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Data-driven analysis of a validated risk score for
ovarian cancer identifies clinically distinct patterns
during follow-up and treatment
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Abstract

Background Ovarian cancer is the eighth most common cancer among women and due to

late detection prognosis is poor with an overall 5-year survival of 30–50%. Novel biomarkers

are needed to reduce diagnostic surgery and enable detection of early-stage cancer by

population screening. We have previously developed a risk score based on an 11-biomarker

plasma protein assay to distinguish benign tumors (cysts) from malignant ovarian cancer in

women with adnexal ovarian mass.

Methods Protein concentrations of 11 proteins were characterized in plasma from 1120

clinical samples with a custom version of the proximity extension assay. The performance of

the assay was evaluated in terms of prediction accuracy based on receiver operating char-

acteristics (ROC) and multiple hypothesis adjusted Fisher’s Exact tests on achieved sensi-

tivity and specificity.

Results The assay’s performance is validated in two independent clinical cohorts with a

sensitivity of 0.83/0.91 and specificity of 0.88/0.92. We also show that the risk score follows

the clinical development and is reduced upon treatment, and increased with relapse and

cancer progression. Data-driven modeling of the risk score patterns during a 2-year follow-up

after diagnosis identifies four separate risk score trajectories linked to clinical development

and survival. A Cox proportional hazard regression analysis of 5-year survival shows that at

time of diagnosis the risk score is the second-strongest predictive variable for survival after

tumor stage, whereas MUCIN-16 (CA-125) alone is not significantly predictive.

Conclusion The robust performance of the biomarker assay across clinical cohorts and the

correlation with clinical development indicates its usefulness both in the diagnostic work-up

of women with adnexal ovarian mass and for predicting their clinical course.
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Plain language summary
Ovarian cancer is commonly detected

at a late stage, resulting in poor long-

term outcomes with only 30–50% of

women surviving more than 5 years

after diagnosis. New ways to accu-

rately detect ovarian cancer are nee-

ded to increase survival rates. We

have previously developed a score

based on the levels of certain proteins

in the blood, which can be used to

detect ovarian cancer. Here, we con-

firm that this score allows us to dis-

tinguish ovarian cancer from benign

cysts. We also show that the score is

reduced upon cancer treatment and

increases with disease recurrence, and

that it is predictive of patient survival.

A simple blood test such as this would

be useful both for detection of disease

and for follow-up during treatment,

and might be an important tool to help

improve outcomes for patients with

ovarian cancer.
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Ovarian cancer is currently the eighth most common cancer
among women across the world, with over 300,000 cases
and 200,000 deaths per year, and an estimated global

incidence of 6.6 per 100,000 women per year1. Detection of the
cancer is usually late with less than one-third of cases discovered in
stage I or II, resulting in poor prognosis with an overall 5-year
survival rate of only 30–50%2. The overall 5-year survival rate
varies greatly depending on tumor stage at diagnosis, and it is close
to 90% when the tumor is detected in stage I, but only 20% for stage
IV2. The precursor states of ovarian cancers have proven difficult to
identify. Precise knowledge of the etiology of the cancer could help
determine an optimized screening interval in relation to cancer
development. However, it has been suggested that serous tubal
intraepithelial carcinomas (STIC), the presumed precursor to
ovarian high-grade serous carcinomas, develop slowly with up to
two decades from the first occurrence of genetic predisposing
mutations3. Recent molecular evidence from patient material
suggests that the developing of ovarian cancer from STIC can occur
in a much shorter time, across an estimated timespan of 6–7
years4,5. Additional estimates based on tumor size and growth6

indicate that ovarian cancer can spend over 4 years in situ, or as
stage I and II, before progressing to stages III and IV. Today dis-
covery is mainly symptom-driven and women who experience
pelvic symptoms are typically examined with transvaginal ultra-
sound (TVU) or computer tomography, and when these indicate
an adnexal ovarian mass, surgery provides the final diagnosis.
However, a majority of patients undergoing surgery actually
have benign cysts, and more effective and targeted preoperative
tools to predict malignancy would reduce unnecessary operations
and minimize potential complications and induced premature
menopause.

Available biomarkers for ovarian cancer such as MUCIN-16
(CA-125) or WAP Four-Disulfide Core Domain 2 (WFDC2 or
HE4) are used as a complement to imaging examinations. MUCIN-
16 was introduced as a biomarker for ovarian cancer in 19837 and
is currently the most important single biomarker for diagnosis and
management of ovarian cancer8. However, MUCIN-16 alone has
low sensitivity for early-stage cancer partly due to the large pro-
portion of false positives linked to relatively benign gynecological
conditions such as endometriosis, infections, or pregnancies8.
Combinations of CA-125 with other biomarkers, including
WFDC2, such as in the ROMA Score (Ovarian Malignancy Risk
Algorithm), can achieve a sensitivity of up to 75% at a specificity of
90–95%9,10. But again, the low sensitivity for detection of early-
stage ovarian cancer (stages I and II), and the resulting high cost
and risk of over-treatment, prohibits population screening using
these biomarkers. Previous studies predicting the risk of malig-
nancy in adnexal ovarian mass using only TVU11 report sensitiv-
ities ranging from 99.7 to 89.0%, with specificities of 33.7 to 84.7%;
thus TVU in the hands of specialists can out-perform molecular
tests12. However, these highly specialized units are scarce, whereas
a molecular test could be objectively performed without the need
for highly trained experts.

We have previously developed a risk score for separating
benign from malignant tumors based on analysis of eleven (11)
plasma proteins (MUCIN-16, SPINT1, TACSTD2, CLEC6A,
ICOSLG, MSMB, PROK1, CDH3, WFDC2, KRT19, and FR-
alpha) plus age13. Previously, we used one discovery cohort and
two independent validation cohorts to select proteins and eval-
uated the performance of the models using relative protein con-
centrations as reported by the proximity extension assay (PEA)14.
Based on separate validation cohorts the risk score model was
finalized with fixed coefficients based on measurements in abso-
lute concentrations13. In the previously studied cohort, we
achieved a sensitivity of 0.85 and a specificity of 0.93 in separating
ovarian cancer tumors in stages I–IV from benign tumors.

In the present study, we validate the performance of the multi-
plex protein assay in two independent Swedish patient cohorts at
time of diagnosis. We also analyze serially collected samples from
one of these cohorts to study the development of the risk score
during treatment and follow-up of ovarian, endometrial and cer-
vical cancer. The risk score is also analyzed in samples collected
from healthy women in a third, cross-sectional Swedish cohort. We
show that the performance of multiplex protein assay is robust and
that the risk score pattern after diagnosis follows common clinical
responses during treatment and relapse/progression and may
therefore also be useful in monitoring clinical developments during
follow-up.

Methods
Clinical cohorts. The samples were from three separate cohorts:
the Biomovca cohort15, the UCAN biobank16, and the Northern
Swedish Population Health Study (NSPHS)17. NSPHS is a
population-based health study17 from which 87 healthy age-
matched controls were selected. These samples were collected in
2006. The Biomovca is a clinical multicenter prospective cohort
with samples from five secondary care centers and one tertiary
care center in the region of Western Sweden15 and contains
samples collected at time of diagnosis. These samples were col-
lected between 2013 and 2016. A detailed clinical description of
the characteristics of this cohort has been published before15. In
the current study, a total of 610 Biomovca samples (Table 1) were
analyzed. The UCAN (Uppsala Cancer Cohort) is a prospective
cohort collected in the Uppsala-Örebro region consisting of
women who were treated at the Akademiska Sjukhuset, Uppsala,
Sweden. The UCAN cohort includes samples collected from
women at time of diagnosis, as well as serial samples from the
same women collected during follow-up and treatment (Table 1).
These samples were collected in 2012–2018. Inclusion criteria on
diagnoses were epithelial ovarian cancer, fallopian tube cancer,
and peritoneal cancer. At diagnosis, the samples from UCAN
were characterized as high-grade serous carcinomas (HGSC,
54%), low-grade serous carcinomas (LGSC, 11%), endometroid
carcinomas (12%), clear cell carcinomas (5%), combined clear cell
and endometroid carcinomas (1%), mucinous carcinomas (3%),
non-epithelial ovarian cancer (6%) and carcinosarcomas (5%).
Two (2) percent of the samples had no histologic annotation
available. The UCAN samples were assigned any of four groups
depending on the clinical timepoint. Samples denoted “Primary”
were collected when the tumor had been diagnosed but prior to
commencing treatment. The category “Treatment ongoing”
included samples collected from the commencing of surgery or
chemotherapy until the end of the course of treatment. A com-
mon treatment span is typically six months, but this could be
shorter or longer for individual cases. The category “Response to
treatment” included samples collected during follow-up after
completed treatment, and comprised women with partial or
complete remission, and consequently decreased tumor burden.
The fourth category, “Relapse/progression” included samples
collected either when cancer was recurring after an initial positive
response to treatment or when cancer was progressing. These two
types were combined into one group, since they represent
increasing tumor burden. Clinical follow-up was limited to 5
years after initial diagnosis. A proportion (N= 48, 40%) of the
UCAN biobank samples collected at time of diagnosis were used
in the 2nd replication cohort in Enroth et al.13 (Table 1). These
overlapping samples were not used to select the proteins in the
model nor to establish the model-coefficients or cut-off for
malignancy. The overlapping samples have not been previously
analyzed using the quantitative proximity extension assay (PEA)
used here.
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To study the cancer specificity of the risk score we also included
samples from the UCAN biobank collected at time of diagnosis and
at one follow-up occasion from 25 women (2 samples from each
woman) diagnosed with invasive cervical cancer and 25 women
(2 samples from each woman) diagnosed with endometrial cancer
(Table 1). The 25 cases with cervical cancer included the following
diagnoses: squamous cell carcinomas (60.0%), adenocarcinomas
(20.0%), adenosquamous carcinomas (12.0%), glassy cell carci-
noma (4.0%), and leiomyosarcoma (4.0%). The endometrial
cancers had the following diagnoses: endometrial carcinoma
(79.2%), carcinosarcoma (4.2%), clear cell carcinoma (4.2%),
endometrial stromal sarcoma (4.2%), mixed tumor, corpus
(4.2%) and serous carcinoma (4.2%). In total, 423 samples from
the UCAN cohort were analyzed.

The studies and use of the samples have been approved by the
appropriate local ethics committees; Biomovca (Gothenburg
University, Ref 139-13), U-CAN (Regionala Etikprövningsnämn-
den, Uppsala, Dnr: 2016/145), and NSPHS (Regionala Etikpröv-
ningsnämnden, Uppsala, Dnr. 2005:325 with approval of an
extended project period on 2016-03-19). Written informed
consent was obtained from all participating individuals.

Protein measurements. A custom 11-plex proximity extension
assay (PEA)14 with a read-out in absolute concentration was used,
as in Enroth et al.13. Description of the process for combining
protein assays into a custom multiplex reaction and the tech-
nology used to achieve a readout in absolute concentrations have
been described in a white paper18. In brief, standard curves with
known concentrations are run together with the clinical samples
and the standard PEA output is then transformed to absolute
concentrations. All the samples were analyzed at the same time
and randomized with respect to cohort and diagnosis across
plates. All protein measurements were carried out at the Olink
Proteomics AB service laboratory in Uppsala, Sweden. Protein
concentrations were reported in pg/mL except for KRT19 and
MUCIN-16 that were reported in mU/mL. Basic quality control
of the data was carried out by Olink Proteomics AB. This pro-
cedure flags individual measurements above or below pre-defined
limits of quantification. No measurements were reported to
be below the limit of detection. A total of 73 measurements,
corresponding to 0.6% of the total 12,320 measurements
(11*1120= 12,320), were reported to be as high or above the
upper limit of detection and subsequently replaced with the
respective upper limit. In the data, 1 of 1120 was replaced for FR-
alpha, 7 of 1120 for KRT19, 6 of 1120 for CDH3, 40 of 1120 for
MUCIN-16, and 19 of 1120 for SPINT1. Here, 16 (1.4%) of
the 1120 samples had one or more of the 11 analytes flagged in
the quality control carried out by Olink Proteomics AB and these
were removed from further analyses. Seven of these 16 samples (1
malignant, 1 borderline, and 5 benign) were from the Biomovca
cohort, and 9 samples (4 malignant, 3 benign, and 2 endometrial
cancers) were from the UCAN biobank. No normalization of the
protein concentrations was applied.

Risk score calculation. The raw protein concentrations and
individual age were log2-transformed and truncated to the ranges
observed in the development of the risk score models as described
in Enroth et al.13. In total, 296 individual data-points out of
13,440 (11 protein and age in 1120 samples) were truncated for
the risk score model. The truncated values were used to calculate
the risk scores according to the models previously reported in
Supplementary Data 4 of Enroth et al.13.

Statistical analysis. All calculations were done using R19 (version
4.0.3). All statistical tests for differences were computed using theT
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Wilcoxon ranked sum test and two-sided unless specified other-
wise. Calculation of receiver operating characteristics (ROC) and
area under curve (AUC) were performed using the ‘pROC’20

R-package. Evaluation of differences in AUC were done using the
DeLong’s test as implemented in the ‘pROC’20 R-package. Sta-
tistical differences in sensitivities and specificities were estimated
using a Fisher’s exact test based on counts of false and true
positives and negatives. The Cox proportional hazards analyses
were conducted using the ‘survival’21 R-package (version 3.2-11).
The bee-swarm plots were produced using the ‘beeswarm’22

R-package (version 0.4.0). All other figures were generated using
custom scripts and basic R-functions.

Reporting summary. Further information on research design is
available in the Nature Research Reporting Summary linked to
this article.

Results
Cohorts and protein biomarker measurements. 1120 plasma
samples from three separate cohorts were analyzed. The first
cohort, Biomovca15, was a regional multicenter study (6 hospitals),
that included a prospective cohort of patients from both secondary
and tertiary referral centers, presenting with an ovarian cyst with
and without suspicion of cancer. The second cohort, UCAN16, was
a clinical prospective cohort consisting of women referred to spe-
cialized care with a high suspicion of cancer. The third cohort
consisted of age-matched women from a cross-sectional popula-
tion-based health study, NSPHS (Northern Swedish Population
Health study17). The sample set from the UCAN biobank also
contains serial samples collected from the same woman at time
of diagnosis and during treatment and follow-up (Table 1). The
samples and cohorts are described in more detail in “Methods” and
Table 1. Plasma samples were analyzed using a custom-design,
multiplex PEA assay for eleven proteins (MUCIN-16, SPINT1,
TACSTD2, CLEC6A, ICOSLG, MSMB, PROK1, CDH3, WFDC2,
KRT19, and FR-alpha) (Supplementary Table 1). These proteins
were selected based on their inclusion in the risk score models we
had previously developed13. Absolute concentrations of these
proteins were measured with a custom 11-plex PEA (see details in
“Methods”). All protein concentrations were reported in pg/mL
except for KRT19 andMUCIN-16 which were reported in mU/mL.
After stringent quality control (“Methods”), 98.6% (1104) of the
samples were included in the further analysis.

Effect of individual age on protein measurements and risk
score. Age is an established factor influencing a large fraction of
circulating protein concentrations23. The relationship between
individual age and levels of the 11 proteins in healthy controls
from the NSPHS cohort is shown in Fig. 1. Using 87 control
samples we found six of the proteins in our multiplex assay
(WFDC2, KRT19, FR-alpha, MSMB, CLEC6A, SPINT1) to be
significantly influenced by age using linear regression model, with
p-values ranging from 7.5 × 10−3 to 3.4 × 10−12. Although sig-
nificant, the changes were small in comparison to the observed
concentration ranges. For instance, the largest effect was found
for MSMB, which increases by 1.02 pg/ml per year on an overall
range among healthy women between 1128 and 20,899 pg/ml.
The protein concentrations were subsequently log2-transformed
and truncated to the observed concentration ranges used in our
previously described risk score model (“Methods”)13. Based on
the healthy age-matched controls from the NSPHS cohort, the
risk score models showed significant correlations with individual
age (p-value= 2.7 × 10−7). Age is included in our risk score with
a positive coefficient, meaning that age is a positively contributing
factor to an increased risk. The per-year increase in the risk score

for healthy individuals was however small (4.1 × 10−3 per year),
and the model remained under the cut-off for malignancy for all
point-estimates in the observed age range (Fig. 1). Extrapolation
of the linear models indicated that a risk score above the cut-off
for malignancy would occur first starting at the age of 91.6 years
(Fig. 1).

The multiplex assay shows high performance at time of diag-
nosis. To validate our risk score13, we studied the performance
with respect to separating malignant from benign tumors based on
the AUC (Area Under the Curve) and point estimates of sensitivity
and specificity for the previously13 fixed cut-offs, focusing on (i)
sensitivity; (ii) specificity; and (iii) the best-point in the two cohorts
Biomovca and UCAN. The ‘best-point’ cut-off was defined as a
trade-off between sensitivity and specificity and can be graphically
interpreted as the point on the ROC-curve that is closest to perfect
classification (e.g., sensitivity and specificity equal to 1.0).

From the Biomovca cohort, we analyzed samples from 610
women, of which 73% had benign tumors, 5% borderline tumors,
and 22% were diagnosed with malignant ovarian tumors
(Table 1). The ROC-curves for distinguishing between benign
tumors and malignant ovarian cancer in the Biomovca and the
previous development cohort13 are shown in Fig. 2. There was no
statistically significant difference in the AUC between the
Biomovca and the previous development cohort13 for ovarian
cancer stages I–IV (DeLong’s test, p > 0.24) (Fig. 2a and Table 2).
There was also no difference between the Biomovca and the
development cohort when comparing early-stage cancers (I and
II) and benign tumors (Fig. 2b, DeLong’s test, all p > 0.27,
Table 2), or late-stage cancers (III and IV) and benign tumors
(Fig. 2c, DeLong’s test, all p > 0.58, Table 2).

A second validation was performed using the UCAN cohort
(Table 1). The ROC-curves for the UCAN and development
cohort13 split on cancer stages are shown in Fig. 2. There was no
statistical difference in the AUCs for any stage-split compared
to our previous development cohort13 (Table 2 and Fig. 2).

Fig. 1 Proteins and risk score in healthy individuals (NSPHS cohort,
N= 87) in relation to age. Linear models of proteins (left axis) and the risk
score (right axis) are indicated in gray scale and red, respectively. The
lighter shaded areas represent 95% confidence intervals. Models where
age explained a significant (p < 0.05) proportion of the observed intra-
individual variance in protein concentration or in the risk score are indicated
with an * in the legend. The dashed horizontal line corresponds to the
“best-point” cut-off for malignancy as described in Enroth et al.13. The
vertical dashed line corresponds to the lowest and highest individual ages
among the samples from the healthy cohort (NSPHS). All protein
concentrations are reported in pg/mL except for KRT19 and MUCIN-16 that
were reported in mU/mL.
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A proportion (N= 48, 40%) of the UCAN samples collected at
time of diagnosis were used in the second replication cohort in
Enroth et al.13, and therefore we also analyzed the performance
excluding these samples. As for the full dataset, we found no

statistical differences in AUC (Table 2). The model had an AUC
of 0.920 (Supplementary Table 1) in separating ovarian cancer
stages I–IV from benign tumors in this subset of the data. Based
on this, we used the full UCAN cohort in the remaining analyses.

Fig. 2 ROC-curves for separating malignant from benign ovarian tumors in the different cohorts. The performance in the development cohort is
indicated in black and the Biomovca and UCAN validation cohorts in blue and red, respectively. The solid lines represent the point-estimate and the shaded
areas 95% confidence intervals. a Separation of malignant tumors stages I–IV (NUCAN= 64, NBiomovca= 135) from benign tumors (NUCAN= 52,
NBiomovca= 438). b Separation of malignant tumors stages I–II (NUCAN= 21, NBiomovca= 53) from benign tumors (NUCAN= 52, NBiomovca= 438).
c Separation of malignant tumors stages III–IV (NUCAN= 43, NBiomovca= 82) from benign tumors (NUCAN= 52, NBiomovca= 438). d ROC-curves for the risk
score (purple) and clinically measured MUCIN-16 (gray), comparing stages I–IV with benign tumors for the combined clinical cohorts (Biomovca and
UCAN, N= 689). The crosses are centered on the point estimate of the sensitivity and specificity, obtained at the best-point cut-off (risk score, black) and
when using 35 U/ml as cut-off for malignancy for MUCIN-16 (blue). The height and width of the crosses illustrate the 95% confidence intervals of
sensitivity (y-axis) and specificity (x-axis). e and f as d but for stages I–II (N= 564) and III–IV (N= 615).

Table 2 Comparisons of AUC for separating ovarian malignant and benign tumors between the developmental cohort13 and the
two validation cohorts for samples collected at the time of diagnosis.

Benign vs stage Dev.a Biomovca UCAN UCANb

AUC AUC N p-valc AUC N p-valc AUC N p-valc

I–IV 0.95 0.92 573 0.24 0.93 116 0.56 0.92 80 0.63
I–II 0.89 0.86 491 0.58 0.79 73 0.27 0.77 61 0.45
III–IV 0.98 0.96 520 0.27 0.99 89 0.18 0.99 71 0.33

aDevelopmental cohort from Enroth et al.13.
bWith only the non-overlapping samples with Enroth et al.13 (“Methods”).
cTwo-sided difference compared to the AUC achieved by the models in Enroth et al.13.
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In addition, we compared the performance of the risk score with
the clinically measured MUCIN-16 (CA-125) levels recorded at
time of diagnosis (Fig. 2d, e). In this analysis, we combined the
benign and malignant samples from the two clinical cohorts
(UCAN and Biomovca). There was no difference in the obtained
AUCs for any of the stages-splits (Fig. 2d, e, all q-values= 1,
DeLong’s method, Bonferroni adjusted) between the risk score
and using MUCIN-16 alone. When comparing the sensitivity and
specificity obtained at the clinically used cut-off at 35 U/ml for
MUCIN-16 with the best-point cut-off for the risk score, there
was also no statistical difference in the obtained sensitivities
(all q-values > 0.11, Fishers’s exact test, Bonferroni adjusted,
Table 3). There was, however, a significantly higher specificity
obtained when using the risk score as compared to MUCIN-16

alone (all q-values < 1.3 × 10−13, Fishers’s exact test, Bonferroni
adjusted, Fig. 2d, e and Table 3).

We next evaluated the performance of the three fixed cut-offs
compared with the results obtained in the development cohort13.
The point-estimate and 95% CI for the Biomovca and develop-
ment cohort for each type of cut-off is shown in Fig. 3. The best-
point cut-off in Biomovca was not statistically different from
estimates of sensitivity (all p-values > 0.72) or specificity (all p-
values > 0.12, Fig. 3a and Supplementary Table 1) for the
development cohort. There was also no statistical difference
between the Biomovca cohort and the development cohort with
respect to the sensitivity of the models (all p-values > 0.65,
Supplementary Table 1) for the focus-on-sensitivity (Fig. 3b) and
no difference in specificity for the focus-on-specificity (Fig. 3c)

Table 3 Comparisons of AUC, sensitivity, and specificity at time of diagnosis for the risk score and clinical MUCIN-16.

Benign
vs stage

AUC Sensitivity Specificity

Mucin-16 Risk score p-vala Mucin-16 Risk score p-valb Mucin-16 Risk score p-valb

I–IV (N= 689) 0.89–0.94 0.89–0.95 0.41 0.88–0.96 0.81–0.90 0.037 0.64–0.73 0.85–0.91 4.4 × 10−14

I–II (N= 564) 0.77–0.88 0.78–0.9 0.40 0.72–0.90 0.61–0.82 0.17 0.64–0.73 0.85–0.91 4.4 × 10−14

III–IV (N= 615) 0.95–0.98 0.95–0.99 0.73 0.96–1.00 0.89–0.98 0.10 0.64–0.73 0.85–0.91 4.4 × 10−14

AUC, sensitivity, and specificity are given as 95% confidence intervals. The comparisons were made using both cohorts (Biomovca and UCAN) with the total number of samples as indicated in the first
column.
aDeLong’s test.
bFishers’ exact test.

Fig. 3 Comparisons of sensitivity and specificity in the cohorts at the three cut-offs developed earlier13. a Best-point, b focus-on-sensitivity, and c focus-
on-specificity. The circles represent point-estimate and horizontal line the 95% confidence interval. The light gray colored marks represent the
development cohort from Enroth et al.13 and the black, yellow, or red colored marks represent results in the two validation cohorts. Yellow marks are
nominally significant (p < 0.05, two-sided Fishers’ exact test) differences compared to the development results, while red marks represent significant
differences also after adjustment for multiple hypothesis testing (Bonferroni, p < 0.05/36). The Biomovca analysis was based on comparisons of 438
benign, 53 stage I–II, and 82 stage III–IV samples. The UCAN analysis was based on comparisons of 52 benign, 21 stage I–II, and 43 stage III–IV samples.
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(all p-values > 0.28, Supplementary Table 1). The model did show
a lower nominally significant (p < 0.041) specificity for the focus-
on-sensitivity cut-off (Fig. 3b and Supplementary Table 1). The
sensitivity for the focus-on-specificity model did not differ
significantly between the Biomovca and the development cohort
(Fig. 3c, all p-values > 0.62, Supplementary Table 1). All point
estimates, confidence intervals and p-values comparing the
performance in the developmental and Biomovca cohorts are
presented in Supplementary Table 1. Among the borderline
samples in the Biomovca cohort, 17, 33, and 87% of the samples
had a risk score indicating malignancy at the focus-on-specificity,
best-point, and focus-on-sensitivity cut-offs, respectively. We also
compared the UCAN cohort and the development cohort with
respect to the obtained sensitivity and specificity at the three fixed
cut-offs. As above, there was no statistical difference in any of the
analyses in relation to sensitivity (all p-values > 0.088, Fig. 3a–c
and Supplementary Table 1). The model did show a nominally
significantly (p < 1.1 × 10−3) lower specificity for the focus-on-
sensitivity cut-off (Fig. 3b and Supplementary Table 1). This
difference remained significant after adjustment for multiple
hypothesis testing (q < 0.041, Bonferroni). All other specificities
were not significantly different (Fig. 3a, c, all p-values > 0.75,
Supplementary Table 1). All point estimates, confidence intervals
and p-values comparing the performance in the developmental
and validation cohorts are presented in Supplementary Table 1.
In summary, the risk score showed similar performance in the
two independent cohorts as in the original development cohort.

Risk scores in healthy individuals and in other gynecological
cancers. Our risk score model was developed using malignant
and benign tumor samples13, and to broaden the spectra, we
therefore examined the risk score also in symptom free, healthy
women and women diagnosed with endometrial or invasive
cervical cancer (Table 1 and Fig. 4a). Healthy women had on
average lower risk scores than those with benign tumors,
although the difference was not statistically significant (p < 0.28,
two-sided Wilcoxon ranked test). There was also no significant
difference between healthy women and those with benign tumors
in the percentage of samples above the cut-off for malignancy
(p= 1, Fisher’s exact test, 9.2% and 7.7%, respectively). As a
comparison, the fraction of samples above the malignancy cut-
off for ovarian cancer stages I–IV was 90.6% (Fig. 4a). Thus, the
risk score for women with benign tumors was similar to that of
healthy women.

For cervical and endometrial cancers, the risk score was
calculated at time of diagnosis, and during and after completion
of treatment. For cervical cancer 50.0% of samples were above the
ovarian cancer malignancy cut-off at the time of diagnosis, and
this was reduced to 0% during or after treatment (Fig. 4a). For
endometrial cancer, 38.9% of the samples collected at time of
diagnosis were above the cut-off for ovarian cancer malignancy,
and this was reduced to 28.6% during treatment and 11.0% after
treatment. (Fig. 4a). Thus, the risk score detects a fraction of
cervical cancer and endometrial cancer at diagnosis, while at
follow-up, the cancer specificity of the risk score is increased.

Using the benign samples from the Biomovca cohort (Table 1),
we further compared the risk scores stratified on the different
available histologies. When compared to healthy women, there
were no statistical difference in distribution of risk scores in the
benign histologies, except for dermoid cysts which had lower
scores (p= 8.5 × 10−3, Wilcoxon’s ranked test). This difference
was not significant after adjustment for multiple hypothesis
testing (Bonferroni, q= 6.8 × 10−2). Next, we calculated the
fraction of observations in each group that was above the cut-off
and found between 5.6 and 21.1% (Fig. 4b). Compared with the

9.2% found among healthy women, one group, serous cysts, had a
nominally significantly higher proportion (p= 3.9 × 10−2, Fish-
ers’s exact test), but this difference did not remain significant after
adjustment for multiple hypothesis testing (Bonferroni, q= 0.69).

Risk score at follow-up is informative of treatment outcome.
Our ovarian cancer risk score was further calculated based on
serial samples from the UCAN cohort. This included samples
collected when the tumor was diagnosed but prior to commen-
cing treatment (“Primary baseline sample”); when commencing
surgery or chemotherapy until the end of the course of treatment
(“Treatment ongoing”); during follow-up after completed treat-
ment with a group of women in partial or complete remission
(“Response to treatment”); and, finally, when cancer had recurred
after an initial positive response to treatment or when cancer was
progressing (“Relapse/progression”). Figure 5a shows the samples
collected from each woman relative to time of surgery, and Fig. 5b
the risk scores in the four groups. The risk score was dramatically
reduced upon treatment, in particular for women responding to
treatment and rose again in women with relapse/progression
(Fig. 5b). All pairwise comparisons of groups showed nominally
significant differences in risk score (p < 3.9 × 10−2, Supplemen-
tary Table 2) and all, except for the comparison between the
samples taken at diagnosis and at relapse, were also significant
after correction for multiple hypothesis testing (Bonferroni,
q < 1.1 × 10−4, Supplementary Table 2). These results suggest
strongly that the risk score is reflecting the course of the disease.

Next, we analyzed changes in risk score during a 2-year
period for individual women with multiple samples in the
UCAN cohort (Fig. 5c). In order to identify pattern templates to
which a patient’s individual observations could be assigned we
used series with four or more samples per patient collected
within a 2-year period from diagnosis. Fifteen patients with at
least four samples were identified and the risk scores of these
sample series were modeled across the sampling range (time)
using a cubic spline. These fifteen models were then re-sampled
at fixed time intervals in order to create a dataset with common
time-points following diagnosis. The risk score at these time-
points was then used as input to kmeans-clustering with four
centers. All individual sample series, regardless of number of
samples, were then assigned to either of the clusters using a
Euclidean distance metric.

The four time-series clusters based on these templates are
shown in Fig. 6a. This process assigned between 9.2 and 39.8% of
individual women’s sample series to one of the four clusters
(Fig. 6a). The risk score trajectory of the clusters indicates four
different clinical response patterns. About 10% of the women
(Cluster 1, panel 2 from the left) showed a consistent high-risk
score from date of diagnosis and no change during treatment,
indicating lack of treatment response. For another 15% of the
women (Cluster 2) the risk score was reduced during treatment,
and then rapidly returned to its initial high value after completion
of treatment, indicating rapid relapse. The largest group (Cluster
3), including almost 40% of the women, showed a rapid decrease
from a high-risk score during or after treatment to a lower score,
followed by a slow but steady increase post-treatment. Finally,
Cluster 4, with 36% of the women, had a moderately high-risk
score at diagnosis which dropped during treatment, but then
increased slowly during follow-up. Clusters 1, 2, and 3 all had a
higher proportion of women who died during the follow-up
period (Fig. 6b), a higher proportion of ovarian cancer stages III
and IV (Fig. 6c), and a higher proportion of HGS histology
(Fig. 6d), when compared to cluster 4 or the overall mean. Thus,
the risk score trajectories of the clusters correlate with the clinical
history and treatment outcome of patients.
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Risk score at time of diagnosis is predictive of 5-year survival.
Using the risk score at time of diagnosis, we modeled the relative
contribution of the risk score, individual age, BMI, clinically
measured MUCIN-16 (CA-125) and cancer stage at time of diag-
nosis on overall 5-year survival, using a Cox proportional hazards
regression model, based on the UCAN cohort. Stage was found to
be the strongest predictive variable (p < 3.5 × 10−4, Bonferroni
adjusted q-value 1.7 × 10−3) with our risk score being the second
strongest, reaching nominal significance (p < 1.8 × 10−2,
q-value > 0.05). Neither age, BMI nor clinical CA-125 at time of
diagnosis had any statistically significant effect (all p > 0.77, Sup-
plementary Table 3). In a second model with only risk score, age,
BMI and clinical CA-125, risk score was the only significant vari-
able (p < 2.0 × 10−3, Bonferroni adjusted q-value 7.9 × 10−3, all
other p-values > 0.77, Supplementary Table 3). In both models, a

higher cancer stage or risk score predicted a lower 5-year survival.
Lastly, we built a model with risk score, age, BMI and clinical CA-
125 using only patients with late-stage cancer (stages III or IV). For
models using only stage III, the risk score was nominally significant
(p= 0.045, all other p-values > 0.21, Supplementary Table 3), while
for stage IV, lower BMI was found to reflect lower survival
(p < 4.8 × 10−3, Bonferroni adjusted q-value 1.9 × 10−2) with no
other variables reaching statistical significance (p > 0.26, Supple-
mentary Table 3). Thus, the 5-year survival analysis indicates that,
after cancer stage, the risk score, but not CA-125 alone, was the
second most predictive variable of survival.

Discussion
In the diagnosis of women with adnexal tumors, diagnostic sur-
gery with curative intention is used to confirm indications by

Fig. 4 Risk score levels across multiple cancers, benign histology, and controls. a Risk score for healthy women and those with benign tumors, or
endometrial, cervical and ovarian cancer (stages I–IV). The dotted line indicates the cut-off for malignancy at the ‘best-point’ established for ovarian cancer.
The numbers above each group represent the number of samples and the percent of samples that are above the cut-off. All samples except the healthy
(NSPHS) are from the UCAN-cohort. b Risk scores in healthy individuals and different benign histologies. The dotted line indicates the cut-off for
malignancy at the ‘best-point’ established for ovarian cancer. The numbers above each group represent the number of samples and the percent of samples
that are above the cut-off. All samples except the healthy (NSPHS) are from the Biomovca cohort. a, b The top and the bottom of the box represent the
25th and 75th percentile and the band inside the box the median value. The whiskers are calculated as 1.5x the interquartile range.
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TVU. In Sweden, about 75% of the women evaluated by diag-
nostic surgery have benign ovarian tumors (benign cysts)15 and
diagnostic surgery is associated with potential surgical compli-
cations, side-effects on fertility, and induced menopause24. We
have developed a risk score model based on a multiplex plasma
protein assay13 that can be used to distinguish between benign
tumors and ovarian cancer in women with adnexal ovarian
masses, and thereby reduce the need for diagnostic surgery. The

performance of the risk score model was validated in two inde-
pendent clinical cohorts from different parts of Sweden. The
model was used with fixed parameters and fixed cut-offs and
showed essentially the same performance with respect to sensi-
tivity and specificity in the two new cohorts as in cohorts pre-
viously used to develop the model. The protein measurements
from the validation cohorts were fed directly into the models
without any prior normalization or transformation of the

Fig. 5 Overview of collection of samples in relation to time of surgery in the UCAN cohort. a The upper panel shows the sample series from each patient
on separate horizontal lines, with the color of the dots referring to where in the treatment progression the samples was collected: Primary sample (N= 64,
black), Treatment ongoing (N= 108, gray), Response to treatment (N= 65, blue), and Relapse/progression (N= 32, red) (see “Methods”). A black cross
indicates the timepoint when a patient died. The lower panel indicates the overall survival (in %) in the cohort. b Distribution of risk scores at the four
clinical stages above. The top and the bottom of the box represent the 25th and 75th percentile and the band inside the box the median value. The whiskers
are calculated as 1.5x the interquartile range. Outliers were omitted from the boxplots. c Risk score development (y-axis) for individual patients over a
2-year period (x-axis), starting from time of diagnosis. Sampling events are colored to represent the four categories above. Gray lines connect sampling
events for the same patient.
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data. The samples used have been collected at several different
healthcare centers and hospitals across Sweden, using the local
collection protocols without any prior synchronization of col-
lection protocols between the three cohorts used. The Biomovca
cohort include a series of secondary care centers in the region of
Western Sweden15 from which samples were transported to the
central biobank. The samples selected were not limited to a
particular subset of histology categories but were instead reflective
of the distribution in Sweden today. It should be noted that a
proportion (40%) of the samples collected at time of diagnosis
from the UCAN cohort used here were included in the second
replication cohort in our previous study13. When analyzed
separately, these samples (40%) did not show any increase in
performance compared to the non-overlapping proportion (60%)
and we mainly reported replication results from the combine set.
In our previous study, these samples were not at any point used to
select the proteins in the combine biomarker panel nor to train
the coefficients of the model used here for calculation of the risk
score. The overlapping proportion was also previously analyzed
with a standard PEA reporting in the relative NPX-scale and not
in absolute concentrations as used here. Apart from clinical

conditions, from a technical standpoint, pre-clinical conditions,
such as storage time can affect the level of some plasma
proteins25. For instance, the measured levels of MUCIN-16 in
frozen (−70 °C) plasma have been shown to increase with pro-
longed storage time across several decades25. Since the clinical
samples in the current study were collected over a shorter time-
period (2012−2018) and the healthy cohort in 2006, and, still
more important, the impact of storage time on the remaining
proteins in the risk score is unknown, we elected not to apply
adjustments related to storage time. The validation shows that the
assay is robust and delivers similar performance across cohorts
and pre-analytic handling, including samples collected at differ-
ent times and in different clinical settings. Over 90% of the
women in the validation cohorts with benign tumors had risk
scores below the cut-off for malignancy, and therefore would not
have needed immediate diagnostic surgery. In comparison with
clinically measured MUCIN-16 (CA-125), our risk score showed
a higher specificity at a retained sensitivity for classification of
benign tumors at time of diagnosis.

We also examined the risk score at different stages of clinical
management and cancer development. Serial samples were available

Fig. 6 Time-series clusters based on the risk score in the UCAN cohort. The risk score trajectories of the clusters correlate with clinical history and
treatment outcome of patients. a From left to right, individual risk scores across sample occasions are illustrated in all samples (leftmost panel) and then
for the four individual clusters. Cluster-centers are illustrated in solid black and individual profiles assigned to that cluster in gray. A total of 98 samples
series were analyzed. Cluster 1 had 9 patients, cluster 2 had 15 patients, cluster 3 had 39 patients, and cluster 4 had 35 patients. Proportion (%) of all
patients assigned to each cluster is indicated above each panel. b Proportion of alive and deceased women during the 2-year follow-up period among all
samples (leftmost panel) and individual clusters. c Distribution of ovarian cancer stages (I–IV) at time of diagnosis in all samples (leftmost panel) and each
cluster. d Distribution of tumor histology classifications (“Methods”) at time of diagnosis in all patients (leftmost panel) and in each cluster. b–d Red and
blue bars indicate a nominally significant (p < 0.05, two-sided Fisher’s exact test) higher or lower frequency, respectively, as compared to the total
distribution (leftmost panel).
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from before treatment initiation, during ongoing treatment, when
treatment was completed, and during relapse and/or cancer pro-
gression. Once treatment was initiated, the risk score dropped and
continued to do so in patients responding to treatment. After
completion of treatment, the risk score in most women increased,
but at different rates and with different final levels. In general,
women in relapse or whose disease was getting worse had high-risk
scores. Taken together the risk score followed the clinical course of
the disease and the treatment outcome.

In order to be able to follow the risk score and disease
development in individual women, we studied patients with
multiple sampling occasions at time of diagnosis, treatment,
and follow-up to derive common risk score trajectories. These
trajectories where then used as templates to which the data of
other patients in the study could be matched. We identified four
main risk score trajectories running from date of diagnosis to
the 2-year follow-up. The four trajectories (clusters) correspond
to common clinical responses such as: Cluster 1 (patients with
no treatment response); Cluster 2 (patients showing an initial
reduction of the risk score, indicative of a positive treatment
response, followed by rapid relapse); Cluster 3 (patients with a
rapid decrease of the risk score during or after treatment, and
an increase post-treatment), and, finally, Cluster 4 (patients
with good treatment response but nevertheless a slowly
increasing risk score during follow-up). The identification of
trajectories is obviously a simplification of individual clinical
histories and more than four clusters could be defined, but the
analysis indicates that the risk score does follow, and capture,
major clinical scenarios. The four clusters differ with respect to
tumor stage, histology, and survival during follow-up, con-
sistent with the most important clinical scenarios. In support of
this, the risk score at diagnosis is, after tumor stage, the second
strongest predictor of 5-year survival. In the same analysis,
clinically measured MUCIN-16 at time of diagnosis did not
show any statistically significant predictivity.

In this study, we focused on the ability of the assay to reduce
the need for diagnostic surgery when managing women with
adnexal ovarian mass, and on the possibility of predicting the
clinical outcome of treatment. However, the only way to improve
the prognosis of ovarian cancer would be to introduce means for
detection of early-stage cancer through screening. In the present
study we were unable to evaluate the performance of the assay
before diagnosis, and therefore its potential for population
screening. Nevertheless, the dramatic reduction of the risk score
upon initiation of treatment and its increase during relapse
demonstrates that the assay is able to reflect tumor burden, and
has the potential to be informative also before diagnosis. Further
studies are needed to examine this latter possibility. In general,
screening could be in the form of yearly or biyearly testing in the
high-risk group of women at relevant ages. If this is carried out
using home-sampling devices, burdening of primary healthcare
centers with routine sample collections could be avoided. Such
longitudinal sample collection among higher-risk groups would
also enable the use of individual thresholds for identification of
early-stage ovarian cancer. These are likely to be more sensitive
than general population-based thresholds26. In addition, an
optimal screening program should identify women before the
cancer has developed or before the transformation from identified
precursor lesions to cancer is complete. Investigations into this
would ideally require both tissue samples from the developing
tumor, including precursor states, for accurate staging and rele-
vant peripheral tissue for screening purposes. Although there are
ongoing collections of peripheral tissue (blood) such as the
United Kingdom Collaborative Trial of Ovarian Cancer Screening
(UKCTOCS)27 for screening purposes, obtaining the precise
tumor development stage at the time of collection in women with

no presenting symptoms is not possible. A more realistic goal,
which should improve survival rates, would be to target investi-
gations into early discovery of the cancer. It is, however, impor-
tant to bear in mind that ovarian cancers presenting in early stage
often have a less aggressive histology (type 1 tumors) and clinical
appearance than those diagnosed in later stage (type 2 tumors),
and a direct comparison between groups should be made with
caution28. Here, and in our previous study13, the aim was to
search for a clinically usable protein biomarker signature that
would transcend these differences and signal the cancer regardless
of the origin and stage. Future studies seeking biomarkers for
early detection of ovarian cancer could target the different types
separately and compare them both to healthy controls and to
patients diagnosed with benign tumors. This was recently illu-
strated in an exploratory study based on a broad characterization
of plasma proteins specifically identifying different combinations
of biomarkers for late and early-stage cancer compared to benign
tumors29.

Here, we also compared women with benign tumors (cysts)
with healthy age-matched women and found the risk score to be
similar in these two groups, albeit slightly higher in women with
benign tumors. This is in accordance with the assay providing a
sensitive evaluation of ongoing processes that may result in
cancer. The risk score was also shown to be elevated at diagnosis
in women with endometrial or cervical cancer. Cervical cancer is
normally handled separately through screening and/or a mole-
cular test for the presence of high-risk human papilloma virus
(HPV). For endometrial cancer, TVU in women with symptoms
is often sufficiently indicative, and no screening is presently in
place. However, if our assay were to be employed in population
screening, the cancer specificity would have to be more carefully
considered.

The performance of our assay was robust across clinical
cohorts, but for clinical use even a small increase in sensitivity
and specificity would be beneficial. The ROMA-index, as ori-
ginally suggested, achieved a sensitivity of 0.92 at a specificity of
0.75 in post-menopausal women and a sensitivity of 0.77 at a
specificity of 0.75 in pre-menopausal women30. A recent meta-
analysis of performance of the ROMA-index in both pre- and
post-menopausal women suggests an overall sensitivity in the
range of 0.88 to 0.93, and a specificity in the range of 0.89 to
0.9431. That study31 showed variation in the performance
between cohorts and26 could not rule out biases in the reported
results, either due to the underlying distribution of biological
samples in the participating studies or in the meta-analysis per-
formed. Apart from MUCIN-16 and WFDC2 that are used in the
ROMA-index, other studies have indicated that additional pro-
tein biomarkers can be informative for e.g., early diagnosis or
screening. Russel and colleagues26 combined MUCIN-16, Vita-
min K-dependent protein Z (PROZ), phosphatidylcholine-sterol
acyltransferase (LCAT) and C-reactive protein (CRP) into a
multiplex biomarker panel that, when used against a patient’s
own baseline, displayed promise in detecting ovarian cancer 1–2
years earlier than current diagnostic methods. Our risk score was
developed across both pre- and post-menopausal women based
on measuring 593 proteins in plasma13, and using a model which
selected proteins based on how well they discriminated between
cases and control in combination, regardless of their univariate
performance. Indeed, some of the eleven proteins did not show
any statistical evidence of separating cases and controls on their
own13. Recent technological advancements in proteomics allow
for highly specific analyses of thousands of proteins from each
sample32. Further studies of additional proteins could increase the
performance of the risk score model in relation to ovarian cancer,
as well as result in the identification of additional biomarkers with
high specificity for the individual gynecological cancers. This is a
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reasonable assumption based on a previous study we conducted33

where we studied plasma biomarkers in both ovarian and endo-
metrial cancer compared to benign tumors. In that study, 16
proteins were detected for endometrial cancer and 15 for ovarian
cancer, but only 4 were selected for both.

In conclusion, we have shown that the performance of the risk
score model is robust across cohorts. Also, the risk score pattern
after diagnosis follows the common clinical responses during
treatment and relapse/progression and may be useful in mon-
itoring clinical developments during follow-up.

Data availability
The datasets generated during the current study are available from the authors on
reasonable request. Source data for the figures are available as Supplementary Data 1.

Received: 24 November 2021; Accepted: 23 September 2022;

References
1. H, S. et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence

and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin.
71, 209–249 (2021).

2. Torre, L. A. et al. Ovarian cancer statistics, 2018. CA Cancer J. Clin. 68,
284–296 (2018).

3. Wu, R. C. et al. Genomic landscape and evolutionary trajectories of ovarian
cancer precursor lesions. J. Pathol. 248, 41–50 (2019).

4. Shih, I. M., Wang, Y. & Wang, T. L. The origin of ovarian cancer species and
precancerous landscape. Am. J. Pathol. 191, 26–39 (2021).

5. Labidi-Galy, S. I. et al. High grade serous ovarian carcinomas originate in the
fallopian tube. Nat. Commun. 8, 1–11 (2017).

6. Brown, P. O. & Palmer, C. The preclinical natural history of serous ovarian
cancer: defining the target for early detection. PLoS Med. 6, (2009).

7. Bast, R. C. et al. A radioimmunoassay using a monoclonal antibody to
monitor the course of epithelial ovarian cancer. N. Engl. J. Med. 309, 883–887
(1983).

8. Sölétormos, G. et al. Clinical use of cancer biomarkers in epithelial ovarian
cancer: updated guidelines from the European group on tumor markers. Int. J.
Gynecol. Cancer 26, 43–51 (2016).

9. Karlsen, M. A. et al. Evaluation of HE4, CA125, risk of ovarian malignancy
algorithm (ROMA) and risk of malignancy index (RMI) as diagnostic tools of
epithelial ovarian cancer in patients with a pelvic mass. Gynecol. Oncol. 127,
379–383 (2012).

10. Lycke, M., Ulfenborg, B., Kristjansdottir, B. & Sundfeldt, K. Increased
diagnostic accuracy of adnexal tumors with a combination of established
algorithms and biomarkers. J. Clin. Med. 9, 299 (2020).

11. Timmerman, D. et al. Predicting the risk of malignancy in adnexal masses
based on the Simple Rules from the International Ovarian Tumor Analysis
group. Am. J. Obstet. Gynecol. 214, 424–437 (2016).

12. Meys, E. M. J. et al. Subjective assessment versus ultrasound models to
diagnose ovarian cancer: a systematic review and meta-analysis. Eur. J. Cancer
58, 17–29 (2016).

13. Enroth, S. et al. High throughput proteomics identifies a high-accuracy 11
plasma protein biomarker signature for ovarian cancer. Commun. Biol. 2, 221
(2019).

14. Assarsson, E. et al. Homogenous 96-Plex PEA immunoassay exhibiting
high sensitivity, specificity, and excellent scalability. PLoS ONE 9, e95192
(2014).

15. Lycke, M., Kristjansdottir, B. & Sundfeldt, K. A multicenter clinical trial
validating the performance of HE4, CA125, risk of ovarian malignancy
algorithm and risk of malignancy index. Gynecol. Oncol. 151, 159–165 (2018).

16. Glimelius, B. et al. U-CAN: a prospective longitudinal collection of
biomaterials and clinical information from adult cancer patients in Sweden.
Acta. Oncol. 57, 187–194 (2018).

17. Igl, W., Johansson, Å. & Gyllensten, U. The Northern Swedish Population
Health Study (NSPHS)—a paradigmatic study in a rural population
combining community health and basic research. Rural Remote Health 10,
1363 (2010).

18. Assarsson, E. & Lundberg, M. In Advancing Precision Medicine: Current and
Future Proteogenomic Strategies for Biomarker Discovery and Development
32–36 (2017).

19. R Core Team. R: A Language and Environment for Statistical Computing (R
Foundation for Statistical Computing, 2020).

20. Robin, X. et al. pROC: an open-source package for R and S+ to analyze and
compare ROC curves. BMC Bioinform. 12, 77 (2011).

21. Therneau, T. A Package for Survival Analysis in R (2021).
22. Eklund, A. & Trimble, J. The Bee Swarm Plot, an Alternative to Stripchart (2021).
23. Enroth, S., Johansson, Å., Enroth, S. B. & Gyllensten, U. Strong effects of

genetic and lifestyle factors on biomarker variation and use of personalized
cutoffs. Nat. Commun. 5, 4684 (2014).

24. Kim, S.-Y. & Lee, J. R. Fertility preservation option in young women with
ovarian cancer. Future Oncol. 12, 1695 (2016).

25. Enroth, S., Hallmans, G., Grankvist, K. & Gyllensten, U. Effects of long-term
storage time and original sampling month on biobank plasma protein
concentrations. EBioMedicine 12, 309–314 (2016).

26. Russell, M. R. et al. Diagnosis of epithelial ovarian cancer using a combined
protein biomarker panel. Br. J. Cancer 121, 483–489 (2019).

27. Jacobs, I. J. et al. Ovarian cancer screening and mortality in the UK
Collaborative Trial of Ovarian Cancer Screening (UKCTOCS): a randomised
controlled trial. Lancet 387, 945–956 (2016).

28. Kurman, R. J. & Shih, I. M. The origin and pathogenesis of epithelial
ovarian cancer: a proposed unifying theory. Am. J. Surg. Pathol. 34,
433–443 (2010).

29. Gyllensten, U. et al. Next generation plasma proteomics identifies high-precision
biomarker candidates for ovarian cancer. Cancers 14, 1757 (2022).

30. Moore, R. G. et al. A novel multiple marker bioassay utilizing HE4 and CA125
for the prediction of ovarian cancer in patients with a pelvic mass. Gynecol.
Oncol. 112, 40–46 (2009).

31. Cui, R., Wang, Y., Li, Y. & Li, Y. Clinical value of ROMA index in diagnosis of
ovarian cancer: meta-analysis. Cancer Manag. Res. 11, 2545 (2019).

32. Olink Explore 1536/384 - Olink. https://www.olink.com/products/olink-
explore/ (2022).

33. Enroth, S. et al. A two-step strategy for identification of plasma protein
biomarkers for endometrial and ovarian cancer. Clin. Proteomics 15, 1–15 (2018).

Acknowledgements
We are thankful to all subjects in the study cohorts for donating samples to research. The
study was funded by the Swedish Cancer Foundation, The Swedish Foundation for
Strategic Research (SSF), the Swedish Research Council (VR), Sjöbergsstiftelsen, The
Assar Gabrielssons foundation, Swedish state under the agreement between the Swedish
government and the county council, the ALF-agreement, VINNOVA (SWELIFE) and
Olink Proteomics AB. Olink Proteomics AB had no role in the study design nor the
decision to publish the results. We thank Margaret Hunt for proofreading the
manuscript.

Author contributions
U.G. is study PI. S.E., K.St., K.Su., and U.G. designed the study. K.St., M.L. (Biomovca),
and K.Su. (UCAN) contributed patient material and clinical data. E.I. provided clinical
data. J.H.L. performed quality control of patient material, J.B. and A.R. generated protein
data and performed initial quality control. S.E. developed analysis tools, performed
computational analyses, and generated figures. S.E., E.I., and U.G. interpreted data. S.E.
and U.G. drafted the manuscript. All authors contributed to the writing of the final
version of the manuscript.

Funding
Open access funding provided by Uppsala University.

Competing interests
S.E., K.Su., and U.G. are inventors on a patent application entitled “Biomarker panel for
ovarian cancer” (2018, US20210255189A1, pending). J.B. and A.R. are employees of Olink
Proteomics AB, Uppsala, Sweden. The remaining authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/s43856-022-00193-6.

Correspondence and requests for materials should be addressed to Stefan Enroth.

Peer review information Communications Medicine thanks Alicia Beeghly-Fadiel and
the other, anonymous, reviewer(s) for their contribution to the peer review of this work.

Reprints and permission information is available at http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

ARTICLE COMMUNICATIONS MEDICINE | https://doi.org/10.1038/s43856-022-00193-6

12 COMMUNICATIONS MEDICINE |           (2022) 2:124 | https://doi.org/10.1038/s43856-022-00193-6 | www.nature.com/commsmed

https://www.olink.com/products/olink-explore/
https://www.olink.com/products/olink-explore/
https://doi.org/10.1038/s43856-022-00193-6
http://www.nature.com/reprints
www.nature.com/commsmed


Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,

adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.

© The Author(s) 2022

COMMUNICATIONS MEDICINE | https://doi.org/10.1038/s43856-022-00193-6 ARTICLE

COMMUNICATIONS MEDICINE |           (2022) 2:124 | https://doi.org/10.1038/s43856-022-00193-6 | www.nature.com/commsmed 13

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
www.nature.com/commsmed
www.nature.com/commsmed

	Data-driven analysis of a validated risk score for ovarian cancer identifies clinically distinct patterns during follow-up and treatment
	Methods
	Clinical cohorts
	Protein measurements
	Risk score calculation
	Statistical analysis
	Reporting summary

	Results
	Cohorts and protein biomarker measurements
	Effect of individual age on protein measurements and risk score
	The multiplex assay shows high performance at time of diagnosis
	Risk scores in healthy individuals and in other gynecological cancers
	Risk score at follow-up is informative of treatment outcome
	Risk score at time of diagnosis is predictive of 5-nobreakyear survival

	Discussion
	Data availability
	References
	References
	Acknowledgements
	Author contributions
	Funding
	Competing interests
	Additional information




