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Abstract
Background and Objectives
Female-specific factors and psychosocial factors may be important in the prediction of stroke
but are not included in prediction models that are currently used. We investigated whether
addition of these factors would improve the performance of prediction models for the risk of
stroke in women younger than 50 years.

Methods
We used data from the Stichting Informatievoorziening voor Zorg en Onderzoek, population-
based, primary care database of women aged 20–49 years without a history of cardiovascular
disease. Analyses were stratified by 10-year age intervals at cohort entry. Cox proportional
hazards models to predict stroke risk were developed, including traditional cardiovascular
factors, and compared with models that additionally included female-specific and psychosocial
factors. We compared the risk models using the c-statistic and slope of the calibration curve at a
follow-up of 10 years. We developed an age-specific stroke risk prediction tool that may help
communicating the risk of stroke in clinical practice.

Results
We included 409,026 women with a total of 3,990,185 person-years of follow-up. Stroke
occurred in 2,751 women (incidence rate 6.9 [95% CI 6.6–7.2] per 10,000 person-years).
Models with only traditional cardiovascular factors performed poorly to moderately in all age
groups: 20–29 years: c-statistic: 0.617 (95% CI 0.592–0.639); 30–39 years: c-statistic: 0.615
(95% CI 0.596–0.634); and 40–49 years: c-statistic: 0.585 (95% CI 0.573–0.597). After adding
the female-specific and psychosocial risk factors to the reference models, the model discrimi-
nation increased moderately, especially in the age groups 30–39 (Dc-statistic: 0.019) and 40–49
years (Dc-statistic: 0.029) compared with the reference models, respectively.

Discussion
The addition of female-specific factors and psychosocial risk factors improves the discrimina-
tory performance of prediction models for stroke in women younger than 50 years.
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Introduction
Stroke is one of the leading causes of death and disability
globally.1 A decision to start preventive treatment depends
first of all on the absolute risk of cardiovascular disease, in-
cluding stroke and myocardial infarction, over a period of 10
years. The current European guidelines recommend the use of
the Systematic COronary Risk Evaluation 2 (SCORE2) for
estimating cardiovascular risk in the general population.2,3

This predictionmodel includes only traditional cardiovascular
factors such as age, diabetes, hypertension, cholesterol, and
smoking. However, there is increasing evidence that female-
specific risk factors of stroke and other cardiovascular diseases,
such as migraine, hormonal disorders, and preeclampsia, are
also important. In a systematic review of cardiovascular risk
models in the general population, only 2 of 160 (1.3%) studies
had used female-specific factors.4 Both studies, and an addi-
tional one published a year later, concluded that inclusion of
female-specific risk factors did not result in the improvement of
model discrimination and reclassification.5,6 However, the
primary outcome measure of these studies was a combination
of several major cardiovascular events, including myocardial
infarction. Female-specific factors, however, primarily increase
the risk of stroke.7,8 Moreover, these studies included mainly
postmenopausal women, while female-specific factors such as
migraine and oral contraceptives increase the risk of stroke
especially at reproductive age.9,10 Psychosocial factors, such as
low socioeconomic status and depression, have also been found
to increase the risk of stroke to a greater extent in women than
in men.11-14 However, their added value has hardly been
assessed in prediction models for stroke.4 The aim of this study
was, therefore, to investigate whether female-specific factors
and psychosocial factors would improve the performance of
predictionmodels for the risk of stroke in women younger than
50 years, compared with models with traditional cardiovascular
factors alone.

Methods
Data Source
We used data from the Stichting Informatievoorziening voor
Zorg en Onderzoek (STIZON) database, which directly re-
trieves data from electronic health records (EHRs) of a large
number of primary care providers throughout the Nether-
lands and covers approximately 20% of the Dutch pop-
ulation.15 From the STIZON dataset, we selected only
women from general practice centers, which were situated in
catchment areas of hospitals participating in the STIZON

network. This allowed for linkage of hospital International
Classification of Diseases, Ninth Revision (ICD-9) and In-
ternational Classification of Diseases, Tenth Revision (ICD-10)
diagnoses to primary care data. The STIZON dataset contains
International Classification of Primary Care (ICPC) diagnosis
codes for clinical entities and medication prescriptions
according to the Anatomical Therapeutic Chemical (ATC)
Classification System from primary care pharmacies.16,17

ICD-9 and ICD-10 codes were present for all in-hospital di-
agnoses that occurred during follow-up, while ICPC diagnosis
codes were in principle available since birth. Inclusion criteria
were female sex (as determined by registration in the primary
care EHR), age of 20–49 years, and subscription to a STIZON
general practice center between January 1, 2007, and De-
cember 31, 2020, for minimally 1 year. The first year of sub-
scription was necessary because we defined this as a 1-year
run-in period to assess predictor values such as prescribed
medication or assessments of vital parameters. Exclusion cri-
teria were a history of cardiovascular disease before baseline,
including myocardial infarction, stroke, angina pectoris, pe-
ripheral artery disease, heart failure, and transient ischemic
attack. Follow-up time started at the end of the 1-year run-in
period, which was on January 1, 2008, or on the first general
practice center subscription to the STIZONnetwork after this
date. Women were censored at the earliest date of the di-
agnosis of a major adverse cardiovascular event, death,
deregistration with any practice connected to the STIZON
network, or last upload of computerized data to the STIZON
database (December 31, 2020).

Standard Protocol Approvals, Registrations,
and Patient Consents
The ethics review board has provided a statement that this
study was not subject to ethics review according to the
Medical Research Involving Human Subjects Act (World
Meteorological Organization).

Outcome Definition
The primary outcome of our study was fatal and nonfatal
stroke, defined as the presence of an ICD-9, ICD-10, or ICPC
code for overall stroke or ischemic or hemorrhagic stroke
subtypes specifically (eTable 1, links.lww.com/WNL/C986).

Traditional Cardiovascular Factors
Data on the following traditional cardiovascular factors were
included for this study: age, smoking (defined as current or
former tobacco use), and either an ICD-9, ICD-10, or ICPC
diagnosis code or condition-specific ATC medication pre-
scription code for hyperlipidemia, hypertension, and diabetes

Glossary
aHR = adjusted HR; ATC = Anatomical Therapeutic Chemical; EHR = electronic health record; HR = hazard ratio; ICD-9 =
International Classification of Diseases, Ninth Revision; ICD-10 = International Classification of Diseases, Tenth Revision; ICPC =
International Classification of Primary Care; SCORE2 = Systematic COronary Risk Evaluation 2; STIZON = Stichting
Informatievoorziening voor Zorg en Onderzoek.
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mellitus (eTable 1, links.lww.com/WNL/C986). We did not
use biomarker measurements such as serum cholesterol,
blood pressure, and blood glucose because these measure-
ments were missing in most (>80%) of the women in our
research population. The measurement data are likely not
missing at random, and in combination with the large extent
of missing information, imputation would probably lead to
biased imputations.18 For binary factors such as smoking, in
case of absence of the registration of smoking status in the
EHR, it was not possible to distinguish between actual and
unknown smoking status. Therefore, we considered the ab-
sence of the registration of smoking status as the absence of
smoking, implying the imputation of zero. Risk factor in-
formation was assessed at the start of follow-up and at the end
of the 1-year run-in period.

Female-Specific Factors
The following female-specific factors for stroke were included
based on previous literature: migraine, gestational diabetes,
preeclampsia, preterm birth (0 vs ≥1), miscarriage (0 vs ≥1),
stillbirth (0 vs ≥1), menstrual irregularity or primary ovarian
insufficiency, female infertility (unspecified), hysterectomy in
medical history, poor fetal growth or small for gestational age
of a woman’s child, complications during birth (postpartum
hemorrhage, intrapartum hemorrhage, umbilical cord com-
plications), hormonal replacement therapy, and combined
hormonal contraceptive use.19-21 A female-specific factor
was considered present when either an ICD-10, ICD-9, or
ICPC diagnosis code or condition-specific ATC medication
prescription code was present. The female-specific factors
menstrual irregularity and primary ovarian insufficiency
were clustered into menstrual irregularity of any cause
because primary ovarian insufficiency is a main cause for
menstrual irregularity.22 The definition of female-specific
factors based on these codes is summarized in eTable 1
(links.lww.com/WNL/C986).

Psychosocial Factors
Based on the literature, we selected the following psychosocial
factors.11-14 Socioeconomic status score was derived from the
first 4 postal code digits, using data from the Netherlands
Institute for Social Research as a standardized measure based
on income, education, and occupation of the inhabitants.23 A
history of depression or psychotic disorders was defined by
either an ICD-10, ICD-9 or ICPC diagnosis code or ATC
code for antidepressant or antipsychotic drug prescriptions.

Statistical Analysis
We developed multivariable Cox proportional hazards re-
gression models for prediction of the risk of stroke. Because
previous literature showed significant age-dependent effects
of female-specific factors on risk of stroke,24,25 we stratified all
analyses by three 10-year intervals using age at baseline of
20–29, 30–39, and 40–49 years to study potential age-
dependent effects of female-specific and psychosocial factors.
We used a rolling age at baseline with 10-year age intervals.
This means, for example, that a woman who was 25 years of

age in 2008 could also have contributed to the 30–39 years at
baseline interval because follow-up data were available for
maximally 13 years. We assessed the potential added value of
female-specific factors regarding the prediction of risk of
stroke using a stepwise approach. First, female-specific factors
with a prevalence of less than 0.5% in the overall research
cohort were excluded. Second, we assessed both the univari-
ate association of each female-specific factor with risk of
stroke and the association between female-specific factors and
risk of stroke independent of traditional cardiovascular factors
by developing different models with 1 female-specific factor
together with the 5 traditional cardiovascular factors. For all 3
age-based strata, we reported both the hazard ratio (HR),
adjustedHR (aHR), and 95%CI of each female-specific factor
andmodel discrimination and change in model discrimination
that resulted from including each female-specific factor sep-
arately. Third, all female-specific and psychosocial factors that
occurred in more than 0.5% of the overall research cohort
were included in final models per age stratum (Table 2).

We compared model performance using the selection of tra-
ditional cardiovascular, female-specific, and psychosocial fac-
tors from step 3, compared with reference models with
traditional cardiovascular factors alone. Model performance
was assessed through both model discrimination (c-statistic)
and calibration (calibration curve slope, assessed at 10 years of
follow-up). Furthermore, we expressed change in c-statistic
between reference models and models including female-
specific and psychosocial factors as difference with the refer-
ence model relative to the full scale, which follows from the
equation below.

ðc-statistic  ðnew  modelÞ − c-statistic  ðreference modelÞÞ
ðc-statistic  ðreference modelÞ −   0:5Þ

Performance metrics were internally validated using 100
bootstraps and corrected for optimism using a previously val-
idated method (Harrell bias correction).26 We repeated the
bootstrap procedure 50 times and used the mean values and
variances of the corresponding bootstrap distribution to derive
the point and interval estimates of the performance metrics.
Empirical confidence intervals were derived by repeating
the bootstrap procedure 50 times. We did not take non-
cardiovascular death into account as a competing risk because
we assessed a cohort of young women at a maximum of 49
years at baseline. In this population, the cumulative incidence of
noncardiovascular death will be very small compared with the
entire population, limiting the competing risk effect on the
estimation of the risk of stroke. Because our cohort consists of
relatively young women, the absolute 10-year risk of stroke will
be predominantly less than 1%, which is the lower bound of the
moderate risk category according to the European Society of
Cardiology Prevention guideline for cardiovascular disease.2

Consequently, no meaningful absolute risk cutoff is available to
use for the assessment of model performance using, for ex-
ample, the categorical net reclassification index.27
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To facilitate the interpretation of the absolute 10-year risk pre-
dictions of (non)fatal stroke fromourmodels, we have developed a
novel tool based on the previously published cardiovascular risk age
tool.28 The principle of this tool is that (1) as a reference, for each
age, the absolute risk of stroke is calculated for womenwithout any
traditional cardiovascular, female-specific, and psychosocial risk
factors; (2) For women at a certain age and 1 or more risk factors,
the absolute 10-year risk is compared with the reference to find the
corresponding “stroke risk age,” which may be substantially higher
than the actual age. We will present 2 clinical vignettes to illustrate
the clinical utility of our stroke risk age tool.

Data Availability
Because of the sensitive nature of the data collected for this study,
data will need to be requested from a third party (STIZON).

Results
We included 409,026 women, aged 20–49 years, with no
history of cardiovascular disease at baseline with a total of
3,990,185 person-years of follow-up. Stroke occurred in 2,751
women over a median of 11 years. The overall incidence rate
of stroke was 6.9 (95% CI 6.6–7.2) per 10,000 person-years,
increasing exponentially in the 3 age groups (Table 1). The
prevalence of traditional cardiovascular factors at baseline
increased significantly by age group. Hypertension was the
most common traditional cardiovascular risk factor (12% in
women aged 40–49 years at baseline) and complications
during childbirth the most frequent female-specific risk factor
(11% in women aged 30–39 years at baseline). Female-
specific factors that occurred in less than 0.5% of the entire
population were polycystic ovary syndrome, gestational di-
abetes, and history of hysterectomy (Table 2).

The female-specific and psychosocial factors that were in-
dependently associated with stroke as traditional cardiovas-
cular factors were as follows: in women aged 20–29 years:
irregular menstruation for any cause and complications during
childbirth and hormonal replacement therapy; in women aged
30–39 years: migraine, preeclampsia, complications during
childbirth, combined hormonal contraceptive use, socioeco-
nomic status score, and depression; and in women aged 40–49
years: combined hormonal contraceptive use, socioeconomic
status score, depression, and psychotic disorder (eTable 2,
links.lww.com/WNL/C986).

Model performance of models including only traditional
cardiovascular factors was poor to moderate in all age groups:
20–29 years: c-statistic: 0.617 (95% CI 0.592–0.639); 30–39
years: c-statistic: 0.615 (95% CI 0.596–0.634); and 40–49
years: c-statistic of 0.585 (95%CI: 0.0.573–0.597). The slopes
of the calibration curves of the reference models in the 3 age
groups were good: 20–29 years: 0.949 (95%CI 0.894–0.978);
30–39 years: 0.974 (95% CI 0.951–0.995); and 40–49 years:
0.984 (95% CI 0.962–1.000; Table 3). The addition of
female-specific risk factors to the reference models led to a
moderate improvement of model discrimination, especially in
the 40–49 years age group (Dc-statistic: 0.016 compared with
that in reference model, 18.8% difference with the reference
model relative to full scale). The addition of psychosocial
factors social status score and history of depression further
increased the discriminatory performance in the 30–39 and
40–49 years age group (Dc-statistic: 0.019 and 0.029, re-
spectively, compared with that in reference models; and a
16.5% and 34.1% difference, respectively, compared with the
reference model relative to the full scale of the c-statistic,
Table 3). The absolute 10-year risks of stroke predicted by
the models combining traditional cardiovascular, female-
specific, and psychosocial factors were generally low but
increased substantially across age strata (Figure 1).

Figure 2 shows calibration curves of the 3 models containing
traditional cardiovascular, female-specific, and psychosocial
risk factors. Hazard ratios of all predictors of the 3 models
are summarized in eTable 1 (links.lww.com/WNL/C986).

Finally, we present 2 illustrative clinical vignettes based on
the prediction models from this study. First, a 33-year-old
woman with a history of migraine, who smokes and
uses combined hormonal contraceptives, has a mean pre-
dicted absolute 10-year risk of stroke of 0.7% (95% CI
0.4%–1.1%) according to our model. According to our
stroke risk age tool, this risk is comparable with that of a 43-
year-old woman without any predefined risk factors other
than age. Second, a 40-year-old woman with a history of
depression and hypertension using combined hormonal
contraceptives has a mean predicted absolute 10-year risk
of stroke of 1.1% (95% CI 0.8%–1.4%) in our model, which
is similar to the risk of stroke of a 48-year-old woman
without any predefined risk factors according to the stroke
risk age tool (Figure 3).

Table 1 Incidence Rate of Stroke per Age Group

Age group (years of age at baseline) Patients (n) Total follow-up (y) Events (n) Incidence rate per 10,000 person years (95% CI)

20–29 128,885 1,145,403 254 2.2 (1.9–2.5)

30–39 136,708 1,340,917 705 5.3 (4.9–5.6)

40–49 143,433 1,503,865 1,792 11.9 (11.4–12.5)

Total 409,026 3,990,185 2,751 6.9 (6.6–7.2)
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Discussion
In this study, we showed (1) that female-specific factors such
as migraine, irregular menstruation, complications during
childbirth, preeclampsia, hormonal replacement therapy, and
combined hormonal contraceptive use and psychosocial risk
factors such as social status score and a history of depression
or psychotic disorders are associated with an increased risk of
stroke in women aged 20–49 years, (2) that this association is
independent of that caused by traditional cardiovascular risk
factors, and, (3) that associations change across the three 10-
year age strata. Moreover, addition of these risk factors to
prediction models that include only traditional cardiovascular
risk factors increased the predictive performance of models
for the prediction of stroke in women aged 20–49 years.

Three studies previously investigated the added value of
female-specific risk factors in cardiovascular risk models.5,6,29

In the Women’s Health Initiative Observational Study,
pregnancy loss, absence of breastfeeding for ≥1 month, and
irregular menstruation were independently associated with an
increased future risk of cardiovascular events in post-
menopausal women.6 However, adding these factors to the
model only modestly improved the c-statistic from 0.726 to
0.730. In a Norwegian study, only preeclampsia remained
associated with the risk of cardiovascular events after adjust-
ment for established risk factors (HR 1.60; 95% CI
1.16–2.17).5 The addition of pregnancy complication history
to the established prediction model led to small improve-
ments in discrimination (c-statistic difference 0.004, 95% CI
0.002–0.006) and correct reclassification of events (net
reclassification improvement 0.02, 95% CI 0.002–0.05). A
Swedish study found that low birth weight of a woman’s child
was associated with cardiovascular events (aHR 1.68; 95% CI
1.19–2.37).29 The addition of a history of hypertensive dis-
orders during pregnancy or low birth weight of the offspring

Table 2 Baseline Characteristics for Women in 3 Age Groups Between 20 and 49 Years at Baseline With and Without
Stroke

Groups Baseline characteristic

20–29 ya 30–39 y 40–49 y

Stroke
(n = 254)

No stroke
(n = 128,631)

Stroke
(n = 705)

No stroke
(n = 136,003)

Stroke
(n = 1,792)

No stroke
(n = 141,641)

Age, mean (±SD) 25.6 (2.6) 24.6 (2.9) 36.4 (3.0) 35.1 (3.2) 45.5 (3.1) 44.9 (3.1)

Cardiovascular
risk factors, n (%)

Smoking (ever) <10 (<3.9) 1,345 (1.0) 22 (3.1) 2,000 (1.5) 87 (4.9) 3,304 (2.3)

Hyperlipidemia <10 (<3.9) 346 (0.3) 22 (3.1) 1,022 (0.8) 108 (6.0) 3,666 (2.6)

Hypertension 13 (5.1) 3,997 (3.1) 73 (10.4) 5,893 (4.3) 355 (19.8) 15,044 (10.6)

Diabetes mellitus <10 (<3.9) 556 (0.4) 15 (2.1) 1,176 (0.9) 67 (3.7) 2,478 (1.7)

Women-specific
risk factors, n (%)

Migraine <10 (<3.9) 3,678 (2.9) 47 (6.7) 5,116 (3.8) 106 (5.9) 7,316 (5.2)

Gestational diabetes <10 (<3.9) 216 (0.2) <10 (1.4) 734 (0.5) <10 (0.6) 285 (0.2)

Preeclampsia <10 (<3.9) 556 (0.4) 20 (2.8) 1,933 (1.4) <10 (0.6) 645 (0.5)

Preterm birth ≥1 <10 (<3.9) 743 (0.6) 21 (2.9) 2,574 (1.9) 10 (0.6) 1,214 (0.9)

Abortion ≥1 <10 (<3.9) 2,356 (1.8) 32 (4.5) 5,617 (4.1) 34 (1.9) 2,518 (1.8)

Menstrual irregularity 12 (4.7) 3,182 (2.5) 28 (3.9) 4,159 (3.1) 85 (4.7) 5,859 (4.1)

Infertility <10 (<3.9) 996 (0.8) 11 (1.6) 3,459 (2.5) 16 (0.9) 1,376 (1.0)

Hysterectomy <10 (<3.9) 215 (0.2) <10 (1.4) 221 (0.2) <10 (0.6) 239 (0.2)

Poor fetal growth <10 (<3.9) 434 (0.3) <10 (1.4) 1,221 (0.9) 10 (0.6) 525 (0.4)

Complications during birth 22 (8.7) 4,858 (3.8) 93 (13.2) 14,878 (10.9) 56 (3.1) 5,349 (3.8)

Hormonal replacement therapy <10 (<3.9) 283 (0.2) <10 (1.4) 670 (0.5) 33 (1.8) 1,658 (1.2)

Combined hormonal contraceptive use 120 (47.2) 59,471 (46.2) 297 (42.1) 46,287 (34.0) 606 (33.8) 35,950 (25.4)

Psychosocial
risk factors

Socioeconomic status score, mean
(±SD)b

0.18 (0.77) 0.19 (0.76) 0.21 (0.77) 0.29 (0.74) 0.24 (0.72) 0.32 (0.68)

Depression, n (%) 19 (7.5) 6,056 (4.7) 83 (11.8) 10,534 (7.7) 327 (16.3) 15,844 (10.2)

Psychotic disorder, n (%) <10 (<3.9) 1,145 (0.9) <10 (1.4) 1,795 (1.3) 57 (3.2) 2,189 (1.5)

a Age at baseline.
b The mean socioeconomic status score based on principal component analysis, with higher scores indicating higher socioeconomic status.
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to the traditional cardiovascular risk factors did not mean-
ingfully improve the 10-year prediction of cardiovascular risk
in women aged 50 years or older.

Of importance, all these studies were conducted mainly or
exclusively in peri- or postmenopausal women, whereas the
stroke risk increasing effect of female-specific risk factors
seems to be mainly or only present in young woman. By
contrast, our study was conducted in premenopausal women
and aimed to determine whether female-specific factors had a
potential added predictive value for stroke and whether this
differed in different age groups. For example, in the study of
Kurth et al.,24 migraine increased the risk of stroke only in
women aged 45–49 years, but not in older age. In our study,

migraine was an independent risk factor in women aged
30–39 years at baseline. However, because the median follow-
up time was 11 years, this probably corresponds to a relative
risk increase of stroke in the mid-40s age range. Moreover, for
preeclampsia, there is mainly evidence for an increased risk of
stroke during the reproductive age (relative risk 1.81; 95% CI
1.45–2.27), which is consistent with our findings in the age
group between 30 and 39 years. However, another study
found an increased risk of stroke in women with a history of
preeclampsia up to the sixth life decade.25 This finding con-
trasts with our study, which found no increased risk in women
aged 40–49 years. Of interest, we found a strongly increased
risk of stroke in women aged 20–29 years who used hormonal
replacement therapy. This finding may be confounded by

Table 3 Performance of Women-Specific Cox Proportional Hazard Models With Different Risk Factor Selections Across
the 3 Age Groups

Age range Risk factor selections c-statistic (95% CI) Dc-statistica Dc-statisticb
Calibration curve
slope (95% CI)

20–29 y Traditional cardiovascular 0.617 (0.592–0.639) Ref. Ref. 0.949 (0.894–0.978)

Traditional + women specific 0.625 (0.590–0.652) 0.008 6.8% 0.871 (0.801–0.939)

Traditional + women specific + psychosocial 0.632 (0.606–0.660) 0.015 12.8% 0.868 (0.808–0.920)

30–39 y Traditional cardiovascular 0.615 (0.596–0.634) Ref. Ref. 0.974 (0.951–0.995)

Traditional + women specific 0.624 (0.604–0.648) 0.009 7.8% 0.957 (0.933–0.976)

Traditional + women specific + psychosocial 0.634 (0.611–0.658) 0.019 16.5% 0.937 (0.894–0.960)

40–49 y Traditional cardiovascular 0.585 (0.573–0.597) Ref. Ref. 0.984 (0.962–1.000)

Traditional + women specific 0.601 (0.592–0.610) 0.016 18.8% 0.957 (0.941–0.975)

Traditional + women specific + psychosocial 0.614 (0.601–0.628) 0.029 34.1% 0.959 (0.943–0.970)

Model performance metrics were optimism corrected using 100 bootstraps and empirical confidence intervals were derived by repeating the bootstrapping
procedure 50 times.
a Difference between c-statistics of reference models (traditional cardiovascular risk factors) and models including women-specific and psychosocial risk
factors.
b Difference between c-statistics expressed as difference with the reference model relative to full scale (c-statistic range of 0.5–1.0).

Figure 1 Absolute 10-Year Risk Predictions of Female-Specific Prediction Models Across 3 Age Ranges

On the x-axis are predicted probabilities from optimism-corrected prediction models including traditional cardiovascular, female-specific, and psychosocial
risk factors. Predicted probabilities are divided into bins based on increments 0.1%, and on the y-axis, the fraction of the population within each bin is plotted.
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premature ovarian insufficiency, which itself may be under-
reported in the EHR.30

In contrast to these earlier studies, we found an improvement in
the discrimination of the stroke prediction models in women
aged 30–39 years after adding female-specific and psychosocial
factors. This may be explained by a differential effect of female-
specific factors on stroke specifically vs general cardiovascular
outcomes, the selection of other female-specific factors, the
addition of psychosocial factors to our prediction models, or
the stratification into three 10-year age groups.

Our study also has limitations. First, there are a number of
quality problems with EHR-derived data, particularly the
underreporting of clinical conditions.31,32 For example, the
lifetime prevalence of migraine in women is estimated to be
approximately 33%.33 However, in the Dutch primary care
EHR data, on average, migraine is recorded only in 2.5% of
the general population.34 In our study, we found an EHR
registration for migraine in 4.0% of women younger than 50
years. There are several reasons for the underreporting of
migraine. Many patients with migraine do not visit the general
practitioner for their migraine,35 and if they do, migraine is

Figure 2 Calibration Plots of Female-Specific Prediction Models Across 3 Age Ranges

Calibration plots show on the y-axis the observed probabilities, and on the x-axis the predicted probabilities at 10 years of follow-up. The 3 models for the
different age ranges at baseline contain the traditional cardiovascular, female-specific, and psychosocial factors. For each model, 2 calibration curves are
constructed using restricted cubic splines with a Cox proportional hazards model (10 knots). Ideal calibration is represented by a dashed line and the
optimism-corrected models by a continuous line.

Figure 3 Visualization of the Stroke Risk Age Tool

This figure shows the graph of predicted absolute 10-year
risk of stroke for women without any traditional cardiovas-
cular, female-specific, and psychosocial risk factor levels and
age increasing from 30 to 65 years and the absolute 10-year
risks of women from vignettes 1 and 2 plotted in the same
graph.
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probably not always accurately reported in the EHR by the
general practitioner.32 It is probable that patients who do visit
the general practitioner have a more severe migraine pheno-
type, which is more likely to be recorded in the EHR. Because
migraine with a high attack frequency has a relatively stronger
relation with the risk of ischemic stroke, in our study, the
association between migraine and stroke could be over-
estimated.34 Not only migraine, but also other factors such as
smoking (only 3% of women) were underreported in our
data. Moreover, although primary care EHR systems have
already been widely used since 1990, the quality of the records
has increased in recent decades due to improvements in
quality control.35 Therefore, the reporting of female-specific
factors related to pregnancy and childbirth may be less ac-
curate in the 40–49 years age group than in younger age
groups. For the derivation of our prediction models, however,
the underreporting of traditional cardiovascular, female-
specific, and psychosocial factors does not necessarily pose
a problem. After all, measurement error (including under-
reporting) in predictors is unlikely to affect the generaliz-
ability and transportability of our prediction models if the
measurement error is similar in the deployment setting of the
models. Therefore, our models should be used within an EHR
context; for example, to screen the EHR for young women at
an increased risk of stroke.36

Second, our reference models included predictors based on the
ICPC, ICD-9, ICD-10, or ATC codes for hypertension, hyper-
lipidemia, and diabetes, instead of continuous measurements of
blood pressure, cholesterol, or serum glucose, which are used in
most cardiovascular risk prediction models.36 Not including
continuousmeasurement data in our referencemodels may have
reduced the predictive performance. However, more than 90%
of our population lacked measurement data, and the values were
probably not missing at random. Therefore, imputation would
likely have resulted in biased imputed values.18

Third, the discriminatory performance of the prediction
models in this study is moderate (c-statistics of approximately
0.61–0.63) but is comparable with prediction models that have
been implemented in clinical practice such as CHA2DS2-
VASc.37 In addition, because age is by far the most important
predictor for the risk of stroke, the restriction of age at baseline
to a 10-year range also reduces the c-statistic. Furthermore,
good model calibration around the absolute risks that are rel-
evant for clinical decisions may be a better indicator for the
clinical use of a model compared with model discrimination.38

The calibration of the models derived from the populations of
women aged 20–29 and 30–39 at baseline—even after opti-
mism correction—deteriorates for higher predicted probabili-
ties. This can be explained by the fact that in our young
population, the absolute event risk is very low. For example,
virtually no women aged 30–39 years at baseline have absolute
10-year risks higher than 2%. Although there is no generally
accepted absolute risk threshold to guide clinical decisions in
this age group, our models are likely able to make a distinction
between relatively high vs low absolute risks in this population.

Fourth, the clinical outcome in our study included both is-
chemic and hemorrhagic stroke subtypes. Female-specific risk
factors may have a differential effect on these 2 subtypes. In a
meta-analysis, migraine had a larger effect on hemorrhagic
(aHR 1.43; 95% CI 1.03–1.99) than on ischemic stroke (aHR
1.29; 95% CI 1.08–1.54).39 From a clinical utility perspective,
however, the overall stroke outcome of prediction models
may be more practical because in the context of primary
prevention, no distinction is made between ischemic and
hemorrhagic stroke.2

Fifth, the registration of noncardiovascular death outside the
hospital in the primary care EHR is known to be relatively
incomplete. However, this problem is likely to be limited due
to the relatively small fraction of noncardiovascular deaths in
our young population.

Sixth, the EHR data on which our study is based do not contain
specific information regarding gender. Therefore, we could not
discern between cisgender and transgender and gender-
expansive individuals, and it is unclear whether results can be
generalized to transgender and gender expansive individuals.

Strengths of our study include the use of the largest dataset to
date to study female-specific risk factors in women younger
than 50 years and to develop female-specific prediction
models. Moreover, in our cohort study, primary care and
hospital diagnosis codes were linked. This allowed for a more
valid determination of the clinical outcome compared with
the use of primary care data alone. Furthermore, by stratifying
our population into 10-year age groups, we were able to ac-
count for variation in the associations between female-specific
risk factors and risk of stroke across the life span.

Although many different prediction models for the risk of
cardiovascular events have been developed, female-specific
factors or women younger than 40 years are rarely in-
cluded.40 In our study, we aid to fill an important knowledge
gap by developing prediction models for stroke risk in-
cluding female-specific risk factors, specifically in a young
population. A challenge in using predictionmodels for risk of
cardiovascular events and stroke in individuals younger than
50 years is that the predicted absolute 10-year risks are
generally very low. In our population, these risks were
generally lower than 2.5%. The European Society of Cardi-
ology guideline for the prevention of cardiovascular disease
recommends preventive medication from an absolute 10-
year SCORE2 risk of 2.5% and onward in individuals
younger than 50 years.2 This, however, does not mean that
predicted 10-year risks under 2.5% are irrelevant. The stroke
risk age tool developed in this study could help select young
women with an absolute risk of stroke that is relatively high
due to combinations of female-specific, psychosocial, and
modifiable cardiovascular risk factors, compared with
women without these factors. Currently, a lack of risk
awareness is a major factor contributing to the lack of pre-
ventive measures and healthy lifestyle choices among
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women.41 These women could be proactively advised to
eliminate modifiable risk factors early in life to prevent car-
diovascular events and other diseases such as dementia.28,42,43

Moreover, in younger women, female-specific risk factors
often precede the occurrence of traditional cardiovascular risk
factors—for example, preeclampsia preceding the occurrence
of hypertension.44

Our models could be used to automatically screen primary
care EHRs in a simple, noninvasive, relatively inexpensive
way because all risk factors used in our models are based
solely on the medical history present in the primary care
EHR. Women at an increased risk of stroke could be
identified and invited for further screening in primary care
practice. Because the quality of routine data is limited,
further research is needed to assess the use of EHR-derived
models for individual prediction and recommendation of
treatment. Future efforts should focus on improving the
quality of data recording in the EHR. Based on our results,
we advise healthcare professionals—and especially general
practitioners—to take female-specific and psychosocial
factors into account for the estimation of the risk of stroke
and to invest in the quality of registrations of these factors
in the EHR. Of importance, it is likely that psychosocial
factors “depression” and “psychotic disorders” are at least
to some extent indicators for social determinants of health,
which could practically not have been retrieved from
the EHR. Therefore, in the implementation phase of pre-
diction models that use such indicators, we should invest in
education of all end users to prevent any form of
stigmatization.

The addition of female-specific and psychosocial risk factors
to traditional cardiovascular predictors improves the dis-
criminatory performance of prediction models for women
younger than 50 years. Our newly developed stroke risk age
tool can help discuss stroke risk in clinical practice.
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