models
focused on shorter-term ovarian cancer prediction, stating an ovarian
cancer diagnosis within one to two years from study enrolment as their
primary outcome17,20,26,34. Studies were geographically dispersed: three stu-
dies were conducted in large global consortia—the Consortium of Investi-
gators of Modifiers of BRCA1/2 (CIMBA)19,25 and the Ovarian Cancer
Association Consortium (OCAC)14, three studies were conducted in the
European Prospective Investigation into Cancer and Nutrition (EPIC)
cohort comprised of ten European countries21,24,30, one study included data
from five European countries16, twelve studies took place in the
UK12,17,18,23,26,28,29,32–34,36,37, seven studies in the USA15,20,27,31,35,38,39, one in
Poland22, and one in China13. Studies’ population types were distributed as
follows: twenty-one12,14–18,21–24,28–36,38,39 studies were conducted in the general
population, six19,20,25–27,37 in high-riskpopulations andone13 in endometriosis
patients. High-risk populations were defined based on family history or
knownpathogenicmutations in BRCA1/2.Whereaswe intended to include
any definition of high risk population, we found that all published models
define high risk based on family history; thus, throughout this review high
risk population will be defined as such. Table 2 summarises risk prediction
models’ descriptions, locations and population types.

Model development overview
Commonly used modelling methods included logistic regression (10 stu-
dies), Cox proportional hazards models (7 studies), complex segregation
analysis (2 studies) and machine learning methods—a polygenic risk score
with continuous shrinkage machine learning model based on Bayesian
regression (1 study)14 and a Light Gradient Boosting machine learning
model (1 study)13. Some studies, such as those by Antoniou and Pfeiffer,
combined estimates from regression with population age-specific estimates
of ovarian cancer incidence, taking into account competing causes of death,
to estimate absolute risks of developing ovarian cancer. After examiningOC
risk prediction models, we decided to group their variables into nine cate-
gories: (1) demographic factors, (2) anthropometric factors, (3) lifestyle
factors, (4) family history, (5) reproductive history, (6) genetic data, (7)
laboratory tests, (8) symptoms and (9) medical history/clinical features.
Table 3 provides a summary of model variables. We extracted 27 studies in
this format, as the Lentz et al.20 study was a short-term (<1 year) prediction
model; thus, it will be discussed separately. Common combinations of
variables were: demographic, anthropometric, lifestyle, family history,
reproductive history and symptoms (5 studies)13,24,28,30,34, demographic,
anthropometric, lifestyle, family history, reproductive history and genetic
data (3 studies)16,18,27, demographic, anthropometric, family history and
genetic data (3 studies)19,29,37, demographic, anthropometric, lifestyle,
reproductive history and medical history/laboratory tests (2 studies)17,22,
demographic factors and laboratory tests (2 studies)26,33 and genetic data
alone (2 studies)14,25. All studies included risk factors from more than two
risk categories, and most studies included demographic (25 studies, 16
models), anthropometric (14 studies, 10models), lifestyle factors (6 studies,
4 models) and reproductive history (16 studies, 12models). Discrimination
was assessed using the area under the receiver-operating characteristic curve
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(AUC) or C-statistic (and D-statistic for some), and model calibration was
represented with a ratio of expected over observed cases or as a calibration
slope (whichmeasures the spread of predicted values).Weused the terms as
they were reported by the included studies. We do not make direct com-
parisons of numerical values of predictive performance as they are not
generally comparable due to differences in the populations and outcomes.

Risk of bias
Risk of bias and applicability of studies describing models were assessed in
accordance with the PROBAST tool11 (Table 1). Out of twenty-eight
included studies, 14 studies received a low risk of bias rating. Among the
remaining studies, one was rated as high risk of bias in the ‘participants’
domain due to concerns about whether the study population was of
appropriate design and inclusion and exclusion criteriawere clearly defined.
Eleven studies had high or unclear risk of bias in the ‘predictors’ domain,
meaning that some variables weremissing at the time of assessment or were
assessed differently among participants. Ten studies had high or unclear
risk-of-bias in the ‘analysis’ domain due to an inappropriate number of
participants with the outcome, unclear categorisation of variables, or lack of
information about model discrimination and/or calibration.

Evolution of ovarian cancer risk prediction models
Many of the ovarian cancer risk prediction models included in this review
build upon one another or have been extended and/or updated over time.
One such example is the BOADICEA model. Its first version40,41 was
designed for breast cancer and was later extended to assess the lifetime risk
of both breast and ovarian cancer based on family history and BRCA1/2
mutation status37,41. Following the original version of BOADICEA, an
updated version of the model has been published19,23,25,29, designed specifi-
cally for ovarian cancer, that incorporated polygenic risk scores, BRCA1/
2 status and family history, as well as a separate model for epithelial ovarian
cancer (EOC model)16,18. This model has two versions and incorporates

extended family history (beyond 1st degree relatives), reproductive history
and genetic data for predicting the lifetime risk of ovarian cancer. BOA-
DICEA and the EOCmodel are available as the online CanRisk Tool (www.
canrisk.org).

Another defining risk predictionmodel, QCancer, was first derived for
ovarian cancer36, was then further enhanced and expanded to multiple
cancers34, and underwent external validation by an independent group32.
Two versions of the QCancer model exist—the 2- and 10-year risk pre-
diction, and both are available as an online tool (www.qcancer.org).28,34

Kuchenbaecker et al.25 and Barnes et al.19 developed polygenic risk
scores in high-risk populations, and Yang et al.23 and Dareng et al.14

developed polygenic risk scores in the general population (Supplementary
Table 2).

Another example of models building on existing models is the model
developedbyLi et al.30 incorporating all categoriesof risk factors,which then
served as a foundation for calculating absolute risk in the Fortner et al.21,24

studies for assessing the utility of circulating biomarkers based on epide-
miological risk factors. The Li et al. model was also combined with the
polygenic risk score of Dareng et al.14 by Dite et al.12.

Predictive ability in the general population
As shown in Table 2, 21 studies (15 models) were conducted in the general
population. Nine studies representing 6 ovarian cancer risk prediction
models were ranked high on PROBAST, and 4 models were externally
validated. Out of these models, the Hippisley-Cox et al.34 QCancer model
was developed in the primary care setting. The main outcome of QCancer
was incident diagnosis of cancer within the first two years post-enrolment,
as this time period was deemed representative of the length it takes for an
existing cancer to manifest34,42. In addition to ovarian cancer, this model
predicted the risk of other cancers, but we report discrimination and cali-
bration for ovarian cancer only. Further external validation of QCancer32 in
the THIN database of UK primary care practices reported very good

Fig. 1 | PRISMA flowchart of the systematic litera-
ture search conducted for gynaecological cancer risk
prediction models.
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discrimination with an AUC of 0.86 (95% CI 0.84–0.87) and a good cali-
bration (represented as a graph).A longer-termHippisley-Cox et al.28model
predicting a 10-year risk of several cancers, including ovarian cancer,
reported good discrimination for ovarian cancer predictionwith anAUCof
0.769 (95%CI 0.76–0.778). The study published by Jervis et al.29, describing
the applicability of the BOADICEAmodel that incorporates polygenic risk
scores and family history, was deemed to be low risk of bias in each domain
of the PROBAST (Table 1), but did not report discrimination.

External validation of three other models developed and validated in
the general population showed modest discrimination (Table 4). The Lee
et al. 5-year OC risk prediction model had modest discrimination with an
AUC of 0.61 (95% CI 0.58–0.64) and was well-calibrated with an expected-
to-observed ratio of 1.05 (95% CI 0.94–1.16)18. The Pfeiffer et al. model
predicting an absolute 5-year ovarian cancer risk on external validation
reported an AUC of 0.59 (95% CI: 0.56–0.63) and an expected-over-
observed ratio of 1.08 (95% CI: 0.97–1.19) in the US-based Nurses’ Health
Study cohort. It had aC-index of 0.55 (95%CI: 0.52–0.59) and slightly over-
predicted risk, with an expected over-observed ratio of 1.35 (95% CI:
1.12–1.63) in the European EPIC cohort30,35. Dareng et al.14 developed a risk
prediction model based solely on genetic data and externally validated it in
two different cohorts: the general population UK Biobank cohort and the
high-risk population of the CIMBA consortium. They reported modest
AUCvalues ranging between 0.538 and 0.629 for different ethnicities within
each validation cohort, and calibration was not reported (Table 4).

High-risk populations
Six models were developed in high-risk populations, defined by family
history. The BOADICEAmodel37, that assesses risks of pathogenic BRCA1/
2 and a lifetime breast and ovarian cancer risk based on family history on
external validation had a good discrimination with a C-index of 0.77 (95%
CI 0.73–0.82) and a good calibration with an expected to observed ratio of
0.87 (95% CI 0.70–1.08)43 (Table 4). Two other studies ranked high by
PROBAST included the polygenic risk scoremodel,with a reportedC-index
of 0.604 (95% CI 0.582–0.626) for BRCA1 carriers and 0.667 (95% CI
0.636–0.699) for BRCA219,27.

The Lentz et al.20 study conducted in the high-risk population exam-
ined the efficiency of early OC diagnosis in the Risk of Ovarian Cancer
Algorithm, looking at serum levels of CA125 and HE4, followed by ultra-
sound every 4 months for women with abnormal results. This method was
compared with the Standard of Care surveillance strategy, consisting of
CA125 test andpelvic ultrasounds every 6months. This studydidnot report
discrimination or calibration. Additionally, the sample size was relatively
small, including 149 patients in the test arm and 43 patients in the Standard
of Care arm. Since the design of this risk predictionmodelwas very different
from other models, and based on the PROBAST, the overall risk of bias of
this study is high in theparticipants and analysis domains,wedidnot extract
it like other models. The authors claim that the derived model, which
incorporates CA125 and HE4, had a lower average false positive rate than
the Standard of Care arm20.

Discussion
We have identified twenty-eight studies describing 21 ovarian cancer risk
prediction models. Most models reported modest to high discrimination;
however, several studies were ranked high for risk-of-bias due to concerns
listed inPROBAST, although rigid interpretationof such criteriamaynot be
desirable in all settings11. The overviewed models used different types of
predictors that are not necessarily feasible or desirable to combine for the
generation of one risk prediction model, as different models may not serve
the same purpose and have different target populations. Different objectives
include quantifying lifetime risk of ovarian cancer, which could inform
screening and prevention strategies for individuals at high risk (e.g. sal-
pingectomy, oophorectomy), long-term risk (over the next 5–20 years) to
inform prevention or other decision-making, and using biomarkers and/or
symptom combinations for short-term risk prediction or earlier diagnosis.
Although we present the values of measures of discrimination andT
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calibration reported by the studies, we do not intend this to be a direct
comparison of such values, as these cannot be directly compared due to the
different target populations, prediction timeframes and study designs. For
models that would be appropriate to use across different settings, external
validation in the new settingwould be desirable to ensure that the predictive
ability of the model is maintained in the new setting.

Overall, fifteen studies describing nine models (nine in the general
population, one model in the high-risk population) were deemed to have
low risk-of-bias, and 19 had low concern for applicability and reported
mostly modest discrimination. Despite an overall low risk-of-bias, some
limitations of these studies were the lack of information about some model
variables and concerns about model applicability. For example, the Pfeiffer
et al.35model aimed to be applicable in the general population; however, this
study was conducted in white women and may not be representative of the
general US population, as 25% of the US population is non-white44. An
external validation conducted by Li et al.30 on the EPIC subcohort, com-
prised of Western and Central European countries, reported a modest
C-index of 0.55 and a significant overprediction of ovarian cancer with an
expected-over-observed ratio of 1.35 (95% CI 1.12–1.63)30,45. Future vali-
dation studies in diverse populations arewarranted. The issue of population
diversitywas addressed by theDareng et al.model, which relies solely on the
genetic data and was validated in populations of different ethnicities. The
discrimination against women of African ethnicity was higher than in
European and East-Asian ethnicities, but the cohort was significantly
smaller14. The disproportionate overrepresentation of white participants of
European descent is a common problem in genome-wide association
studies46. This is especially important because there are knowndifferences in
the epidemiology of ovarian cancer between ethnic groups. For example,
Japanese Americans showed the strongest association of epithelial ovarian
cancer with parity and oral contraceptive use, while for Latinas with post-
menopausal hormonal use and age at menopause47. Additionally, there are
differences in the distribution of histological types of ovarian cancer among
various ethnic groups. For example, Asian Pacific Islanders have a sig-
nificantly higher risk of ovarian clear cell carcinoma compared to the white
population48. Thus, validating risk predictionmodels in diverse cohorts can
help improve screening strategies in non-white women, though given that
OC is a rare disease, obtaining sufficiently large cohorts of non-white
women might be challenging.

QCancer models for the prediction of a 2-year and 10-year OC risk
reported high AUC28,32. Both models were derived in a large primary care
cohort in the UK and relied on electronic patient records (EPR). EPR is a
robust way to collect patient data, but is largely affected by the healthcare
setting, practice workload, variations between EPR interfaces, different
coding systems, data extraction and processing tools and research dataset
preparation and methodology49. Whether or not a patient presents to pri-
mary care also depends on their health literacy, socioeconomic status and
accessibility to healthcare, which may affect symptom reporting50. Early-
stage ovarian cancer symptoms are often vague, making it challenging for
patients to judge when to seek medical attention51. The high AUC of the
2-year OC risk QCancer model on external validation makes it likely to be
useful in the clinical setting, and variables included in this model, such as
demographic and lifestyle factors, family and reproductive history and
symptoms, are usually available through general practice records. This can
help identify women at risk of ovarian cancer in general practice and guide
further referral to specialty clinics; however, a validation in anon-UKcohort
is needed if the model were to be used internationally30,35, especially in
countries with a different healthcare system

The BOADICEA model included age and family history data and
reported amoderate discrimination on external validation43. It was the only
model applied in both general and high-risk populations; though it lacked
external validation in the general population29. As three-quarters of ovarian
cancer cases are not carriers of pathogenic BRCA1/2mutations52, including
data ondetailed familyhistory andotherpotentiallypathogenicmutations is
important in order to obtain more accurate predictions53. Inclusion of
additional risk factors, such as anthropometric measures (BMI and height),

a more detailed family history, reproductive history and additional patho-
genic genes associated with ovarian cancer, led to a moderately high AUC
and a good calibration18. This suggests that genetics in conjunction with
readily available data such as demographics and other factors mentioned
above can yield better prediction results and may be useful in high-risk
populations. Some limitations of thismodel were the lack of information on
family history in the UKCTOCS cohort, and that data on certain rarer
pathogenic variantswere limited.Additionally, the application of prediction
models that use higher-cost tests like genetics is challenging in developing
countries54. Approximately 20% of ovarian cancer cases are attributed to
hereditary components, with 30 single-nucleotide polymorphisms and rare
variants in 10 genes havingbeen shown tobe associatedwith ovarian cancer;
however, there may be more undiscovered genetic factors. Additionally,
models may serve different purposes: models with emphasis on potentially
modifiable factors can be used to inform preventative strategies, while
models based on genetics may provide information for lifetime risk and
inform decisions for preventative strategies in high-risk individuals55. This
reiterates that the applicability of a model depends on the setting, and all
publishedmodels report good discrimination only in a very specific setting,
making it challenging to recommend one universal model, and, as this
review illustrates, at the moment, there is no one-size-fits-all approach to
predicting ovarian cancer across varying populations.

Overall, only the QCancer model predicting a 2-year ovarian cancer
risk reported low risk-of-bias and a very good discrimination (AUC > 0.8),
although the 10-year-risk QCancer model reported an AUC just slightly
below 0.8 and good calibration. Other models that reported high AUC
(>0.8) values13,21,24,26,33 had a high risk of bias according to PROBAST.Oneof
these models was predicting endometriosis-associated ovarian cancer13, so
was not applicable in the general population. Twoothermodels21,24 were not
validated, and another model26 was based on a very small sample size.
Discrimination was generally better in short-term risk prediction models.
For example, theRussell et al.model, despite its small sample size, reported a
significant decrease inAUC from0.944 for ovarian cancer predictionwithin
one year, to AUC of 0.638 between years one and two26.

Ovarian cancer is a rare disease accounting for less than5%of all cancer
cases in women56. Attempts to perform population-level screening for
ovarian cancer did not reduce mortality5–7; therefore, ovarian cancer risk
predictionmodels developed on large, diverse patient cohorts could become
a useful clinical tool. Even though screening the general population selected
solely based on age has not improved outcomes, we speculate that identi-
fying a well-selected target population in combination with further assess-
ment might improve outcomes in the future. Whether the existing models
are well-suited to predict ovarian cancer risk is a challenging question. It is
not possible to directly compare measures of calibration, such as the C-
statistic, between different models, and these can be used as merely indi-
cators of eachmodel’s predictive ability. Discrimination and calibration are
both important aspects of model performance that need to be evaluated57.
Calibration is important for guiding clinical decisions, as poor calibration
was found to reduce Net Benefit, a metric evaluating the relative con-
sequences of false positives and negatives to assess the clinical utility of the
model58. In certain situationswheremodels are tobeused forpredicting risk,
additional metrics may be helpful in determining the utility of a model in
that setting, such as Net Benefit. However, neither calibration nor dis-
crimination on their own are sufficient to make a clinical decision59.

Some of the existing models have performed well in studies in their
setting or target population and are available to use in practice, such as
QCancer in general practice.One of the central arguments in the field of risk
prediction is that prediction models should not be seen solely as a way to
identify disease, but rather help with decision-making—be it referral for
screening, prophylactic treatment, or surgery60. For example, one aim of
BOADICEA was to provide refined estimates of absolute risk to women
meetingmore crude criteria of a high risk, to informgenetic counselling and
decision-making61. Some evidence suggests that multimodal screening and
prophylactic surgery are cost-effective inwomen at sufficiently high ovarian
cancer risk62. Additionally, new clinical guidelines on managing women
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with familial and genetic risk of ovarian cancer are currently in
development63. Thus, in the future, it is important to explore how existing
ovarian cancer risk predictionmodels could guide clinical decision-making.

Conclusion
Most existing ovarian cancer risk prediction models at present have mod-
erate ability to predict long-term risk of ovarian cancer in both the general
and high-risk populations, but some have better predictive ability, in par-
ticular those predicting short-term risk. Somemodels aremore appropriate
for use in general practice or specialty clinics, as some variables such as
demographic, family and/or reproductive history are readily available;
however, further evaluation and improvements of existingmodels in varied
populations and settings may help with prevention or early detection of
ovarian cancer in individuals with a higher risk of the disease.

Data availability
All extracted data are available in Supplementary Data 2.
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