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See the editorial comment for this article ‘Understanding family history of heart disease: a (good) patient interview vs. genetics’, 
by G. Vergaro et al., https://doi.org/10.1093/eurjpc/zwad159.

Aims To estimate how much information conveyed by self-reported family history of heart disease (FHHD) is already explained by 
clinical and genetic risk factors.

Methods 
and results

Cross-sectional analysis of UK Biobank participants without pre-existing coronary artery disease using a multivariable model 
with self-reported FHHD as the outcome. Clinical (diabetes, hypertension, smoking, apolipoprotein B-to-apolipoprotein AI 
ratio, waist-to-hip ratio, high sensitivity C-reactive protein, lipoprotein(a), triglycerides) and genetic risk factors (polygenic 
risk score for coronary artery disease [PRSCAD], heterozygous familial hypercholesterolemia [HeFH]) were exposures. 
Models were adjusted for age, sex, and cholesterol-lowering medication use. Multiple logistic regression models were fitted 
to associate FHHD with risk factors, with continuous variables treated as quintiles. Population attributable risks (PAR) were 
subsequently calculated from the resultant odds ratios. Among 166 714 individuals, 72 052 (43.2%) participants reported an 
FHHD. In a multivariable model, genetic risk factors PRSCAD (OR 1.30, CI 1.27–1.33) and HeFH (OR 1.31, 1.11–1.54) were 
most strongly associated with FHHD. Clinical risk factors followed: hypertension (OR 1.18, CI 1.15–1.21), lipoprotein(a) 
(OR 1.17, CI 1.14–1.20), apolipoprotein B-to-apolipoprotein AI ratio (OR 1.13, 95% CI 1.10–1.16), and triglycerides 
(OR 1.07, CI 1.04–1.10). For the PAR analyses: 21.9% (CI 18.19–25.63) of the risk of reporting an FHHD is attributed 
to clinical factors, 22.2% (CI% 20.44–23.88) is attributed to genetic factors, and 36.0% (CI 33.31–38.68) is attributed to gen-
etic and clinical factors combined.

Conclusions A combined model of clinical and genetic risk factors explains only 36% of the likelihood of FHHD, implying additional value 
in the family history.

- - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -Lay Summary With advances in genetics, it is tempting to assume that the ‘family history’ of a patient is an imperfect proxy for information 
we can already glean from genetics and laboratory tests. However, this study shows that much of the information contained 
in the self-reported family history of heart disease is not captured by currently available genetic and clinical biomarkers and 
highlights an important knowledge gap.  

• Clinically used biomarkers explained only 21.9% of the likelihood of a patient reporting a family history of heart disease, 
while genetics explained 22.2%, and a combined model explained 36% of this likelihood

• The majority of the risk of reporting a family history went unexplained, implying that family history still has major rele-
vance in clinical practice.
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Structured Graphical Abstract

Risk Factors PAR% 95% Confidence 
Interval

PRSCAD 22.86 (21.30, 24.46)
Triglycerides 12.16 (10.89, 13.42) 
ApoB:ApoAI 8.72 (6.92, 10.52)
Hypertension 7.51 (6.73, 8.29)
Lp(a) 6.67 (4.62, 8.69)
WHR 6.66 (4.15, 9.05)
hsCRP 4.72 (2.43, 7.01) 
Diabetes 
Mellitus

0.80 (0.57, 1.02)

HeFH 0.15 (0.07, 0.23)
Ever Smoked 0.00 (0.00, 0.41)

Key ques�on(s) Key finding(s) Take-home message

Does reported family history 
of heart disease offer 
important clinical information 
beyond that provided by 
clinical biomarkers and 
genetic risk scores? 

In a population attributable risk 
model, only 36% of the chance of a 
patient reporting a family history of 
heart disease was attributable to the 
presence of commonly assessed 
clinical biomarkers combined with 
research-grade genetics.  

While family history is related to 
currently used clinical & genetic risk 
factors, it includes additional 
information of clinical utility. Additional 
risk conferred from family history may 
involve social determinants of health 
and environmental risk, which should 
be integrated in risk scores.

Population attributable risk percent for family history of heart disease by individual risk factors. Here, we present the population attributable risk for 
each risk factor, individually modeled for reported family history of heart disease, controlling for age and sex. For all continuous variables, the top 
four quintiles were compared to the bottom quintile, as indicated by [2nd–5th quintiles vs. 1st quintile (reference)]. A lower bound of 0 was created 
for PAR.

Keywords Family history of heart disease • Risk factor • Genetics • Polygenic risk score • Prevention • Cardiovascular disease • 
UK Biobank

Introduction
With greater availability of polygenic risk scores (PRS), the related in-
terpretation of a self-reported family history of heart disease 
(FHHD) will be increasingly important. FHHD has been long recognized 
as a cardiovascular disease (CVD) risk factor, with a graded increase in 
CVD risk associated with the number of first-degree relatives with 
CVD and relatives’ age of CVD onset. Clinicians will be increasingly 
faced with the challenge of interpreting whether the information con-
tained in family history is completely captured in genetics and to what 
extent non-genetic modifiable risk factors play a role.1–4

The use of family history in CVD risk prediction is variable. Some clin-
ical risk calculators such as the pooled cohort equations (PCE)5 do not 
integrate family history, while others such as the Reynolds risk score 
do.6 Additionally, the Dutch lipid clinical network score (DLCNS) for 
heterozygous familial hypercholesterolemia (HeFH) uses family history 
to potentially enhance the yield of genetic testing.7 In this study, we es-
timate the extent to which FHHD can be explained by common clinical 
biomarkers alongside PRS and HeFH genotypes.

Here, we leverage the UK Biobank to characterize the extent to 
which genetic and clinical factors are responsible for a self-reported 

FHHD. Clinical risk factors in this paper include medical history (dia-
betes, hypertension), physical measurements (waist-to-hip ratio 
[WHR]), and laboratory values (apolipoprotein B, apolipoprotein AI, li-
poprotein(a) [Lp(a)], triglycerides, and high sensitivity C-reactive pro-
tein [hsCRP]).8–12 Included genetic risk factors are HeFH status and 
polygenic risk score for coronary artery disease (PRSCAD.)13,14 In this 
paper, we assess the extent to which the risk conveyed by a self- 
reported FHHD can be explained by clinical risk factors, genetic risk fac-
tors, or the two in combination. We further evaluate to what extent 
this risk remains unexplained to attempt to quantify the utility of 
FHHD at the population level.

Methods
Participants
The UK Biobank (UKBB) is a population-based cohort of adults followed 
prospectively, with an age of adults at recruitment ranging between 40 
and 69 years (N = 502 629).15 Recruitment occurred between 2006 and 
2010, and participants gave written consent. At the baseline study visit, par-
ticipants provided demographic information, medical history, family history, 
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medication use, and lifestyle information (such as smoking). We restricted 
the analysis to individuals with available genotype array data and whole 
exome sequences to enable ascertainment of PRSCAD and HeFH variant. 
281 341 individuals were excluded due to either missing genotyping or 
whole exome sequencing (WES) necessary for HeFH and PRSCAD calcula-
tion. 36 169 individuals were excluded due to withdrawn consent, related-
ness, or missing coronary artery disease (CAD) status. To focus on primary 
prevention, 6445 individuals were excluded given CAD present at enroll-
ment, defined as the history of myocardial infarction, coronary artery by-
pass graft (CABG) or coronary angioplasty; ICD-10 code for acute 
myocardial infarction; hospitalization for OPCS-4 coded procedure: 
CABG; and hospitalization for OPSC-4 coded procedure: coronary angio-
plasty with or without stenting. Finally, 11 860 individuals were excluded for 
missing Lp(a) laboratory values. The final sample included 166 714 indivi-
duals (Figure 1). The secondary use of data for this study was approved 
by the Massachusetts General Hospital Institutional Review Board (proto-
col 2021P002228) facilitated through UKB application 7089.

Baseline characteristics, clinical exposures, 
and outcome
Baseline characteristics included sex (field code 31) and age at recruitment 
(field code 21022). Exposures encompassed both clinical and genetic fac-
tors. Clinical factors were defined as laboratory data, medical diagnoses, an-
thropometric measures, and smoking. Laboratory data were linked to the 
UK Biobank via electronic health records (EHR) and included hsCRP, apo-
lipoprotein B, apolipoprotein AI, Lp(a), total cholesterol, triglycerides, high- 
density lipoprotein (HDL) cholesterol, and low-density lipoprotein (LDL) 
cholesterol (field codes 30710, 30640, 30630, 30790, 30690, 30870, 
30760, and 30780). ApoB:ApoAI was used in lieu of LDL or total choles-
terol levels. Continuous variables ApoB:ApoAI, triglycerides, hsCRP, and 
Lp(a) were divided into quintiles. Medical diagnoses of diabetes and hyper-
tension were linked to the UKBB via EHR with ICD10 diagnostic codes 
(I10-I15). Anthropometric measures such as BMI, waist circumference, 
and hip circumference (to calculate WHR) were ascertained at study intake 
(field codes 21001, 48, and 49). WHR was also divided into quintiles. 
Smoking habits were assessed using baseline survey data. Self-reported 
FHHD (field codes 20111 for a sibling, 20110 for mother, and 20107 for 
father) in at least one first-degree relative was used as the primary outcome. 
At study intake and on follow-up visits, participants were asked to indicate if 

there was a positive FHHD in their mother, father, or sibling(s). Specifically, 
using a touchscreen-based questionnaire, individuals were instructed to se-
lect from a list of common diseases the illnesses from which diseases their 
father, mother, and siblings suffered. Heart disease was listed as one of 
these diseases. Participants were not asked to indicate how many siblings 
have a history of heart disease. Full assay information for laboratory tests 
is available in Supplementary material online, Supplementary Methods. All 
field codes for baseline variables are available in Supplementary material 
online, Table S1.

Genotypic data: polygenic risk score, HeFH 
status
Individual-level 2.99 million single nucleotide polymorphisms (SNPs) 
PRSCAD were constructed on unrelated British participants of the UK 
Biobank as described in a previous report using the AnnoPred frame-
work.16,17 AnnoPred is a Bayesian framework leveraging diverse types of 
genomic and epigenomic functional annotations to improve risk prediction 
accuracy. It uses an empirical prior of SNP effect size based on functional 
annotations of the SNPs and signal enrichment in different annotation 
classes estimated from GWAS summary statistics.16,17 After the calculation 
of the PRSCAD, risk scores were binned by quintile.

To ascertain HeFH status, whole exome sequencing (WES) data was 
used, and a history of premature CAD was not used. The UKBB released 
WES data for 200 644 individuals in October 2020. Single nucleotide var-
iants (SNVs) that had a minor allele frequency <0.1% in the LDLR, APOB, 
PCSK9, LDLRAP1, ABCG5, or ABCG8 and were manually curated for associ-
ation with familial hypercholesteremia (FH). SNVs in LDLR that predicted 
loss-of-function variants (nonsense, frameshift, and essential splice site) or 
were classified as likely pathogenic or pathogenic by most analysis sites 
were considered FH variants. SNVs in APOB and PCSK9 that were annotated 
in ClinVar as likely pathogenic or pathogenic by most analysis sites were 
considered FH variants. There were no cases of FH associated with auto-
somal recessive inheritance (LDLRAP1, ABCG5, or ABCG8). Additional details 
are available in Supplementary material online, Supplementary Methods and a 
list of all variants used to define HeFH are available in Supplementary 
material online, Table S2.

Statistical analyses
The primary statistical analysis in this study is the population attributable 
risk (PAR) model wherein the percent chance of an outcome attributable 
to a given risk factor in a population is calculated based on that risk factor’s 
prevalence in the target population. This is done by first constructing re-
gression models to estimate the odds ratio, and then weighting the odds ra-
tio based upon the relative prevalence of the risk factor. Thus, first, multiple 
logistic regression models were constructed to assess the effect of CVD risk 
factors on the odds of FHHD being reported. Individual clinical and genetic 
risk factors were tested using minimal adjustment—controlling only for age, 
sex, and use of cholesterol-lowering medication. Next, all clinical and gen-
etic risk factors were simultaneously tested in a fully adjusted model. Issues 
of collinearity were considered as the PRSCAD contains HeFH variants and 
the LPA locus (determining Lp(a) level). Removal of the LPA locus from a 
CAD PRS does not substantively alter performance for CAD risk predic-
tion.18 Additionally, in fully adjusted models inclusion of PRSCAD, HeFH, 
and Lp(a) should have little effect or bias towards the null. As was compar-
ably done in the INTERHEART study,19 continuous variables were treated 
as polychotomous variables in quintiles, with quintile 1 equating to the low-
est risk and quintile five equating to the highest risk. In subsequent regres-
sion models, the 1st quintile was considered the reference compared to the 
2nd–5th quintiles. P-value of <0.05 was the threshold used for significance.

Then, for models to be utilized in the population attributable risk (PAR) 
framework, an optimal reference risk level needed to be established. For 
binary or categorical variables, the absence of the risk factor was used 
(e.g. absence of diabetes, absence of hypertension, or never smoking). 
For polychotomous exposures, the PAR is the cumulative effect of bringing 
all levels to the target or reference value. As was comparably done in the 
INTERHEART study,19 continuous variables were treated as polychoto-
mous variables in quintiles, with quintile 1 equating to the lowest risk. In sub-
sequent PAR models, any increase in risk above the 1st quintile was treated 
as the presence of a risk factor. The 1st quintile was considered as the 

502,629 
Individuals

466,460 
Individuals

36,169 Excluded due 
to relatedness, 

consent withdrawn, 
and missing CAD 

status 

185, 119 
Individuals

178674 
Individuals

281,341 Excluded 
due to unavailable 

WES, PRSCAD

Multiple Logistic 
Regression and 
PAR analyses. 

FHHD as primary 
outcome. 

Main Analysis

6, 445 Excluded 
due to prevalent 

CAD

166, 714

11,860 Excluded 
due to missing 
Lp(a) values

Figure 1 Study population. The UK Biobank is a population-based 
cohort of adults who follow prospectively, with ages ranging between 
40 and 70 years. Abbreviations: CAD, coronary artery disease; FHHD, 
family history of heart disease; WES, whole exome sequencing; PAR, 
population attributable risk; PRSCAD, polygenic risk score for coronary 
artery disease; Lp(a), Lipoprotein(a) nmol/L.
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reference compared to the 2nd–5th quintiles. P-value of <0.05 was the 
threshold used for significance.

Population attributable risk (PAR) was determined from odds ratios de-
rived from multiple logistic regression models and was used to assess the 
extent to which clinical and/or genetic factors explain a self-reported 

FHHD. The PAR calculations were conducted in the R package ‘attribrisk.’20

The PAR analyses were calculated with (1) genetic risk factors only, (2) clin-
ical risk factors only, and (3) combined genetic and clinical risk factors. Age, 
sex, and cholesterol-lowering medication use were controlled for in these 
analyses. Additionally, individual PAR analyses were performed for each risk 
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Table 1 Baseline characteristics

FHHD absent 
(N = 94 662)

FHHD present 
(N = 72 052)

Overall 
(N = 166 714)

P-value

Age
Mean (SD) 55.6 (8.35) 57.1 (7.54) 56.2 (8.05) <0.001

Sex
Female 50 250 (53.1%) 42 692 (59.3%) 92 942 (55.7%) <0.001
Male 44 412 (46.9%) 29 360 (40.7%) 73 772 (44.3%)

WHR
Median [Min, Max] 0.872 [0.506, 2.97] 0.866 [0.484, 1.65] 0.870 [0.484, 2.97] <0.001

Ever smoked status
Absent 53 113 (56.1%) 40 594 (56.3%) 93 707 (56.2%) 0.347

Present 41 549 (43.9%) 31 458 (43.7%) 73 007 (43.8%)
Hypertension

Absent 68 354 (72.2%) 47 334 (65.7%) 115 688 (69.4%) <0.001

Present 26 308 (27.8%) 24 718 (34.3%) 51 026 (30.6%)
History of diabetes

Absent 89 170 (94.2%) 67 225 (93.3%) 156 395 (93.8%) <0.001

Present 5492 (5.8%) 4827 (6.7%) 10 319 (6.2%)
Cholesterol medication use

Absent 83 528 (88.2%) 59 047 (82.0%) 142 575 (85.5%) <0.001

Present 11 134 (11.8%) 13 005 (18.0%) 24 139 (14.5%)
HeFH status

Absent 94 380 (99.7%) 71 731 (99.6%) 166 111 (99.6%) <0.001

Present 282 (0.3%) 321 (0.4%) 603 (0.4%)
PRSCAD

Mean (SD) 48.3 (28.8) 53.3 (28.6) 50.5 (28.9) <0.001

Lipoprotein(a)
Median [Min, Max] 18.0 [0.0200, 722] 21.1 [0.0200, 743] 19.3 [0.0200, 743] <0.001

hsCRP
Median [Min, Max] 1.30 [0.0800, 78.4] 1.37 [0.0800, 79.5] 1.33 [0.0800, 79.5] <0.001

Total cholesterol
Mean (SD) 221 (42.7) 223 (43.5) 222 (43.1) <0.001

LDL cholesterol
Mean (SD) 138 (32.5) 140 (33.1) 139 (32.8) <0.001

HDL cholesterol
Mean (SD) 56.5 (14.3) 56.7 (14.1) 56.6 (14.2) 0.00839

Triglycerides
Median [Min, Max] 129 [20.5, 988] 134 [25.4, 999] 131 [20.5, 999] <0.001

ApoA concentration
Mean (SD) 1.54 (0.259) 1.55 (0.258) 1.55 (0.258) <0.001

ApoB concentration
Mean (SD) 1.03 (0.232) 1.05 (0.234) 1.04 (0.233) <0.001

ApoB/ApoA ratio
Mean (SD) 0.687 (0.197) 0.693 (0.197) 0.690 (0.197) <0.001

Baseline characteristics for the study population. The mean value is listed for normally distributed values. The median value is shown for non-normally distributed values. 
ApoAI, apolipoprotein AI; ApoB, apolipoprotein B; ApoB:ApoAI, apolipoprotein B-to-apolipoprotein AI ratio; HDL, high-density lipoprotein; FHHD, family history of heart disease; HeFH, 
heterozygous familial hypercholesteremia; hsCRP, high sensitivity C-reactive protein; LDL, low-density lipoprotein; Lp(a), lipoprotein(a); PRSCAD Percentile, polygenic risk score for 
coronary artery disease; WHR, waist-to-hip ratio.
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factor separately to compare the effect of each factor on the risk of self- 
reported FHHD, controlling for age, and sex.

95% confidence intervals were computed from a group jackknife esti-
mate of variance based on k = 20 groups.

All analyses were completed using R 4.1.2.

Results
Baseline characteristics
Among the 166 714 participants, 55.7% (92 942) reported female sex 
at birth and the mean age was 56.2 years (standard deviation [SD] 
8.05) and 57.1 (SD 7.5) years in those with positive FHHD. 73 007 
(43.8%) reported ever smoking (43.7% among those with positive 
FHHD), 10 319 (6.2%) had a history of diabetes (6.7% among those 
with positive FHHD), and median WHR was 0.87 (inter quartile range 
[IQR] = 0.48–2.97) (0.87 among those with positive FHHD). 93.7% 
(156 152) identified as White, 2.1% (3556) as South Asian, 1.7% 
(2755) as Black, 1.0% (1684) as other, 0.7% (1135) as mixed, and 
0.3% (574) as Chinese. Baseline characteristics are summarized in 
Table 1.

Family history, polygenic score, and 
risk of heart disease
The prevalence of self-reported FHHD for first-degree relatives was 
43.2% (72 052). Among those with an FHHD, 47 821 (28.7%) reported 
a father, 30 663 (18.4%) reported a mother, and 13 078 (7.8%) 

reported at least one sibling with a history of heart disease (HD) (see 
Supplementary material online, Table S3). The reported frequency of 
family history of HD, stroke, hypertension, and diabetes in the study co-
hort is displayed in Supplementary material online, Table S3. Among 
those with an FHHD, the average age was 57.1 (SD 7.54), 31 458 
(43.7%) endorsed ever smoking, 4827 (6.7%) had a history of diabetes 
and median WHR was 0.87 (IQR = 0.48–1.65). Probands who re-
ported a greater number of first-degree relatives with HD had greater 
incident CAD risk in a dose-dependent manner (Figure 2A). The inci-
dence of CAD among individuals with 0 family members with HD 
was 4.7%, the incidence among individuals with one family member 
with HD was 6.2%, the incidence among individuals with two family 
members with HD was 8.8%, and the incidence among individuals 
with three or more family members with HD was 13.2%. 
Furthermore, probands with more family members with HD had higher 
PRSCAD (Figure 2B).

Regression models
Results of both minimally adjusted models assessing individual risk fac-
tors, and the fully adjusted model assessing all risk factors simultaneous-
ly, are reported in Table 2. When examining individual risk factors in 
univariate models, the largest odds (OR = odds ratio) of FHHD were 
found among genetic risk factors: OR 1.33 (95% CI 1.30–1.36) for 
the elevated PRSCAD [2nd–5th quintiles vs. 1st quintile (reference)], 
and OR 1.33 (95% CI 1.13–1.57) for HeFH. Following genetic risk fac-
tors, individual clinical risk factors that increased the odds of FHHD in-
cluded: Lp(a) concentration [2nd–5th quintiles vs. 1st quintile 

Figure 2 Graded relationship between the number of family members with (A) incident CAD and (B) polygenic risk score for CAD. χ2-test for trend 
was significant to P < 0.001 for both (A) and (B). Average follow-up time 10.7 years. Abbreviations: CAD, coronary artery disease; PRSCAD, polygenic 
risk score of coronary artery disease.
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(reference)] (OR 1.20, 95% CI 1.17–1.23), hypertension (OR 1.18, 95% 
CI 1.15–1.2), ApoB:ApoAI ratio [2nd–5th quintiles vs. 1st quintile (ref-
erence)] (OR 1.17, 95% CI 1.08–1.13), and triglycerides [2nd–5th quin-
tiles vs. 1st quintile (reference)] (OR 1.11, 95% CI 1.08–1.13).

When all genetic and clinical risk factors were simultaneously incor-
porated into a multivariate model, the results were similar with genetic 
risk factors exhibiting the strongest influence on the risk of FHHD: 
HeFH (OR 1.31, 95% CI 1.11–1.54) and PRSCAD [2nd–5th quintiles 
vs. 1st quintile (reference)] (OR 1.30, 95% CI 1.27–1.33). These were 
followed by clinical risk factors: hypertension (OR 1.18, 95% CI 1.15– 
1.21), Lp(a) [2nd–5th quintiles vs. 1st quintile (reference)] (OR 1.17, 
95% CI 1.14–1.20), ApoB:AI ratio [2nd–5th quintiles vs. 1st quintile 
(reference)] (OR 1.13, 95% CI 1.10–1.16), triglycerides [2nd–5th quin-
tiles vs. 1st quintile (reference)] (OR 1.07, CI 1.04–1.10) (Table 2). 
These findings were similar in a sensitivity analysis, where all continuous 
variables were standardized and non-normally distributed variables 
were logarithmically transformed (see Supplementary material online, 
Table S4), before being divided into quintiles (see Supplementary 
material online, Table S5). Reassuringly, the trends in the sensitivity ana-
lyses are consistent with the trends found in the primary analyses.

Population attributable risk
PAR was calculated with (1) genetic risk factors only, (2) clinical risk fac-
tors only, and (3) combined clinical and genetic risk factors (Table 3). 
PAR for individual risk factors was determined by adjusting only for 
age and sex (Table 2; Structured Graphical Abstract). In the genetic 
risk factor-only model, 22.16% (CI 20.44–23.88) of the risk of reporting 
FHHD is explained by genetic factors alone. In the clinical risk factor- 
only model, 21.91% (CI 18.19–25.63) of the risk of reporting FHHD 
was explained by clinical risk factors alone. In the combined model, 
35.99% (CI 33.31–38.68) of the risk of reporting FHHD was explained 
by a combination of clinical and genetic factors. Structured Graphical 
Abstract illustrates the attributable risk of specific clinical and genetic 

risk factors for those who reported a positive FHHD. 22.86% (CI 
21.30–24.4) of FHHD is explained by PRSCAD [2nd–5th quintiles vs. 
1st quintile (reference)], 12.16% (CI 10.89–13.42) by triglycerides 
[2nd–5th quintiles vs. 1st quintile (reference)], 8.72% (CI 6.92–10.52) 
by ApoB:ApoAI [2nd–5th quintiles vs. 1st quintile (reference)], 7.51% 
(CI 6.73–8.29) by hypertension, 6.67% (CI 4.62–8.69) by Lp(a) [2nd– 
5th quintiles vs. 1st quintile (reference)], 6.66% (CI 4.15–9.05) by 
WHR [2nd–5th quintiles vs. 1st quintile (reference)], 4.72% (CI 2.43– 
7.01) by hsCRP [2nd–5th quintiles vs. 1st quintile (reference)], 0.80% 
(CI 0.57–1.02) by diabetes, and 0.15% (CI 0.07–0.23) by HeFH. A prior 
history of smoking appeared not to affect a self-reported FHHD (PAR 
−0.79%, CI −1.20–0.41). To verify the high PAR for triglycerides, we 
additionally adjusted the individual PAR for triglycerides for ApoA1 le-
vel (in addition to age, sex, and cholesterol medication use) which did 
not materially alter the result, changing the PAR from 12.16% to 
10.42%.

As a sensitivity analysis while the above analyses sought to under-
stand what fraction of FHHD risk was explained by PRSCAD, we also 
attempted to predict the opposite—whether FHHD could predict 
PRSCAD. The presence of FHHD did not reliably and linearly predict 
the PRSCAD percentile as demonstrated in Supplementary material 
online, Table S6, though there is a relationship above the 90th percent-
ile. By contrast, restricting the PRSCAD to sequentially higher strata of 
the PRSCAD percentile (top 25%, 10%, 5%, 1%), had a direct relationship 
to increasing odds of FHHD (Figure 3).

Discussion
In this study, using a PAR framework, we sought to estimate how much 
information within the family history is already explained in genetic and 
clinical biomarkers. While it is tempting to assume family history is an 
imperfect proxy for genetic risk, our analyses suggest otherwise. The 
genetic model including PRSCAD and HeFH explained 22.2% of the 
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Table 2 Odds ratios from fully adjusted and partially adjusted multiple logistic regression models

Minimally adjusted model 
(individual risk factors)

Fully adjusted model 
(all risk factors)

Odds ratio 95% Confidence interval P-value Odds ratio 95% Confidence interval P-value

Age — — — 1.02 (1.02, 1.02) 1.60e-160

Male sex — — — 0.74 (0.73, 0.76) 4.20e-144
Chol med — — — 1.51 (1.46, 1.56) 7.18e-142

PRSCAD 1.33 (1.30, 1.36) 5.48e-116 1.30 (1.27, 1.33) 8.98e- 98

HeFH status 1.33 (1.13, 1.57) 5.64e-4 1.31 (1.11, 1.54) 1.25e-3
Lp(a) 1.20 (1.17, 1.23) 2.49e- 48 1.17 (1.14, 1.20) 1.44e- 36

Hypertension 1.18 (1.15, 1.20) 9.80e-45 1.18 (1.15. 1.21) 2.09e- 43

ApoB:ApoAI 1.17 (1.15, 1.20) 3.14e- 36 1.13 (1.10, 1.16) 9.70e- 20
Triglycerides 1.11 (1.08, 1.13) 2.63e-15 1.07 (1.04, 1.10) 1.33e-6

hsCRP 1.02 (1.00, 1.05) 0.05 0.995 (0.97, 1.02) 0.67

WHR 0.99 (0.96, 1.02) 0.55 0.961 (0.93, 0.99) 6.75e-3
Ever smoked 0.96 (0.95, 0.99) 2.20e-3 0.967 (0.95, 0.99) 1.08e-3

Diabetes mellitus 0.92 (0.88, 0.96) 8.41e- 5 0.889 (0.85, 0.93) 1.24e-7

The table above presents multiple logistic regression modeling of self-reported FHHD, where continuous variables were divided into quintiles. The 2nd–5th quintiles were compared to 
the 1st quintile, serving as the reference. In the minimally adjusted model, individual risk factors are modeled as predictors of reported FHHD, controlling for age, sex, and 
cholesterol-lowering medication use. In the fully adjusted model, analysis is adjusted for all other variables in the model. 
ApoB:ApoAI, apolipoprotein B-to-apolipoprotein AI ratio [2nd–5th quintiles vs. 1st quintile (reference)]; Chol Med, cholesterol-lowering medication use; PRSCAD, polygenic risk score for 
coronary artery disease [2nd–5th quintiles vs. 1st quintile (reference)]; HeFH, heterozygous familial hypercholesteremia; hsCRP, high sensitivity C-reactive protein mg/L [2nd–5th quintiles 
vs. 1st quintile (reference)]; Lp(a), Lipoprotein(a) nmol/L [2nd–5th quintiles vs. 1st quintile (reference)]; triglycerides, triglycerides mmol/L [2nd–5th quintiles vs. 1st quintile (reference)]; 
WHR, waist to hip ratio [2nd–5th quintiles vs. 1st quintile (reference)].
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PAR of FHHD. The clinical model similarly explained only 21.9% PAR of 
FHHD. The combined model of clinical and genetic biomarkers ex-
plained 36.0% PAR of FHHD. Using multiple logistic regression models, 
we found that genetic risk factors PRSCAD and HeFH were most 
strongly associated with a self-reported FHHD, followed by clinical 
risk factors hypertension and dyslipidemia. These findings suggest 
that genetic, modifiable clinical, and unrecognized factors contribute 
to FHHD. Understanding family based risks for CVD offers prospects 
for tailored family based surveillance and risk mitigation.

Results from PAR analyses for individual risk factors (adjusted only 
for age, sex, and cholesterol medication use) demonstrated that 
PRSCAD had the greatest PAR for FHHD, followed by triglycerides, 
ApoB:ApoA1 ratio, hypertension, and WHR. As expected of rare var-
iants, HeFH showed a strong effect size in regression models, but its 
PAR was low given its low prevalence. Triglycerides, independently ac-
counting for substantial PAR of FHHD after controlling for ApoB: 
ApoA1 ratio, likely served to integrate other risk factors associated 
with a FHHD, including diet, exercise, insulin resistance, and postpran-
dial lipid metabolism, among other unfavorable qualities. Thus, after 

polygenic risk, the most prevalent and powerful risk factors were trad-
itional clinical risk factors. These findings emphasize that when a patient 
reports a family history of cardiac disease, while they are more likely to 
have a high PRS (or less likely, harboring a rare monogenic variant), 
traditional modifiable risk factors play a roughly comparable role in 
the population. Families enriched for CVD but low PRS may benefit 
from thorough investigations of drivers of risk; while traditional risk fac-
tors may often explain enrichment, we demonstrate that much of this 
enrichment remains unexplained through currently recognized risk 
factors.

When clinical biomarkers and genetics explain only a fraction of 
FHHD, environmental, behavioral, and socioeconomic factors rise to 
the fore. For example, low parental income during childhood contri-
butes to adverse cardiovascular health for parents and future adult off-
spring.21 In this study, hypertension and dyslipidemia but not smoking 
or diabetes are enriched among those with FHHD. The lack of smoking 
enrichment may reflect secular trends in decreasing smoking preva-
lence across subsequent generations over the 20th century.22 Lack of 
enrichment for diabetes among those with FHHD was a surprising mer-
iting further investigation. The reasons for the lack of enrichment are 
not immediately clear beyond potentially heightened surveillance and 
risk mitigation in affected families. Additionally, the male sex was a pre-
dictor for the absence of an FHHD, but this may be due to differential 
knowledge of family history compared to females.23

Social determinants of health such as intergenerational wealth, edu-
cational, and employment opportunities, health literacy, and environ-
mental exposures are also passed down through families.24 These 
factors may have a large influence on the heritability of CVD and add-
itional clinical risk factors but are not well-characterized in the UK 
Biobank.24–27 Additionally, important parameters like sleep and stress 
have imperfect measures, while parameters such as diet and physical ac-
tivity reflect imperfect survey data. Nevertheless, when factors like diet, 
physical activity, ‘neuroticism score’ (for stress), and others were inte-
grated into models they introduced dramatic model instability, likely re-
flecting the complexity of the biopsychosocial model of disease that is 
not easily quantified. A limitation of our study is our inability to properly 
include these risk factors into our analyses. However, it is uncommon 
for routine clinical assessments to include detailed behavioral pheno-
typing, socioeconomic assessment, or shared exposures such as air pol-
lution, sound pollution, ambient radiation, structural racism, and 
poverty.

Our study has several limitations. First, a self-reported FHHD may be 
limited by recall bias and imprecision. Individuals may be unaware of 
their family history or have inconsistent definitions for HD (e.g. do 
they include hypertension, atrial fibrillation, etc., in their definition). 
Of note, prior analyses in the UK Biobank show that individuals without 
CAD but with FHHD show similar genetic architecture as individuals 
with CAD, consistent with PRSCAD being a proxy for genetics related 
to HD more broadly.28 Nevertheless, more specifically inquiring about 
a family history of CAD may further improve the estimates provided. 
Second, the age at diagnosis of family members who had CVD was 
not available in the UK Biobank. Prior work indicates that early onset 
CVD in first-degree relatives carries notable risk.4,29 We enriched fam-
ily history-related CVD risk by examining individuals with multiple af-
fected family members in secondary analyses. Third, the combination 
of healthy participant bias30 in the UKBB and suggestions that a known 
FHHD affects individuals’ behavior31 in unpredictable ways would have 
introduced biases into the model for which adjustment may not have 
been appropriate.24 Fourth, our population is a majority white, relative-
ly healthy population in the United Kingdom, limiting generalizability.15

In summary, this study demonstrates that while commonly obtained 
clinical biomarkers and research-grade genetic tools contribute ap-
proximately equally to self-reported FHHD, family history continues 
to yields a distinct set of information unexplained by these risk factors, 
that may function as an integrator of lifelong exposures that we do not 
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Table 3 Percent of population risk attributable to a 
clinical model, genetic model, and combined model

Model Risk factor PAR % 95% confidence 
interval

Genetic • PRSCAD

• HeFH

22.16% (20.44–23.88)

Clinical • Diabetes mellitus

• Hypertension

• WHR

• hsCRP

• Triglycerides

• Lp(a)

• ApoB:ApoAI

• Ever smoked

21.91% (18.19–25.63)

Combined: 
clinical and 
genetic

• PRSCAD

• HeFH

• Diabetes mellitus

• Hypertension

• WHR

• hsCRP

• Triglycerides

• Lp(a)

• ApoB:ApoAI

• Ever smoked

35.99% (33.31–38.68)

Population attributable risk (PAR) models using (1) genetic, (2) clinical, and (3) 
combined clinical and genetic risk factors were constructed to describe the percent 
likelihood a FHHD can be explained by each of the above variables. The PAR analytic 
framework compares exposed to unexposed, and as such, continuous variables were 
converted to polychotomous variables. The lowest risk level for all variables was 
compared to any elevation in risk. Thus for polychotomous variables quintiles 2–5 
are compared to the lowest quintile (reference). A combined approach using both 
clinical and genetic risk factors explained a larger proportion of the likelihood of 
having a FHHD. Each model was controlled for age, sex, and cholesterol medication use. 
ApoB:ApoAI, apolipoprotein B-to-apolipoprotein AI ratio [2nd–5th quintiles vs. 1st 
quintile (reference)]; HeFH, heterozygous familial hypercholesteremia; hsCRP, high 
sensitivity C-reactive protein mg/L [2nd–5th quintiles vs. 1st quintile (reference) 
ntile]; Lp(a), Lipoprotein(a) nmol/L [2nd–5th quintiles vs. 1st quintile (reference)]; 
PRSCAD, polygenic risk score for coronary artery disease [2nd–5th quintiles vs. 1st 
quintile (reference)]; WHR, waist to hip ratio [2nd–5th quintiles vs. 1st quintile 
(reference)].
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routinely assess in clinical or research studies. Future work creating risk 
scores that integrate family history with clinical and genetic biomarkers 
will likely be of use.

Supplementary material
Supplementary material is available at European Journal of Preventive 
Cardiology.
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