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Abstract

Background: Anxiety and depression
are associated with cardiovascular dis-
ease (CVD). We aimed to investigate
whether adding measures of anxiety and
depression to the American Heart Asso-
ciation Predicting Risk of Cardiovascular
Disease Events (PREVENT) predictors
improves the prediction of CVD risk.

Methods: We developed and internally
validated risk prediction models using
60% and 40% of the cohort data from the
UK Biobank, respectively. Mental health
predictors included baseline depressive
symptom score and self-reported and
record-based history of anxiety and
depression diagnoses before the baseline.

We identified CVD events using hospital
admission and death certificate data over
a 10-year period from baseline. We deter-
mined incremental predictive values by
adding the mental health predictors to
the PREVENT predictors using Harrell’s
C-indices, sensitivity, specificity, and net
reclassification improvement indices. We
used a threshold of 10-year risk of inci-
dent CVD of greater than 5%.

Results: Of the 502366 UK Biobank par-
ticipants, we included 195489 in the
derivation set and 130326 in the valida-
tion set. In the validation set, the inclusion
of all mental health measures, except self-
reported anxiety, produced a very modest

increase in the C-index and specificity
while sensitivity remained unchanged.
Among these mental health predictors,
depressive symptom score produced the
greatest improvements in both C-index
(difference of 0.005, 95% confidence inter-
val 0.004-0.006) and specificity (difference
of 0.89%). Depressive symptom score
showed similar small improvements in
female and male validation sets.

Interpretation: Our findings suggest
that the inclusion of measures of depres-
sion and anxiety in PREVENT would have
little additional effect on the risk classifi-
cation of CVD at the population level and
may not be worthwhile.

The global prevalence of cardiovascular disease (CVD) exceeded
half a billion people in 2019.! Risk assessment plays a key role in
targeting prevention to reduce this burden of disease. New CVD
risk prediction equations — the American Heart Association Pre-
dicting Risk of Cardiovascular Disease Events (PREVENT) equa-
tions — were developed by integrating predictors relevant to
cardiovascular, kidney, and metabolic risks (e.g., obesity, dia-
betes, chronic kidney disease)?® because these conditions
increasingly cluster together and are associated with CVD
development, including heart failure, especially in racial and
ethnic minority groups.?*

Anxiety and depression are the most common mental health
conditions worldwide.* Each of these conditions has increased
in prevalence by around 50% over the past 20 years and they
are likely to increase the risk of CVD.* Meta-analyses showed
around 50% excess risk of incident CVD among people with
anxiety or depression,>® which remained after adjusting for
traditional CVD risk factors such as smoking, diabetes, and

hypertension.>” We previously corroborated these findings
using self-reported and record-based histories of anxiety and
depression diagnoses and further showed that these 2 mental
health conditions were independently associated with CVD.?
Importantly, baseline depression symptoms were also associ-
ated with CvD.?

Incorporating these various measures of anxiety and depres-
sion in PREVENT may detect high-risk groups that were overlooked
by established predictors. We sought to determine whether includ-
ing these mental health conditions with the PREVENT predictors
improved the prediction of CVD risk.

Methods

Study design

We developed and internally validated prediction models of 10-year
risk of CVD to investigate whether adding measures of anxiety and
depression to the PREVENT predictors improves performance.
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In 2024, the American Heart Association’s PREVENT equa-
tions were developed to predict the risk of first CVD event for
the general adult population aged 30-79 years in the United
States.? The PREVENT equations were based on a large con-
temporary sample and included heart failure and kidney
function as a CVD outcome and predictor, respectively,
unlike previous pooled cohort equations. Calculated risks
from PREVENT are intended to inform risk discussions
between patients and clinicians and help guide therapeutic
strategies. Acceptable risk thresholds are expected to be
defined by future guidelines.® In addition to the total CVD
prediction model and core predictors, the PREVENT equa-
tions include optional models (e.g., atherosclerotic CVD,
heart failure) and predictors (e.g., social deprivation index,
glycated hemoglobin A, [HbA,], urine albumin:creatinine
ratio). Detailed information about the PREVENT equations
can be found elsewhere.??

Data sources

We developed prediction models using cohort data from the UK
Biobank. Between 2007 and 2010, UK Biobank recruited more
than 500000 participants (a 5.5% response rate) from the gen-
eral population aged 40-69 years.®!! Participants were asked
to undergo a baseline assessment at 1 of 22 centres across Eng-
land, Scotland, and Wales. With the consent of participants, UK
Biobank linked the baseline data to routine National Health
Service databases to provide medical history and follow-up
information on health events.’?!* The National Health Service
Information Centre (England and Wales) and the National
Health Service Central Register (Scotland) provided death cer-
tificate data; the Hospital Episode Statistics (England and
Wales) and the Scottish Morbidity Records (Scotland) provided
hospital admission data. Data were linked by UK Biobank staff
using the National Health Service number (England and Wales)
and Community Health number (Scotland).

In our study, we excluded participants if they had a history
of CVD before the baseline assessment or missing values for
the predictors. We also considered participants to have miss-
ing values if they had extreme clinical values for systolic blood
pressure (< 90 mmHg or > 200 mm Hg), total cholesterol
(<130 mg/dL or > 320 mg/dL), high-density-lipoprotein choles-
terol (HDL-C, < 20 mg/dL or > 100 mg/dL), or estimated glom-
erular filtration rate (eGFR, < 0.1 or > 99.9 percentiles).

Outcome

The outcome was incident CVD, comprising coronary artery
disease, stroke, and heart failure (International Classification of
Diseases, 10th Revision [ICD-10] codes 120-25, 142.0, 142.6, 142.7,
142.9, 150, 160-64, or 1110). Non-CVD death was a competing
risk. Death certificate data were available up to Novem-
ber 2022. The hospital admission data were available up to
October 2022 for England, May 2022 for Wales, and August
2022 for Scotland. Our analysis was restricted to a 10-year
follow-up period. We censored participants at the end of the
10-year follow-up period unless they developed CVD or were
censored earlier because of non-CVD death.

Predictors

We selected predictors for mental health conditions (depressive
symptom score and self-reported and recorded history of anxiety
and depression diagnoses) and those used in the PREVENT equa-
tions (age, sex, systolic blood pressure, HDL-C, non-HDL-C, eGFR,
diabetes, current smoking, antihypertensive treatment, and
statin treatment). Depressive symptom score was derived from
the 4 items of the Patient Health Questionnaire-9 (PHQ-9),*4%®
self-reported at the baseline assessment using a touchscreen.
The questionnaire asked, “Over the past 2 weeks, how often have
you felt down, depressed or hopeless?”; “Over the past 2 weeks,
how often have you had little interest or pleasure in doing
things?”; “Over the past 2 weeks, how often have you felt tense,
fidgety or restless?”; and “Over the past 2 weeks, how often have
you felt tired or had little energy?”. For each question, partici-
pants selected either “not at all” (scored 0), “several days”
(scored 1), “more than half of the days” (scored 2), or “nearly
every day” (scored 3). Finally, the answers were summed so that
the total score ranged from 0 to 12, with higher scores indicating
more severe conditions. Self-reported anxiety and depression
diagnoses were confirmed during a verbal interview at the base-
line assessment if participants responded to a touchscreen ques-
tionnaire that they had been told by a doctor that they had a ser-
ious illness or disability. In the interview, a trained nurse asked
about past and current mental health conditions and coded
these using an ICD-10 coding tree.* Recorded anxiety and
depression diagnoses before the baseline assessment were
ascertained through record linkage to hospital admission data
and defined as an ICD-10 code of F40-43 and F32-33, respect-
ively; therefore, this captured only people admitted to hospital
for anxiety or depression.

Age, sex, and current smoking status were self-reported by
participants using a touchscreen questionnaire at the baseline
assessment. Age was treated as a continuous variable, while sex
and current smoking were coded as binary variables (male or
female and yes or no, respectively). A trained nurse measured
systolic blood pressure at the baseline assessment. Total choles-
terol and HDL-C were measured on baseline blood samples and
non-HDL-C was calculated by subtracting HDL-C from total chol-
esterol. Creatinine level was measured using baseline blood sam-
ples and used to calculate eGFR using the Chronic Kidney Dis-
ease Epidemiology Collaboration 2021 creatinine equation.’
Systolic blood pressure, HDL-C, non-HDL-C, and eGFR were con-
tinuous variables. Diabetes was defined as an HbA, level of 6.5%
or higher on baseline blood samples, self-reported use of
glucose-lowering medication, or self-reported physician diagno-
sis, and was categorized as yes or no. Antihypertensive treatment
and statin treatment were self-reported using the baseline
touchscreen questionnaire and categorized as yes or no.

Statistical analyses

We randomly split our data set into the derivation set (60%) and
the validation set (40%). In the derivation set, we evaluated the
associations between the predictors and the outcome by single-
predictor and multivariable models, including the PREVENT pre-
dictors with each of the mental health predictors. We also
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included anxiety, depression, and depressive symptom score
together to assess whether associations remained after adjusting
for other mental health predictors.

In the validation set, we evaluated and compared incremental
predictive values of the mental health predictors with the PREVENT
predictors using Harrell’s C-index; sensitivity, specificity, and positive
and negative predictive values; and net reclassification indices by
applying the models developed in the derivation set (Appendix 1,
Supplementary Table 1, available at www.cmaj.ca/lookup/
doi/10.1503/cmaj.240996/tab-related-content). We estimated the
10-year CVD risk from these coefficients and 10-year baseline sur-
vival (Appendix 1, Supplementary Table 1). We assessed calibra-
tion using the calibration slope and the expected:observed event
probability ratio. We calculated all predictive performance
measures (except the C-index, which does not require a risk
threshold) by setting a threshold of 10-year risk of incident CVD
greater than 5% because this is the minimum level of risk at which
to consider statin therapy initiation, as recommended by the
2019 American College of Cardiology and American Heart Associa-
tion guideline.’® We also evaluated incremental predictive values
separately in male and female validation sets.

We used Cox proportional hazards models to calculate coeffi-
cients and 95% confidence intervals (Cls) associated with each
predictor of CVD. We calculated the 95% Cls of the C-index and
net reclassification improvement indices using the variance and
percentile bootstrap method, respectively. In subsequent analy-
ses, we used a penalized spline basis for depressive symptom
scores to assess whether considering nonlinearity improved the
predictive ability. We used interaction terms of anxiety and
depression to assess their joint contribution to prediction. For
descriptive purposes, we calculated events per parameter for
both the derivation data set (n = 1052) and validation data set
(n=709) by including all predictors and confirmed these to well
exceed the conventional threshold of 10.

We evaluated incremental predictive values of interaction
between mental health and PREVENT predictors in 2 stages.
First, a mental health predictor and each of the PREVENT predict-
ors were used to create interaction terms. We compared models
including these interaction terms and selected the one with the
lowest Akaike Information Criterion (AIC) result. We then exam-
ined the predictive performance for those selected models.

In sensitivity analyses, we repeated the main analysis using
another random split of participants between the derivation and
validations sets and again using imputed data. Despite the small
proportions of missing values of all data in our study (3.8%), we
compared those included and excluded from our analysis and
examined whether data imputation changed our main results
using missForest.’*2 Lastly, we evaluated the predictive perform-
ance of the publicly available PREVENT equations after logistic
calibration and model revisions. We adjusted the intercept and all
predictor regression coefficients of publicly available PREVENT
equations by 1 overall adjustment factor (i.e., calibration slope)
by fitting a new logistic regression model in our data set including
the linear predictor as the only predictor. We revised the model by
fitting logistic regression models, including each of the mental
health conditions in addition to the linear predictor.

We conducted all analyses using R version 4.0.2 with the sur-
vival (3.3-1), compareC (1.3.2), nricens (1.6), pROC (1.18.5), and
missForest (1.5) packages.

Ethics approval

The original UK Biobank study was approved by the North-West
Multi-Centre Research Ethics Committee (no. 11/NW/0382). The
investigation conformed to the principles outlined in the Declar-
ation of Helsinki. Informed consent was obtained from all partici-
pants included in the study. We conducted our study under the
UK Biobank application number 71392.

Results

Of the 502 366 UK Biobank participants, we excluded 176 551 par-
ticipants: 164 803 because of missing predictor values and 11748
because of history of CVD before the baseline assessment.
Consequently, we included 325815 participants in the analyses
(Figure 1). In the derivation set, 195489 participants had
15787 CVD events over a mean follow-up time of 9.5 years. Par-
ticipants who had a CVD event were older and more likely to be
male and current smokers (Table 1). They had higher systolic
blood pressure and lower eGFR and were more likely to have dia-
betes, take antihypertensive or statin treatment, and have men-
tal health conditions. In the validation set, 130326 participants
had 10639 CVD events over a mean follow-up time of 9.5 years.
Overall, the baseline characteristics of participants in the valida-
tion set were similar to those of the derivation set.

All mental health predictors were associated with CVD in the sin-
gle predictor models, and this association remained after adjusting
for the PREVENT predictors (Table 2). When additionally adjusting
for self-reported or recorded anxiety and depression and depressive
symptom score together, the magnitude of the association between
depressive symptom score and CVD changed little while the associa-
tions with anxiety and depression were attenuated. In the validation
set, inclusion of all mental health predictors, except for self-reported
anxiety, modestly increased the C-index compared with the original
PREVENT predictors (Table 3 and Appendix 1, Supplementary
Table 2). The largest improvements were observed in models that
included depressive symptom score, whether included in a linear
(C-index difference 0.00502, 95% Cl 0.00393-0.00611) or nonlinear
(C-index difference 0.00516, 95% Cl 0.00403-0.00629) model. This
result was only slightly improved by adding histories of anxiety and
depression together. The inclusion of depressive symptom score
showed the largest, but nonetheless modest, improvement in speci-
ficity (0.89%); sensitivity remained unchanged with inclusion of any
of the mental health predictors (Table 4). Consequently, the model
including depressive symptom score yielded the largest overall
(1.14, 95% Cl 0.69-1.55) and nonevent (0.89, 95% Cl 0.74-1.02) net
reclassification indices (Table 5). Nonlinear modelling of depressive
symptoms changed the results little (Appendix 1, Supplementary
Tables 3 and 4). All main models were well calibrated (Appendix 1,
Supplementary Table 5).

The sex-specific prediction performance evaluations are
shown in Appendix 1, Supplementary Tables 6-11. Generally, the
pattern was consistent, whereby the depressive symptom score,
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in either linear or nonlinear form, produced modest improve-
ments in the C-index and specificity.

Based on the AIC, we selected 5 models that included an
interaction term of mental health and PREVENT predictors

(Appendix 1, Supplementary Table 12). The predictive perform-
ance of these selected models were modest and similar to those
without interaction terms (Appendix 1, Supplementary Tables 13
and 14).

UK Biobank participants

n=>502 366

Excluded:
+ Missing predictors n =164 803

n=337563

Excluded:
« History of cardiovascular disease before the baseline n=11748

n=325815

Included in the
validation dataset
n=130326

Included in the

derivation dataset
n=195489

Figure 1: Flowchart of the participant selection process. See Related Content for accessible version.

ant baseline characteri

Table 1:

No. (%) of participants in derivation set* No. (%) of participants in validation set*

Overall No CVD CVD Overall No CVD CvD

Characteristic n=195489 n=179 702 n=15787 n=130326 n=119 687 n=10639
Age, yr, mean = SD 56.2+8.1 56.0+ 8.1 61.8+ 6.4 56.3+8.1 55.9+8.1 60.6 + 6.7
Sex

Female 105472 (54.0) 99601 (55.4) 5871 (37.2) 69 934 (53.7) 66 062 (55.2) 3872 (36.4)

Male 90 017 (46.0) 80101 (44.6) 9916 (62.8) 60 392 (46.3) 53625 (44.8) 6767 (63.6)
Systolic blood pressure, mm Hg, mean + SD 137.5+ 18.1 137.0 £ 18.0 143.1+ 18.1 137.6 + 18.1 137.1+ 18.0 143.1+ 18.4
HDL-C, mmoL, mean + SD 14+04 15+04 13+0.3 14+04 15+04 1.3+0.3
Non-HDL-C, mmol/L, mean + SD 43+1.0 43+1.0 42+1.1 43+1.0 43+1.0 42+1.1
eGFR, mL/min/1.73 m?, mean + SD 945+ 12.6 948+ 12.4 91.0+ 13.5 945+ 12.6 949+ 124 90.8 + 13.7
Diabetes 9531 (4.9) 7677 (4.3) 1854 (11.7) 6430 (4.9) 5159 (4.3) 1271 (12.0)
Smoking 20056 (10.3) 17 883 (10.0) 2173 (13.8) 13413 (10.3) 11955 (10.0) 1458 (13.7)
Anti-hypertensive treatment 36163 (18.5) 30212 (16.8) 5951 (37.7) 24175 (18.6) 20074 (16.8) 4101 (38.6)
Statin treatment 28 406 (14.5) 22916 (12.8) 5490 (34.8) 19101 (14.7) 15370 (12.8) 3731(35.1)
Depressive symptom score, mean + SD 16+21 1.6+2.0 1.8+23 16+21 15+21 1.8+24
Self-reported anxiety 3301 (1.7) 2967 (1.6) 334 (2.1) 2311 (1.8) 2068 (1.7) 243 (2.3)
Self-reported depression 10 767 (5.5) 9735 (5.4) 1032 (6.5) 7205 (5.5) 6495 (5.4) 710 (6.7)
Recorded anxiety 585 (0.3) 495 (0.3) 90 (0.6) 471 (0.4) 395 (0.3) 76 (0.7)
Recorded depression 1319 (0.7) 1116 (0.6) 203 (1.3) 953 (0.7) 807 (0.7) 146 (1.4)

Note: CVD = cardiovascular disease, eGFR = estimated glomerular filtration rate, HDL-C = high density-lipoprotein cholesterol, SD = standard deviation.
*Unless indicated otherwise.
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Table 2: Associations of Predicting Risk of Cardiovascular Disease Events (PREVENT) predictors and mental health conditions

with development of cardiovascular disease in the derivation set

HR (95% Cl)

PREVENT + PREVENT + depressive PREVENT + depressive
self-reported or symptom score + symptom score +
Single-predictor recorded anxiety  self-reported anxiety recorded anxiety
Predictor models PREVENT and depression* and depression and depression
Depressive symptom scoret 1.06 (1.05-1.06) 1.09 (1.08-1.10) NA 1.09 (1.08-1.09) 1.09 (1.08-1.09)
Self-reported anxiety 1.27 (1.14-1.42) 1.34 (1.20-1.50) 1.26 (1.13-1.40) 1.14 (1.02-1.28) NA
Self-reported depression 1.21(1.14-1.29) 1.34 (1.26-1.43) 1.32(1.24-1.41) 1.08 (1.01-1.15) NA
Recorded anxiety 2.03 (1.65-2.50) 2.00 (1.62-2.46) 1.73 (1.40-2.14) NA 1.53 (1.24-1.90)
Recorded depression 2.03(1.77-2.34) 1.92 (1.67-2.21) 1.81 (1.57-2.09) NA 1.51(1.31-1.74)

Note: Cl = confidence interval, HR = hazard ratio, NA = not applicable.

*Self-reported conditions and recorded conditions were fitted separately (i.e., self-reported anxiety and depression included in 1 model, and recorded anxiety and
depression in another model).

‘tHazard ratio for depressive symptom score was expressed per 1-point increase.

Table 3: Comparisons of C-indices between Predicting Risk of Cardiovascular Disease Events (PREVENT) and models

including mental health conditions in the validation set

Change from PREVENT

Model C-index (95% ClI) model (95% Cl)

PREVENT

PREVENT + depressive symptom score

PREVENT + self-reported anxiety

PREVENT + self-reported depression

PREVENT + self-reported anxiety and depression

0.736 (0.732 to 0.741
0.741 (0.737 to 0.746
0.737 (0.732 t0 0.741
0.737 (0.733 t0 0.742
0.738 (0.733 t0 0.742

)
) 0.00502 (0.00393 to 0.00611)
)
)
)
0.742 (0.737 to 0.746)
)
)
)
)

0.00022 (~0.00003 to 0.00046)
0.00096 (0.00052 to 0.00140
0.00110 (0.00062 to 0.00157
0.00519 (0.00409 to 0.00629

( )

( )

PREVENT + self-reported anxiety and depression and depressive symptom score ( )
0.00031 (0.00003 to 0.00059)
( )

( )

( )

PREVENT + recorded anxiety
PREVENT + recorded depression

0.737(0.732 t0 0.741
0.737 (0.733 t0 0.742
0.737 (0.733 t0 0.742
0.742 (0.738 t0 0.746

0.00079 (0.00037 to 0.00120
0.00101 (0.00054 to 0.00147
0.00558 (0.00444 to 0.00672

PREVENT + recorded anxiety and depression

PREVENT + recorded anxiety and depression and depressive symptom score

Note: Cl = confidence interval.

Table 4: Sensitivity, specificity, and positive and negative predictive values of Predicting Risk of Cardiovascular Disease

Events (PREVENT) and models including mental health conditions in the validation set*

Model Sensitivity, %  Specificity, % PPV, % NPV, %
PREVENT 86.90 45.23 12.51 97.46
PREVENT + depressive symptom score 87.14 46.13 12.73 97.55
PREVENT + self-reported anxiety 86.82 45.27 12,51 97.44
PREVENT + self-reported depression 86.90 45.40 12.55 97.46
PREVENT + self-reported anxiety and depression 86.96 45.43 12.56 97.48
PREVENT + self-reported anxiety and depression and depressive symptom score 87.08 46.20 12.73 97.54
PREVENT + recorded anxiety 86.85 45.27 12.52 97.45
PREVENT + recorded depression 86.92 45.32 12.53 97.46
PREVENT + recorded anxiety and depression 86.92 45.35 12.54 97.47
PREVENT + recorded anxiety and depression and depressive symptom score 87.12 46.18 12.73 97.55

Note: NPV = negative predictive value, PPV = positive predictive value.
*We calculated these results using a 5% threshold of 10-year risk of cardiovascular disease.
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Table 5: Net reclassification indices in the validation set for models including mental health conditions in addition to

Predicting Risk of Cardiovascular Disease Events (PREVENT) predictors

Model

PREVENT + depressive symptom score

PREVENT + self-reported anxiety

PREVENT + self-reported depression

PREVENT + self-reported anxiety and depression

PREVENT + self-reported anxiety and depression and depressive symptom score
PREVENT + recorded anxiety

PREVENT + recorded depression

PREVENT + recorded anxiety and depression

PREVENT + recorded anxiety and depression and depressive symptom score

Note: e = event, ne = nonevent, Cl = confidence interval, NRI = net reclassification index.

NRI® (95% CI)*

1.14 (0.69 to 1.55)

-0.04 (-0.13 t0 0.09)
0.16 (-0.03 t0 0.37)
0.24 (0.07 to 0.47)
1.13 (0.69 to 1.56)
-0.01 (~0.08 t0 0.07)
0.10 (-0.03 t0 0.23)
0.14 (0.01t0 0.28)
1.15 (0.71 to 1.58)

NRI*% (95% CI)*

0.25(-0.14 to 0.60)

~0.07 (-0.16 t0 0.04)
0.00 (~0.19 t0 0.22)
0.06 (~0.12 to 0.30)
0.18 (-0.21 t0 0.55)
-0.05 (-0.12 t0 0.03)
0.03 (~0.10 t0 0.15)
0.02 (-0.11t0 0.16)
0.22 (-0.17 t0 0.61)

NRI, > (95% CI)*

0.89 (0.74 to 1.02)

(

0.03 (0.00 t0 0.07)
0.15 (0.08 t0 0.22)
0.18 (0.11t0 0.25)
0.95 (0.79 to 1.08)
0.03 (0.00 to 0.06)
0.07 (0.03t0 0.11)
0.11 (0.07 t0 0.15)
0.93 (0.78 to 1.06)

*We calculated NRIs using a 5% cut-off of 10-year cardiovascular disease risk.

In sensitivity analyses, repeating the analysis with another ran-
dom split yielded results consistent with those of our main analy-
sis (Appendix 1, Supplementary Tables 15-17). Comparing char-
acteristics of included and excluded participants, we found that
excluded participants were more likely to be female, have dia-
betes, be current smokers, and be taking antihypertensive and
statin treatments (Appendix 1, Supplementary Table 18). Predict-
ors with the most missing data were total cholesterol (and there-
fore, non-HDL-C) and HDL-C (Appendix 1, Supplementary
Table 19). Overall, the analyses based on imputed data yielded
results consistent with those of our main analysis (Appendix 1,
Supplementary Tables 20-23). Finally, adding mental health con-
ditions to the PREVENT equations after logistic calibration led to
modest improvements in the area under the curve overall, with
the greatest improvement observed for the model with depres-
sive symptom score (Appendix 1, Supplementary Table 24).

Interpretation

We found that the depressive symptom score was associated with
CVD after adjusting for the PREVENT predictors, as well as history
of anxiety and depression. Including the depressive symptom
score showed the greatest, but still very modest, improvement in
the performance of the model with PREVENT predictors across all
validation sets (overall and by sex) in terms of C-index and speci-
ficity. From our findings, models including depressive symptom
score were more likely to differentiate those at higher risk of CVD
from those at lower risk and, in line with American College of
Cardiology and American Heart Association prevention guideline,
for every 1000 people at lower risk, about 9 would no longer be
incorrectly classified as high risk. This suggests that the inclusion
of depression and anxiety in PREVENT equations would have rela-
tively little additional effect on the risk classification of CVD at the
population level and may not be worthwhile.

However, according to the American Heart Association, new
CVD risk predictors should be specific markers that identify a tar-
geted therapeutic pathway or actionable response and be rou-
tinely available in primary care settings.>* In keeping with this

recommendation, the depressive symptom score can help identify
previously undiagnosed depression and serves as a measure of the
severity of the symptom; depression can be managed using a
range of interventions such as antidepressants, psychotherapy,
and physical exercise.?’*2 Importantly, the depressive symptom
score could be readily available from reliable information, at rela-
tively low cost and without requiring any invasive procedure, using
the 4 items of PHQ-9, in keeping with guideline-recommended
routine screening in primary care 2* and could therefore be fairly
easily considered when considering CVD risk prevention, despite
its moderate contribution. Among many self-report tools (e.g., the
Beck Depression Inventory), PHQ-9 has been validated most
often,?? and an ultra-short form of this tool, the 4-item PHQ,
would be convenient and acceptable in primary care settings,
given the demands on providers’ time.?”%

Although the lack of evidence for PREVENT hampers direct
comparisons, 2 studies have given relatively consistent findings
with our study by investigating the addition of common mental
health conditions to CVD risk prediction. A score developed by
machine learning using data from a single-centre survey of people
with type 2 diabetes from 1 institution in China — which included
self-rated anxiety and depression, as well as traditional CVD risk
factors — showed high discrimination.® This study also found
that anxiety and depression ranked in the top 5 predictors based
on mean impact values. A 2023 preprint study using UK Biobank
data showed that some general mental health measures, such as
anxious feeling and insomnia, were in the top 5 of 200 predictors
of CVD risk based on a discrimination measure.?

Limitations

We developed our models using the UK Biobank cohort data; par-
ticipants in this cohort are more likely to be White, affluent, and
healthy than the general population of the United Kingdom.
Before generalizing our findings to the UK population or other
populations, further validation should be conducted. We split data
into derivation and validation sets, which reduced sample size.
However, we confirmed that events per parameter exceeded the
conventional threshold. We based results on the minimum risk
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threshold for considering statin therapy initiation as per the Amer-
ican College of Cardiology and American Heart Association preven-
tion guideline because, to date, no guidelines have been tailored to
the PREVENT equations. As these results are sensitive to the defined
risk threshold, this should be re-evaluated in future guidelines.
Using recorded anxiety and depression diagnoses identified only a
small number of participants, likely because this captured only
severe cases requiring hospital admission. However, we also used
self-reported diagnoses and the depressive symptom score to
include a broader range of these conditions. The measures used for
this study may not identify people with anxiety or depression as well
as other established mental health instruments, such as the Beck
Depression Inventory or the Generalized Anxiety Disorder Scale, or
diagnostic interviews, which could reduce their prediction perform-
ance. However, the measures used in this study were drawn from
real-world settings (e.g., electronic health records, short self-
reports), since they are of lower cost and can be implemented rela-
tively easily. Lastly, we excluded participants with missing predict-
ors, which could bias our results. However, the absolute differences
in the characteristics between those included and excluded were
small (@ maximum of 4 percentage points). Because blood samples
were taken routinely from all participants in the UK Biobank, the
most likely reason for missing data for serum biomarkers such as
HDL-C would be technical difficulties relating to the sample, which
are likely to have happened randomly.3? The analysis based on
imputed data did not meaningfully change our findings.

Conclusion

Our findings suggest that the inclusion of measures of depression
and anxiety in PREVENT would have little additional effect on the
risk classification of CVD at the population level and may not be
worthwhile. Investigating broader mental health conditions using
more established tools or diagnostic interview data could be the
focus of future studies to further refine CVD risk classification.
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