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ORIGINAL ARTICLE

Antecedent Flu-Like Illness and Onset of 
Idiopathic Dilated Cardiomyopathy: The DCM 
Precision Medicine Study
Hanyu Ni , PhD, MPH; Jinwen Cao , MS; Daniel D. Kinnamon , PhD; Elizabeth Jordan , MMSc; Garrie J. Haas , MD;  
Mark Hofmeyer , MD; Evan P. Kransdorf , MD, PhD; Jamie Diamond , MD; Anjali Owens , MD; Brian Lowes , MD, PhD;  
Douglas Stoller , MD, PhD; W.H. Wilson Tang , MD; Mark H. Drazner , MD; Palak Shah , MD, MS; Jane E. Wilcox, MD;  
Stuart D. Katz , MD; Javier Jimenez , MD, PhD; Supriya Shore , MBBS, MS; Daniel P. Judge , MD; Jonathan O. Mead , BS;  
Jason Cowan , PhD; Patricia K. Parker , MS; Gordon S. Huggins , MD; Ray E. Hershberger , MD

BACKGROUND: Previous studies have speculated that a viral infection may act as a trigger in the development of idiopathic 
dilated cardiomyopathy (DCM) among individuals genetically at risk. This study aims to describe the frequency of patients with 
DCM who reported experiencing symptoms of flu-like illness before their DCM diagnosis and to examine if this experience 
modified the association between genetics and DCM.

METHODS: We analyzed data from the family-based cross-sectional DCM Study conducted between 2016 and 2021. Self-
reported symptoms of flu-like illness proximal to DCM diagnosis were obtained from patient interviews. Exome sequencing 
identified rare variants (pathogenic, likely pathogenic, or variant of uncertain significance) in DCM genes. In a case-only 
design, logistic mixed models were used to examine if flu-like illness modified the effect of these rare variants on DCM risk. 
Firth logistic regression was used to examine if flu-like illness modified the effect of each of 13 400 141 common autosomal 
variants (minor allele frequency ≥1%) on DCM risk.

RESULTS: Of 1164 patients with DCM, 30.2% reported symptoms of flu-like illness proximal to DCM diagnosis. The percentage of 
patients with antecedent flu-like illness by variant classification was 30.0% for pathogenic/likely pathogenic, 29.6% for variant 
of uncertain significance only, and 30.0% for no pathogenic/likely pathogenic/variant of uncertain significance. Antecedent flu-
like illness was not found to modify the effect of carrying any pathogenic, likely pathogenic, or variant of uncertain significance 
variants on DCM risk (interaction relative risk, 0.9 [95% CI, 0.7–1.3]). However, significant modification of the effect of 
rs2102158 (3q24) by antecedent flu-like illness (P=2.74×10−8) was identified by case-only genome-wide association study.

CONCLUSIONS: Approximately one-third of patients with DCM experienced flu-like illness symptoms before DCM diagnosis. 
We did not find evidence that a flu-like illness modified the effect of rare variants on DCM risk; however, our genome-wide 
association study analysis suggested that flu-like illness may modify the effect of a common variant on DCM risk.

REGISTRATION: URL: https://www.clinicaltrials.gov; Unique identifier: NCT03037632.

Key Words: cardiomyopathy, dilated ◼ gene-environmental interaction ◼ odds ratio ◼ precision medicine ◼ viral diseases

Idiopathic dilated cardiomyopathy (DCM) has been 
recognized as a complex disease resulting from 
many genetic determinants, possibly interacting 

with environmental factors.1 An unresolved question is 
whether a viral infection might cause the DCM or trigger 
its onset.2 Previous studies have linked DCM to genetic 
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susceptibilities1 or viral infection,3 but most studies have 
examined genetics or viruses separately. It has been sug-
gested that a viral infection may act as a trigger in the 
development of DCM, although the results have been 
inconclusive.4–7 Understanding the interplay of viral infec-
tion and genetic risk is essential for describing the cause 
of DCM and guiding its clinical treatment and prevention.

Influenza-like illness, also known as flu-like illness, 
is commonly identified by physicians based on patient-
reported flu-like symptoms and represents a medical 
diagnosis of possible influenza or other presumed viral 
illness causing a set of common symptoms. The World 
Health Organization defines an illness as a flu-like illness 
if the patient has a fever ≥38 C° and a cough that began 

in the last 10 days.8 A case definition of fever of ≥100 °F, 
oral or equivalent, and cough or sore throat is used by the 
Centers for Disease Control and Prevention’s Outpatient 
Influenza-Like Illness Surveillance Network, in which 
healthcare providers report the total number of patient 
visits and the number of patients seen for influenza-like 
illness each week.9

The DCM Precision Medicine Study, conducted by a 
multicenter consortium that is geographically dispersed 
across the United States, collected genetic and environ-
mental information relevant to DCM. The study provided 
a unique opportunity to describe frequencies of patients 
with DCM who experienced symptoms of flu-like illness 
before their diagnosis by demographics and clinical 
characteristics and to explore if an antecedent flu-like 
illness modified the effect of genetics on DCM risk. We 
hypothesized that the relative risk of DCM in those who 
carried pathogenic, likely pathogenic (LP), or variants of 
uncertain significance (VUS) in DCM genes would be 
greater among those with an antecedent flu-like illness 
than among those without. We also hypothesized that the 
effects of common variants on DCM risk would be modi-
fied by having an antecedent flu-like illness.

METHODS
Data Availability
The data that support the findings of this study are available 
from the corresponding author upon reasonable request.

DCM Precision Medicine Study
The DCM Precision Medicine Study aimed to test the gen-
eral hypothesis that DCM has a substantial genetic basis.10–13 
More than 1200 patients with DCM (probands) meeting rigor-
ous diagnostic criteria10,14 for DCM and ≈2000 of their rela-
tives were identified and enrolled by heart failure and cardiac 
transplant physicians and clinical research personnel at mul-
tiple sites of the DCM Consortium.10–13 Accrual of patients with 
DCM (probands) and family members occurred from June 7, 
2016 to March 15, 2020 (probands) and April 1, 2021 (fam-
ily members). All enrolled probands had the diagnosis of DCM 
before the year 2020 when the COVID-19 pandemic started.

The institutional review boards at the Ohio State University 
and the initial 12 clinical sites approved the study10; over-
sight was ceded to a single institutional review board at the 
University of Pennsylvania as clinical sites beyond 12 were 
added.12 All participants provided written informed consent. 
This analysis used the data from all eligible probands aged ≥18 
years who did not withdraw informed consent after recruitment 
and provided response to a flu-like illness history question at 
their enrollment interview (N=1164). Detailed inclusion and 
exclusion data for this study analysis are presented in Figure 1.

Diagnostic Criteria for DCM
All probands met diagnostic criteria for DCM, defined by a left 
ventricular ejection fraction <50% and a left ventricular internal 

Nonstandard Abbreviations and Acronyms

CORs case-only odds ratios
DCM dilated cardiomyopathy
GWAS genome-wide association study
LP likely pathogenic
VUS variant of uncertain significance

WHAT IS NEW?
• This study is the first that provides a comprehensive 

epidemiological profile of antecedent flu-like illness 
among patients with dilated cardiomyopathy (DCM) 
of diverse ancestry, recruited from geographically 
diverse heart failure programs across the United 
States.

• Antecedent flu-like illness was not found to modify 
the effect of harboring pathogenic/likely patho-
genic/variant of uncertain significance rare variants 
on DCM risk, although approximately one-third of 
patients with DCM reported episodes of flu-like ill-
ness before their DCM diagnosis.

• Genome-wide association study analysis sug-
gested that flu-like illness may modify the effect of 
a common variant at chromosome 3q24 on DCM 
risk.

WHAT ARE THE CLINICAL IMPLICATIONS?
• Results from this study will inform clinicians that 

no evidence was found to suggest that a flu-like ill-
ness modified the effect of harboring rare variants 
in DCM genes on DCM risk.

• A clinical presentation of DCM after a flu-like ill-
ness does not signal a higher or lower rare variant 
genetic risk for DCM and thus does not alter the 
need for recommended genetic testing.

• These findings do not address the long-held ques-
tion of whether the clinical presentation of DCM 
can be caused by a flu-like illness in some patients; 
further investigation will be needed.
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diastolic dimension ≥95th percentile for height and sex,15 with 
other causes excluded, as previously defined.10,12 Cardiac mag-
netic resonance imaging data validated DCM diagnoses when 
available.14

Medical History and Demographic Information
Structured interviews collected participants’ demographic and 
health history; medical record abstraction and review summa-
rized cardiovascular clinical data.10,12 For patients with DCM, 
the date of diagnosis was obtained. Information on symptoms 
before the DCM diagnosis was obtained by a question, “What 
symptoms did you have before you were diagnosed?” A list of 
symptoms followed and included arrhythmia, presyncope, syn-
cope, weight gain, edema, orthopnea, and dyspnea. “Episodes 
of flu-like illness (such as fever, sweats, chills, cough, achiness)” 
was 1 of the listed symptoms.

The DCM Consortium is aware of recommendations for the 
collection, analysis, presentation, and discussion of race, ethnicity, 

and ancestry and has adopted recommended approaches.16 
Self-reported race and ethnicity data were obtained using 
structured race (Native American or Alaska Native, Asian, 
African American, Native Hawaiian or Pacific Islander, White, >1 
race, or unknown) and Hispanic ethnicity (yes, no, or unknown) 
categories. This study presented both global genomic ancestry 
and self-reported race and ethnicity because of their relevance 
for health outcomes. Global genomic ancestry proportions were 
inferred from Illumina Global Screening Array genotypes using 
ADMIXTURE software17 with the 1000 Genomes Phase 3 
integrated call set as the reference, as previously reported.13 An 
individual’s ancestry was defined as the continental ancestry 
group (African, European, Native American, or combined East 
and South Asian) accounting for the highest proportion of his 
or her genomic ancestry. Individuals with ancestry other than 
African, European, or Native American were not analyzed due 
to small numbers (n=4). Because genomic ancestry in these 
study participants is highly correlated with self-reported race 
and ethnicity (Table S1), the results may be generalizable to 

Figure 1. Dilated Cardiomyopathy (DCM) Precision Medicine Study recruitment and patients selected for the current analysis.
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clinical practice settings where self-reported information is the 
sole source for race and ethnicity definition.

Genetic Data Collection
Research exome sequencing and analysis were conducted 
as described previously.11,13 Variants in 36 genes considered 
clinically relevant for DCM, including the 19 genes classified 
as definitive, strong, and moderate evidence by the Clinical 
Genome Resource,18 were assigned to an American College 
of Medical Genetics and Genomics category: pathogenic, LP, 
VUS, likely benign, or benign; pathogenic, LP, and VUS variants 
were confirmed by Sanger sequencing.11,13 Genetic susceptibil-
ity in this analysis was measured by the presence of any DCM-
related rare variants (pathogenic, LP, and VUS). In addition, 
analyses of more granular genetic risk groups based on the 
number of variant alleles or most deleterious variants harbored 
(pathogenic/LP, VUS only, and negative) were also conducted.

A genome-wide association study (GWAS) used Illumina 
Global Screening Array data from autosomal chromosomes for 
all probands. To improve statistical power and marker density, 
genotype data were imputed using the Trans-Omics in Precision 
Medicine Imputation Server with the Trans-Omics in Precision 
Medicine reference panel (version r2). Detailed descriptions 
of genotype quality control and imputation are provided in the 
Supplemental Methods. Ancestry principal component scores 
used to control for population stratification were obtained by 
projecting DCM Precision Medicine Study participants onto the 
principal component space learned from the 1000 Genomes 
Phase 3 integrated callset, as previously reported.13

Statistical Analysis
All analyses were performed in R, version 4.2.2 (R Foundation); 
Joinpoint software, version 4.7.0.0.; and SAS/STAT 15.2 soft-
ware, version 9.4 (TS1M7) of the SAS System for 64-bit Linux 
(SAS Institute). All statistical tests and P values were 2-sided 
with α=0.05 unless otherwise noted.

The percentages of patients with DCM who had an ante-
cedent flu-like illness before DCM diagnosis were calculated in 
groups defined by demographic characteristics (age at enroll-
ment, sex, and race and ethnicity), ever use of tobacco, region 
of residence (northeast, midwest, west, south), and clinical 
characteristics such as major comorbidities and age at DCM 
diagnosis. To obtain model-based percentages in the presence 
of site heterogeneity, a logistic mixed model with a site ran-
dom effect was fit using residual subject-specific pseudolikeli-
hood.19,20 Estimated percentages at a median US heart failure 
program (random effect of 0) and their 95% CIs were obtained 
using Morel-Bokossa-Neerchal bias–corrected empirical 
SEs19,21 with sites as independent units and the standard nor-
mal distribution. Wald P values and 95% CIs for subgroup 
percentage ratios were obtained using the delta method. To 
estimate means of left ventricular internal dimension at end-
diastole Z score and left ventricular ejection fraction, a linear 
mixed model with a site random effect was fit using restricted 
maximum likelihood, and inference was performed using Morel-
Bokossa-Neerchal bias–corrected empirical SEs with sites as 
independent units and the standard normal distribution.

The association of the seasonal changes in percentages of 
antecedent flu-like illness with month of the self-reported DCM 
diagnosis was assessed by Joinpoint analysis.22,23 Of 1164 

patients enrolled, 735 (63.1%) patients provided a valid month 
of DCM diagnosis. Comparisons of these patients with those 
without reliable diagnosis months did not reveal significant dif-
ferences in age at diagnosis or sex. The Joinpoint software (ver-
sion 4.7.0.0) was used to fit weighted least-squares regression 
models to the monthly percentages of patients having a history 
of antecedent flu-like illness, with estimates of average monthly 
percent change (APC) and 95% CI.22,23 Using the default set-
tings, which allowed for as few as 2 observed time points in 
the beginning, ending, and middle line segments (excluding the 
joinpoints), a maximum of 1 joinpoint was searched for using 
the Grid search algorithm and the permutation test and an 
overall α level of 0.05.

Because the flu-like illness question was only asked for those 
with a diagnosis of cardiomyopathy, a case-only design24–26 was 
used to examine whether antecedent flu-like illness modified 
the effect of genetic factors on DCM risk. A detailed descrip-
tion of this approach is provided in Supplemental Material. To 
summarize, case-only odds ratios (CORs) are estimated in pro-
bands under a logistic model with antecedent flu-like illness as 
the outcome and genetic risk factor as an explanatory variable 
with adjustment for site and potentially other covariates. If ante-
cedent flu-like illness and genetic risk factors are not associ-
ated with the general population conditional on the adjustment 
variables, the COR estimates the interaction relative risk in the 
general population.24–26 Thus, if the COR is >1 (or <1), the rela-
tive risk of DCM associated with a particular genetic risk factor 
would be higher (or lower) among those with an antecedent 
flu-like illness compared with those without. Although such a 
design can identify whether an exposure modifies a genetic 
association with a phenotype when assumptions are met, it 
cannot estimate independent associations of either flu-like ill-
ness or genetics with DCM.25,27

To determine whether antecedent flu-like illness modi-
fied the effect of DCM-relevant rare variants on DCM risk, 2 
logistic mixed models19,20 with antecedent flu-like illness as the 
outcome were fit to estimate CORs for each of the 3 genetic 
risk factor parameterizations (pathogenic/LP/VUS present 
or absent; pathogenic/LP, VUS only, or negative; and counts 
of pathogenic/LP/VUS variant alleles). All models included a 
site random effect and were fit using residual subject-specific 
pseudolikelihood; inference was performed using the Morel-
Bokossa-Neerchal bias–corrected empirical covariance esti-
mator19,21 with sites as independent units and the standard 
normal distribution. Model 1 estimated the crude COR; model 
2 additionally adjusted for sex, predominant ancestry group 
(African, European, or Native American), age at diagnosis (<45, 
45–64, ≥65 years), and tobacco use (ever, never).

To determine whether antecedent flu-like illness modified 
the association between each of 13 400 141 common/low-
frequency autosomal variants (minor allele frequency ≥1%) 
and DCM, Firth logistic regression28–30 with a fixed effect for 
enrollment site was fit separately for each marker to esti-
mate the COR in a case-only GWAS. The linear predictor also 
included the estimated alternate allele dosage of each marker, 
sex, age at diagnosis (<45, 45–64, ≥65 years), tobacco use 
(ever, never), the most deleterious rare variant harbored (LP/
pathogenic, VUS, none), and 19 ancestry principal components 
as adjustment variables. Penalized profile likelihood 95% CIs 
and penalized likelihood ratio test P values for the COR were 
obtained for each marker. A genome-wide significance level of 
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3×10−8 appropriate for lower-frequency common variants and 
transethnic analyses was used.31,32 Additional GWAS details are 
provided in the Supplemental Methods.

RESULTS
Of 1164 adult patients with DCM enrolled in the DCM 
Precision Medicine Study, 515 (44.2%) were women and 
480 (41.2%) were African American race. The median 
time interval between DCM diagnosis and study enroll-
ment was 5.3 years; 48.3% had the diagnosis <5 years 
ago. Overall, 351 (30.2% [95% CI, 26.2%–34.1%]) 
reported experiencing symptoms of flu-like illness—such 
as fever, sweats, chills, cough, or achiness—before the 
diagnosis of cardiomyopathy (Table 1). At a median US 
advanced heart failure program, the estimated percent-
age of patients with a history of antecedent flu-like 
symptoms was higher among those aged <45 years at 
enrollment than those aged 45 to 64 years year and 
those aged ≥65 years. The percentage also decreased 
by increasing age at diagnosis (P for trend=0.009). 
Patients who had never smoked were less likely than 
those who had smoked to experience episodes of flu-like 
illness (28.2% versus 32.4%; P=0.04). The percentages 
did not differ by sex and race and ethnicity. The percent-
ages were also comparable with respect to selected 
major clinical characteristics, such as hypertension, 
obesity, diabetes, cancer, and lung disease. The mean  
echocardiogram-based left ventricular ejection fraction 
(%) at diagnosis was slightly lower (22.0 versus 23.5; 
P=0.03) and the left ventricular internal dimension at 
end-diastole Z score was larger (4.5 versus 4.3; P=0.05) 
in patients who reported a flu-like illness before the DCM 
diagnosis compared with those without.

Figure 2 shows the number of patients with DCM 
and the percentage who reported experiencing symp-
toms of flu-like illness before the diagnosis by month of 
their DCM diagnosis. The number of DCM occurrences 
fluctuated across the year, whereas the percentages of 
patients with episodes of flu-like illness tended to be 
lowest in August. However, the Joinpoint analysis did 
not reveal a trend of higher percentages in winter and 
fall months (APC for January–August=−3.96; P=0.1 
and APC for August–December=1.95; P=0.7). Figure 3 
shows the percentage by region and age-at-diagnosis 
group. The percentages of patients who had symptoms 
of flu-like illness before the diagnosis were similar in the 
4 geographic regions of residence among patients aged 
<45 years and 45 to 64 years. Percentages, however, dif-
fered for ages ≥65 years with a higher rate in the south 
and west, although the differences did not reach statisti-
cal significance possibly due to small sample sizes.

Table 2 presents percentages of patients who had 
symptoms of flu-like illness before the diagnosis by 
genetic risk. The percentage was 30.0% for those har-
boring an LP/pathogenic variant and 29.6% for those 

carrying VUS only, which were similar to those not har-
boring any pathogenic/LP/VUS (30.0%). Although the 
percentage (39.1%) was higher among those carrying 
≥3 rare variants in DCM genes (pathogenic, LP, or VUS) 
compared with those carrying none (30.0%), the differ-
ence was not statistically significant (percentage ratio, 
1.3 [95% CI, 0.8–1.8]). Frequencies of patients with 
DCM harboring variants in specific DCM genes are pro-
vided in Table S2 for those with and without a history of 
flu-like illness before the diagnosis.

CORs are presented in Table 3. These estimate the 
interaction relative risk, which measures how much the 
relative risk for a given genetic risk level compared with 
the reference is higher (>1) or lower (<1) among those 
with antecedent flu-like illness than among those with-
out. The crude COR for harboring any pathogenic/LP/
VUS variant was consistent with the same relative risk 
in those with and without a history of flu-like illness (1.0 
[95% CI, 0.7–1.3]). Adjusting for demographic variables 
including sex, predominant genomic ancestry, age at 
diagnosis, and ever use of tobacco did not alter this infer-
ence. Analyses considering the effects of the most del-
eterious variant or the number of pathogenic/LP/VUS 
alleles on DCM risk also did not reveal any statistically 
significant modifications of these effects (Table 3).

The case-only GWAS quantile-quantile plot (Figure S1) 
did not show systematic inflation of type I error (genomic 
control λ=0.99), suggesting adequate control for popu-
lation stratification. A genome-wide significant asso-
ciation was found at rs2102158 in chromosome 3q24 
(P=2.74×10−8; Figure 4A; Table S3); nearby genes are 
shown (Figure 4B). The next 2 strongest associations at 
rs60999026 (P=3.21×10−7) in 1p13.1 and rs2829363 
(P=3.37×10−7) in 21q21.2 did not achieve genome-wide 
significance (Figures S2 and S3; Table S3).

DISCUSSION
In this study, we did not find evidence that episodes 
of flu-like illness before a DCM diagnosis modified 
the effect of harboring rare variants in DCM genes on 
DCM risk, although approximately one-third of patients 
with DCM reported symptoms of flu-like illness before 
the diagnosis. However, our GWAS analysis suggested 
that flu-like illness may modify the effect of a common 
variant on DCM risk. To our knowledge, this is the first 
study that provides a comprehensive epidemiological 
profile of antecedent flu-like symptoms occurring among 
patients with DCM before their diagnosis and explores 
whether flu-like illness modified genetic risk for those 
carrying DCM-related rare and common variants based 
on a large, geographically dispersed, and multiracial- 
multiethnic consortium study.

Our results do not support the hypothesis that ante-
cedent flu-like illness may be an effect modifier, or a 
trigger, that enhances the increase in DCM risk arising 
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Table 1. Percentage of Patients With DCM Who Reported Experiencing Symptoms of Flu-Like  
Illness Before the Diagnosis, by Demographic and Clinical Characteristics

Characteristic No. of cases/total, %
Estimated % with a history 
of flu-like illness (95% CI)* Percentage ratio (95% CI) P value*

Age at enrollment, y 0.03

  <45 123/354 (34.8) 35.2 (28.9–41.5) 1.4 (1.0–1.8)

  45–64 171/594 (28.8) 28.2 (22.4–34.1) 1.1 (0.8–1.5)

 �≥65 57/216 (26.4) 25.1 (18.8–31.5) Reference

Age at DCM diagnosis, y 0.37

  <45 200/611 (32.7) 32.8 (28.1–37.4) 1.5 (0.7–2.2)

  45–64 132/474 (27.9) 27.2 (21.2–33.2) 1.2 (0.5–1.9)

 �≥65  19/79 (24.1) 22.4 (11.4–33.3) Reference

Sex 0.68

  Female 158/515 (30.7) 30.4 (24.7–36.0) Reference

  Male 193/649 (29.7) 29.4 (24.9–33.9) 1.0 (0.8–1.1)

Genomic ancestry 0.59

  African 134/480 (27.9) 27.7 (22.1–33.4) 0.9 (0.7–1.1)

  European 209/658 (31.8) 31.1 (25.7–36.5) Reference

  Native American 8/26 (30.8) 33.9 (17.8–49.9) 1.1 (0.5–1.7)

Race and ethnicity 0.82

  Hispanic 34/101 (33.7) 34.8 (22.4–47.2) 1.1 (0.7–1.6)

  Non-Hispanic Black 135/481 (28.1) 27.7 (22.6–32.8) 0.9 (0.7–1.2)

  Non-Hispanic White 182/582 (31.3) 30.4 (24.8–36.0) Reference

Tobacco use (ever)*

  Yes 152/463 (32.8) 32.4 (27.4–37.4) Reference 0.04

  No 199/700 (28.4) 28.2 (23.3–33.0) 0.9 (0.7–1.0)

Residential location 1.00

  Northeast 40/144 (27.8) 27.8 (16.2–39.4) Reference

  Midwest 113/374 (30.2) 30.2 (25.7–34.7) 1.1 (0.5–1.7)

  South 143/470 (30.4) 30.4 (21.7–39.2) 1.1 (0.4–1.8)

  West 55/176 (31.3) 31.3 (20.6–41.9) 1.1 (0.4–1.9)

Obesity (BMI≥30 kg/m2) 0.23

  Yes 180/562 (32.0) 31.5 (26.4–36.6) Reference

  No 171/602 (28.4) 28.3 (23.0–33.5) 0.9 (0.7–1.1)

Hypertension 0.06

  Yes 198/612 (32.4) 32.0 (26.8–37.2) Reference

  No 153/552 (27.7) 27.5 (22.6–32.3) 0.9 (0.7–1.0)

Diabetes 0.28

  Yes 95/290 (32.8) 32.4 (26.1–38.7) Reference

  No 256/874 (29.3) 29.0 (24.1–33.8) 0.9 (0.7–1.1)

Cancer 0.68

  Yes 17/61 (27.9) 27.3 (15.1–39.4) Reference

  No 334/1103 (30.3) 30.0 (25.5–34.4) 1.1 (0.6–1.6)

Lung disease 0.77

  Yes 17/52 (32.7) 31.6 (18.3–44.9) Reference

  No 334/1112 (30.0) 29.7 (25.3–34.1) 0.9 (0.6–1.3)

Percentages and percentage ratios were based on a logistic mixed model with a site random effect fit using residual subject-
specific pseudolikelihood except for the residential location variable, which used generalized estimating equations with a logit link 
and binomial outcome. Estimated percentages at a median US heart failure program (random effect of 0) and their 95% CIs were 
obtained using Morel-Bokossa-Neerchal bias–corrected empirical SEs with sites as independent units and the standard normal 
distribution. Wald P values and 95% CIs for subgroup percentage ratios were obtained using the delta method. When a variable had 
>2 categories, the Bonferroni correction was applied to the 95% CIs and P values for percentage ratios, and the overall P value is 
the minimum of the Bonferroni-corrected P values for the percentage ratios compared with the reference category. BMI indicates 
body mass index; and DCM, dilated cardiomyopathy.

*Excluded missing values for tobacco use (n=1).
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from DCM-relevant rare variants. In patients who carry 
pathogenic or LP rare variants in DCM-relevant genes, 
the development of DCM occurs over time until DCM 
finally presents, in most cases with heart failure. Patients 
with DCM are known to have increased late gadolinium 
enhancement found at cardiac magnetic resonance 
imaging, presumably related to ongoing inflammation 
from the genetic condition,33 with certain genetic back-
grounds known to cause substantial late gadolinium 
enhancement.34 One plausible mechanism of a flu-like ill-
ness triggering the individual’s transition from asymptom-
atic DCM to symptomatic heart failure could be added 
systemic disturbances such as fever and inflammation 
from influenza or a flu-like illness. This is well-supported 
by evidence that influenza may increase cardiovascular 
morbidity and mortality,35 with heart failure 1 of the most 
common complications of influenza.35,36 Our results indi-
cate that a presentation of DCM after a flu-like illness 
does not signal a higher or lower rare variant genetic 
risk for DCM or alter the need for recommended genetic 
testing.

This finding is consistent with the study by Mahon 
et al4 who did not detect, using highly sensitive poly-
merase chain reaction procedures, myocardial viral infec-
tion among 19 relatives of patients with DCM who were 

suspected of having early disease. After comparing with 
25 controls with ischemic heart disease, the authors con-
cluded that there was no evidence that the virus acted as 
a trigger factor for initiating DCM. This is also congruent 
with a more recent study to understand the role of viral 
infection in its association with cardiomyopathy.37

Nevertheless, prior evidence has suggested that influ-
enza infection may play a causal role in the occurrence 
of incident or prevalent cardiovascular events, which is 
also supported by the cumulative evidence indicating 
the protective role of influenza vaccination against car-
diovascular disease.38,39 Results from the recent COVID-
19 pandemic also provided evidence that COVID-19 
patients with ≥1 underlying conditions, including diabe-
tes, hypertension, and cardiovascular disease, are more 
likely to become severely ill.40 Although flu-like illness 
was not found to modify the effect of genetics on DCM, 
an infection itself could be a nonspecific precipitant of 
DCM presentation with heart failure, as has recently 
been reemphasized.41 Findings from this study do not 
address the long-held question of whether the clinical 
presentation of DCM can be caused by a flu-like illness 
in some patients; further investigation will be needed.

Although the symptom recall for this study of flu-like 
symptoms might have represented viral cause beyond 

Figure 2. Number of patients with dilated cardiomyopathy (DCM) and percentage of them who reported experiencing symptoms 
of flu-like illness before diagnosis, by month of dilated cardiomyopathy diagnosis.
Figure shows the number of patients with DCM and the percentage of them who experienced episodes of flu-like illness before the diagnosis 
by month of their DCM diagnosis. The number of DCM occurrences fluctuated across the year, while the percentages of patients who reported 
experiencing symptoms of flu-like illness tended to be lowest in August. The Joinpoint analysis did not reveal a trend of higher percentages in winter 
and fall months (average monthly percent change [APC] for January to August, −3.96, P=0.1; and APC for August to December, 1.95, P=0.7).
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influenza, this symptom complex is widely used epidemi-
ologically to monitor influenza incidence.8,9 Influenza inci-
dence is difficult to quantify precisely, as many or most 
of those infected may not seek medical attention and are 
therefore not formally diagnosed. An estimated annual 
influenza incidence of ≈8% (varying from 3% to 11%) 
was derived by statistical extrapolation of US hospitaliza-
tion data and a meta-analysis of published literature.42 
In a recently conducted national online survey, 17.9% of 
adults aged 18 to 64 years who received the flu vaccine 
reported flu or flu-like illness during the 2019 to 2020 
season.43 Our study revealed a remarkably higher per-
centage of patients with DCM who reported experiencing 
symptoms of flu-like illness before the diagnosis com-
pared with the estimates from population-based studies. 
This may reflect a tendency for healthcare providers to 

attribute nonspecific symptoms, such as dyspnea and 
cough, to an infection in younger people, rather than 
considering heart failure. The higher percentage with flu-
like symptoms may also be attributable to differences in 
study populations in terms of age and health conditions 
in addition to differences in methodologies used to col-
lect data and study time periods. For example, 1 study 
reported that 35% of patients with acute myocardial 
infarction had a history of preceding influenza or flu-like 
illness,44 which is slightly higher than the finding from the 
current study.

In this study, a case-only design was neces-
sary because a history of flu-like symptoms was only 
obtained from participants (probands and family mem-
bers) with a diagnosis of cardiomyopathy. Although we 
did find a higher percentage of patients with DCM who 
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<45 Northeast 35.7 (24.9, 46.6)
Midwest 32.2 (26.5, 38.0)

South 31.9 (22.5, 41.4)
West 33.7 (22.1, 45.3)

45-64 Northeast 21.9 (3.1, 40.6)
Midwest 28.8 (18.8, 38.8)

South 29.4 (18.8, 40.0)
West 26.9 (12.8, 40.9)

>=65 Northeast 10.0 (0, 26.2)
Midwest 19.0 (0, 46.1)

South 25.8 (5.9, 45.7)
West 35.3 (7.6, 63.0)

Figure 3. Percentage of patients with 
dilated cardiomyopathy who reported 
experiencing symptoms of flu-like 
illness before diagnosis by age at 
diagnosis and geographic location.
*Percentages were based on generalized 
estimating equations with a logit link 
and binomial outcome. The independent 
variables are residential location, diagnosis 
age group (<45, 45–64, ≥65 years), and 
interaction of residential location×age 
group. The dependent variable is flu-like 
illness (yes or no). All inferences used the 
Morel-Bokossa-Neerchal bias–corrected 
empirical covariance estimator with sites 
as independent units and the standard 
normal distribution. The confidence interval 
(CI) with negative value was converted 
to 0.D
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experienced symptoms of a flu-like illness before the 
diagnosis than would be expected based on population 
incidence, a case-only design does not permit assess-
ment of the independent effect of flu-like illness on 
DCM risk. Instead, this study investigated whether ante-
cedent flu-like illness modified the effect of genetics 
on DCM risk, a topic that has been controversial.43,45–47 
These results from the large and diverse DCM Preci-
sion Medicine Study may help fill the gap in knowledge 
regarding the role of viral infection in DCM cause.

The single genome-wide significant association sug-
gested that the relative risk of DCM from each alternate 
allele of rs2102158 is greater among those with ante-
cedent flu-like illness. Although this could represent a 
genuine biological effect, it could also arise if rs2102158 
is associated with the occurrence of flu-like illness in the 
general population, which is plausible given the antiviral 
activity of the nearby gene PLSCR1 in SARS-CoV-248 
and influenza49 infections. Replication of this genome-
wide finding with alternative study designs would be 
needed to determine whether this constitutes a biologi-
cal effect.

Limitations
Several limitations should be considered in the interpre-
tation of the study findings. First, the history of an ante-
cedent flu-like illness in this study is based on patients’ 
self-report, which is a clinical case definition and without 
confirmatory diagnostic testing such as viral culture or 
polymerase chain reaction for influenza. The infection 
rate of clinically defined outcomes without laboratory 

confirmation of influenza could be difficult to interpret 
because of possible coincident occurrence of other 
respiratory pathogens (eg, respiratory syncytial virus) 

Table 2. Percentages of Patients With DCM Who Reported Experiencing Symptoms of Flu-Like Illness  
Before the Diagnosis by the Presence of DCM-Related Rare Variants

Variable
No. of cases/
total (%)

Estimated % with a history 
of flu-like illness (95% CI)

Percentage 
ratio (95% CI) P value*

Any P/LP/VUS 0.91

  Yes 214/715 (29.9) 29.7 (24.1–35.3) 1.0 (0.8–1.2)

  No 137/449 (30.5) 30.0 (25.5–34.6) Reference

Most deleterious variant carried by the proband 1.00

  P/LP 65/215 (30.2) 30.0 (21.3–38.7) 1.0 (0.7–1.3)

  VUS (only) 149/500 (29.8) 29.6 (23.1–36.0) 1.0 (0.7–1.2)

  Negative 137/449 (30.5) 30.0 (25.3–34.8) Reference

No. of P/LP/VUS variant alleles carried by the proband 0.50

  0 137/449 (30.5) 30.0 (25.2–34.9) Reference

  1 139/460 (30.2) 29.8 (23.5–36.2) 1.0 (0.7–1.3)

  2 47/183 (25.7) 25.7 (17.6–33.8) 0.9 (0.5–1.2)

  3+ 28/72 (38.9) 39.1 (26.9–51.2) 1.3 (0.8–1.8)

DCM indicates dilated cardiomyopathy; LP, likely pathogenic; P, pathogenic; and VUS, variant of uncertain significance.
*Percentages and percentage ratios were based on a logistic mixed model with a site random effect, which was fit using residual subject-

specific pseudolikelihood. Estimated percentages at a median US heart failure program (random effect of 0) and their 95% CIs were obtained 
using Morel-Bokossa-Neerchal bias–corrected empirical SEs with sites as independent units and the standard normal distribution. Wald P 
values and 95% CIs for subgroup percentage ratios were obtained using the delta method. When a variable had >2 categories, the Bonferroni 
correction was applied to the 95% CIs and P values for percentage ratios, and the overall P value is the minimum of the Bonferroni-corrected 
P values for the percentage ratios compared with the reference category.

Table 3. Modification of the Effects of DCM-Related Rare 
Variants on the Risk of DCM by Antecedent Flu-Like Illness

Variables Model 1* COR (95% CI) Model 2* COR (95% CI)

Any P/LP/VUS

Yes 1.0 (0.7–1.3) 0.9 (0.7–1.3)

No Reference Reference

Most deleterious variant carried by the proband

  P/LP 1.0 (0.6–1.5) 0.9 (0.6–1.5)

  VUS (only) 1.0 (0.7–1.3) 0.9 (0.7–1.4)

  Negative Reference Reference

No. of P/LP/VUS variant alleles carried by the proband

  0 Reference Reference

  1 1.0 (0.7–1.4) 0.9 (0.6–1.4)

  2 0.8 (0.5–1.2) 0.8 (0.5–1.3)

  3+ 1.5 (0.9–2.5) 1.4 (0.8–2.6)

COR indicates case-only odds ratio; DCM, dilated cardiomyopathy; LP, likely 
pathogenic; P, pathogenic; and VUS, variant of uncertain significance.

*Estimates were obtained from logistic mixed models with a site random 
effect, which was fit using residual subject-specific pseudolikelihood. The 
outcome is flu-like illness (yes or no), and the independent variables are dif-
ferent genetic risk parameterizations. All tests and 95% CIs used the Morel-
Bokossa-Neerchal bias–corrected empirical covariance estimator with sites 
as independent units and the standard normal distribution. The COR reflects 
the interaction relative risk, which measures how much the relative risk for 
that genetic risk level compared with the reference is higher (>1) or lower 
(<1) among those with antecedent flu-like illness than among those without. 
See Supplemental Material for further details. Model 1 was unadjusted; model 
2 adjusted for age group at diagnosis, sex, genomic ancestry, and ever use 
of tobacco.
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or overlap symptoms with heart failure.50 In addition, we 
did not obtain a specific time course for the occurrence 
of flu-like illness symptoms before the DCM diagnosis. 
Furthermore, about half of the patients had the DCM 

diagnosis >5 years prior to their DCM diagnosis. Because 
of the potential memory decay, their self-reported history 
of flu-like illness may have been underestimated. How-
ever, the effect of this consideration on ascertaining the 

Figure 4. Modification of effects of common genetic variants on the risk of dilated cardiomyopathy by antecedent flu-like 
illness.
A, A Manhattan plot of P values for the case-only odds ratio for each marker. The peak on chromosome 3 reached genome-wide significance 
(3×10−8), indicated by the dashed line. Two other peaks found in chromosome 1 and chromosome 21 approached genome-wide significance 
(Table S3; Figures S2 and S3). B, The genome-wide significant peak in chromosome 3 in greater detail. The peak and the markers around the 
peak are from imputed variants.
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modifying effect of flu-like illness would be expected to 
be small because of the lack of evidence indicating the 
possibility of differential reporting bias by DCM genetic 
susceptibility.

Second, for the COR in this study design to pro-
vide a valid estimate of the interaction relative risk, 
there must be no association between DCM genetic 
susceptibility and flu-like viral infection in the strata of 
the population defined by the adjustment variables.26,27 
Although adjustment was made for important variables 
that may induce such associations, including genomic 
ancestry and clinical site, this assumption cannot be 
empirically tested. In addition, the case-only design 
only allowed for the assessment of statistical interac-
tions under a multiplicative model. Further studies that 
longitudinally collect information on incident DCM and 
virus infection, or more general effects of any type of 
infection regardless of DCM status, may help address 
this scientific question.

The novel findings from the GWAS have not been 
replicated and are hypothesis-generating only, an essen-
tial step needed to validate the observations presented 
here. The lack of validation in large part is due to the 
lack of a DCM study with genetics that also has clinical 
data regarding antecedent flu-like illness. Future DCM 
genetic studies should collect and expand on the infor-
mation presented here.

Conclusions
These limitations notwithstanding, this large study did not 
provide compelling evidence that antecedent flu-like ill-
ness modified the effect of genetics on the risk of DCM. 
Our findings warrant further investigation in epidemiolog-
ical and functional studies to elucidate pathophysiology 
as well as to aid in the development of recommendations 
for DCM prevention.
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Supplemental Methods 
 
This work followed the STROBE guidelines for reporting observational studies.51 
 
Estimation of Interaction Relative Risk in a Case-Only Design 

A case-only analysis of probands can be used to estimate and test the interaction between 
a genetic risk factor and environmental risk factor on the relative risk scale.24-26 The arguments 
of previous authors24-26 are adapted below to allow for adjustment variables and site 
heterogeneity. For proband ! at site ", let #!" be an indicator variable taking the value of 1 if an 
individual has DCM and 0 otherwise, $!" be an indicator variable taking the value of 1 if an 
individual reported antecedent flu-like illness and 0 otherwise, %!" denote alternate allele dosage 
or a vector of genetic risk category indicators, &!" be a set of measured covariates that may 
influence DCM risk, and '" be unobserved site-level variables that may also influence DCM 
risk. If $!" = 0 and %!" = *# are the reference values for antecedent flu-like illness and the 
genetic risk factor, the adjusted interaction relative risk, +,,$, is the ratio of the relative risk of 
DCM with %!" = * compared to %!" = *# among those with $!" = 1 to the same relative risk 
among those with $!" = 0. The interaction relative risk can be expressed as the following 
function of the conditional DCM probabilities: 

 

+,,$ =

P/#!" = 1|$!" = 1, %!" = *, &!" , '"2
P/#!" = 1|$!" = 1, %!" = *#, &!" , '"2
P/#!" = 1|$!" = 0, %!" = *, &!" , '"2
P/#!" = 1|$!" = 0, %!" = *#, &!" , '"2

(1) 

 
Note that this is identical to the definition given by others, 25,26 +,,$ = ,,%$ /,,#$,,%$!2⁄ , 
where 
 

,,&$ =
P/#!" = 1|$!" = 6, *!" = *, &!" , '"2
P/#!" = 1|$!" = 0, *!" = *#, &!" , '"2

 

 
An application of Bayes’ rule yields an alternative expression for the conditional probability of 
DCM: 
 

P/#!"|$!" , %!" , &!" , '"2 =
P/$!"|%!" , &!" , '" , #!"2P/#!"|%!" , &!" , '"2

P/$!"|%!" , &!" , '"2
 

 
Substitution into (1) and simplification yields: 
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+,,$ =

P/$!" = 17%!" = *, &!" , '" , #!" = 12
P/$!" = 17%!" = *#, &!" , '" , #!" = 12

P/#!" = 17%!" = *, &!" , '"2
P/#!" = 17%!" = *#, &!" , '"2

P/$!" = 07%!" = *, &!" , '" , #!" = 12
P/$!" = 07%!" = *#, &!" , '" , #!" = 12

P/#!" = 17%!" = *, &!" , '"2
P/#!" = 17%!" = *#, &!" , '"2

					×

P/$!" = 17%!" = *#, &!" , '"2
P/$!" = 17%!" = *, &!" , '"2
P/$!" = 07%!" = *#, &!" , '"2
P/$!" = 07%!" = *, &!" , '"2

=

P/$!" = 17%!" = *, &!" , '" , #!" = 12
P/$!" = 07%!" = *, &!" , '" , #!" = 12
P/$!" = 17%!" = *#, &!" , '" , #!" = 12
P/$!" = 07%!" = *#, &!" , '" , #!" = 12

P/$!" = 17%!" = *#, &!" , '"2
P/$!" = 07%!" = *#, &!" , '"2
P/$!" = 17%!" = *, &!" , '"2
P/$!" = 07%!" = *, &!" , '"2

(2) 

 
The first term on the righthand side of (2) is the adjusted odds ratio comparing the odds of $!" =
1 between cases with %!" = * and %!" = *# within strata defined by ;&!" , '"<, which we refer to 
as the case-only odds ratio, =>,$. The second term in (2) is an odds ratio describing the 
association between $!" and %!" in the general population within strata defined by ;&!" , '"<. 
Upon further assuming that $!" and %!" are conditionally independent within strata defined by 
;&!" , '"< in the population, P/$!"|%!" , &!" , '"2 = P/$!"|&!" , '"2, and this odds ratio in (2) equals 
1, leaving: 
 

+,,$ =
P/$!" = 17%!" = *, &!" , '" , #!" = 12
P/$!" = 07%!" = *, &!" , '" , #!" = 12

P/$!" = 17%!" = *#, &!" , '" , #!" = 12
P/$!" = 07%!" = *#, &!" , '" , #!" = 12

? (3) 

 
Equation (3) implies that +,,$ = =>,$, which can be estimated with only probands using a 
logistic model for the odds of flu-like illness. 

To specify a logistic model for P/$!" = 17%!" , &!" , '" , #!" = 12, we included vectors of 
fixed effects for %!" and &!" as well as a site-specific intercept capturing the effect of the 
unobserved '": 

 

log D
P/$!" = 17%!" , &!" , '" , #!" = 12
P/$!" = 07%!" , &!" , '" , #!" = 12

E = F" + %!"H	 + &!"I (4) 

 
where H and I are possibly vector-valued fixed effects and F" is a site-specific intercept 
reflecting the effect of '". 
 The site-specific intercepts F" can be modeled as independent K(0, L'()*+ ) random effects 
in a generalized linear mixed model (GLMM) framework,19,20 which allows generalization to the 
larger population of US advanced heart failure programs. The random effect approach assumes 
that the site-specific intercepts F" induced by the '" are independent of %!" and &!" among 
probands.52-56 However, even if the '" are independent of %!", &!", and $!" in the population, 
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they might not be independent of them among subjects with #!" = 1 due to conditioning on a 
common effect.57 While this is a concern in setting with a small number of observations per 
independent unit, violation of this assumption is unlikely to induce substantial bias in estimates 
of H and I with moderate or large numbers of probands per site.54-56 Because the current study 
had a relatively large number of probands per site (mean 41; median 31; IQR: 19 – 49), GLMM 
was a viable approach that was used for analyses examining modification of the effects of rare 
variants by antecedent flu-like illness, as described in the main text. 

Unfortunately, the GLMM approach does not scale well to a genome-wide association 
study (GWAS) because finite-sample estimation issues such as separation and non-convergence 
can arise frequently when fitting a GLMM for each of millions of variants. Under the asymptotic 
model above, the site-specific intercepts F" could instead be modeled as fixed effects using Firth 
penalized maximum likelihood (FPML).28,53 While this approach limits inferences to the sites 
involved in this study, it does not assume that the site-specific intercepts F" induced by the '" 
are independent of %!" and &!" and also has additional advantages in the GWAS context. The 
primary advantage is that the Firth correction applies to all coefficients, thereby automatically 
resolving finite-sample issues such as infinite F" for sites with $!" = 0 or $!" = 1 for all !53 and 
separation due to low-frequency variants30 as part of estimation.29,58 A secondary advantage is 
computational feasibility,30 including the ability to use the established implementation from the 
logistf R package within the GWASTools Bioconductor package.59 FPML was therefore used to 
estimate the model in (4) with fixed site effects for the case-only GWAS, as described in further 
detail below. 
 
Genotyping and Imputation 

Illumina Global Screening Array genotyping and quality control (QC) procedures for 
these samples have been described in detail previously.13 Briefly, these procedures included 
filters on marker and sample call rate, marker and family Mendelian inconsistencies, sample 
ancestry-adjusted autosomal heterozygosity, sample sex discordance, and sample relatedness 
compared with pedigree expectations.  High-quality biallelic autosomal variants passing these 
QC steps with call rates of at least 90% among 1524 subjects passing QC were selected for 
imputation. Before imputation, monomorphic variants and indels were removed, and triple-
liftOver (version 1.33) was used to convert genome coordinates from GRCh37 to GRCh38 with 
a procedure that correctly handles variants in regions inverted between the two reference genome 
builds.60 Pre-imputation filtering of variants on Hardy-Weinberg Equilibrium (HWE) has been 
shown to have minimal effect on imputation quality61,62 and was therefore not performed, 
especially since  a deviation from HWE in a case-only sample can occur for variants associated  
with disease under a non-multiplicative model.63,64 The TOPMed Imputation Server (pipeline 
version 1.7.4) with the TOPMed reference panel (version r2) was used to perform additional 
quality control, pre-phasing, and imputation.65-67 Some variants were removed before or during 
the phasing step due to decomposed multi-allelic variants or not being included in the TOPMed 
reference panel used for phasing. Because genotypes for these variants were either fully removed 
from the imputed data set or fully imputed without using any of the original genotypes, any 
imputed genotypes were discarded, and the original genotypes were added back to the VCF post-
imputation. The resulting final merged set of 292,143,416 variants included 492,078 typed and 
imputed, 291,623,690 fully imputed, and 27,648 with array genotypes only. 
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Case-Only Genome-wide Association Study 
A case-only genome-wide association study (GWAS) was performed in 1163 probands 

with complete covariate data to assess whether a history of flu-like illness at the time of DCM 
diagnosis modified the effect of common/low-frequency variants on the odds of DCM.68,69 Fully 
imputed variants with imputation R2≥ 0.3, typed and imputed variants with empirical R2≥0.9 and 
imputation R2≥0.3, and variants with only array genotypes, all with sample minor allele 
frequency (MAF) ≥1% calculated from the estimated alternate allele dosage (DS), were selected. 
Variants were not further filtered based on deviations from HWE because these can occur for 
disease-associated variants within cases, as noted above.63,64 The final set of 13,400,141 variants 
was 54.6% common (MAF ≥5%) and 45.4% low-frequency (MAF within 1-5%) with an average 
imputation R2 of 0.96 among fully imputed variants and typed and imputed variants, and an 
average empirical R2 of 0.97 among typed and imputed variants.  

Firth logistic regression28-30 was fit for each variant with the indicator for a history of flu-
like illness at the time of DCM diagnosis as the response and estimated alternate allele dosage, 
sex, age at diagnosis (<45, 45-64, ≥65), tobacco use (ever, never), most deleterious rare variant 
harbored (LP/P, VUS only, none), 19 ancestry principal components (PCs), and enrollment site 
as fixed effects. Ancestry PCs were determined by projecting probands onto the 1000 Genomes 
PC space, as described previously.13 Because fewer than 20 PCs could have been sufficient to 
describe variation in this sample with only a subset of 1000 Genomes ancestries, non-redundant 
PCs were determined by sequentially linearly regressing M=" (starting with M=+ because M=% was 
always considered non-redundant) on all PCs up to " − 1 with an intercept. If ,+ ≥ 0.95, then 
the PC was considered redundant and eliminated from subsequent regressions, otherwise the PC 
was kept.  All models were fit using the logistf R package (version 1.26.0) within the 
GWASTools Bioconductor package (version 1.44.0).59 Penalized profile likelihood 95% 
confidence intervals and penalized likelihood ratio p-values for the COR were obtained for each 
marker.70 A lower genome-wide significance threshold of 3x10-8 more appropriate for lower-
frequency common variants and trans-ethnic analyses was used;31,32 this was more conservative 
than the standard genome-wide significance threshold of 5x10-8.31,32,71,72  

 
LocusZoom plots were made using locuszoomr R package (version 0.3.0) to show variants 
around the peaks with annotation based on Ensembl version 105. The recombination rate was 
included from “recomb1000GAvg” in Recombination Rate Tracks page of UCSC.  
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Figure S1. QQ plot of p-values from case-only genome-wide association study 
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Figure S2. Peak approaching genome-wide significance at 1p13.1  
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Figure S3. Peak approaching genome-wide significance at 21q21.2 
 

 
  



9 
 

Table S1. Consistency between genomic ancestry and self-reported race 

Genomic 
ancestry 

Self-reported race 

 
African 

American 
N (%) 

White 
N (%) 

More than one 
race 

N (%) 

Total 
N (%) 

Total 490 (100.0) 672 (100.0) 2 (100.0) 1164 (100.0) 

African 479 (97.8) 1 (0.1) 0 (0.0) 480 (41.2) 

European 10 (2.0) 647 (96.3) 1 (50.0) 658 (56.5) 

Native 
American 

1 (0.2) 24 (3.6) 1 (50.0) 26 (2.2) 
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Table S2. Patients’ genetic findings (P, LP, or VUS) by history of antecedent flu-like illness  
 

Gene 
With flu-like illness history 

N = 351 
Without flu-like illness history 

N = 813 
ABCC9 4 (1.1) 10 (1.2) 
ACTC1 0 (0) 1 (0.1) 
ACTN2 4 (1.1) 12 (1.5) 
ANKRD1 6 (1.7) 8 (1.0) 
BAG3 6 (1.7) 16 (2.0) 
CRYAB 0 (0) 0 (0) 
CSRP3 0 (0) 5 (0.6) 
DES 1 (0.3) 8 (1.0) 
DSG2 8 (2.3) 24 (3.0) 
DSP 24 (6.8) 58 (7.1) 
EYA4 3 (0.9) 8 (1.0) 
FLNC 34 (9.7) 53 (6.5) 
ILK 3 (0.9) 2 (0.2) 
JPH2 3 (0.9) 7 (0.9) 
LAMA4 9 (2.6) 29 (3.6) 
LDB3 9 (2.6) 25 (3.1) 
LMNA 10 (2.8) 27 (3.3) 
MYBPC3 18 (5.1) 39 (4.8) 
MYH6 19 (5.4) 42 (5.2) 
MYH7 16 (4.6) 36 (4.4) 
MYPN 10 (2.8) 15 (1.8) 
NEBL 7 (2.0) 15 (1.8) 
NEXN 2 (0.6) 12 (1.5) 
PDLIM3 3 (0.9) 5 (0.6) 
PKP2 11 (3.1) 18 (2.2) 
PLN 0 (0) 1 (0.1) 
RBM20 15 (4.3) 31 (3.8) 
SCN5A 13 (3.7) 38 (4.7) 
SGCD 3 (0.9) 2 (0.2) 
TCAP 1 (0.3) 11 (1.4) 
TNNC1 1 (0.3) 4 (0.5) 
TNNI3 3 (0.9) 5 (0.6) 
TNNT2 6 (1.7) 13 (1.6) 
TPM1 2 (0.6) 6 (0.7) 
TTN 62 (17.7) 115 (14.1) 
VCL 5 (1.4) 13 (1.6) 

NOTE: Each cell represents the number of individuals within each group (probands with and 
without history of flu-like illness) harboring at least one P/LP/VUS variant in a particular gene. 
The sum of column percentages may exceed 1 because an individual can harbor variants in more 
than one gene. 
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Table S3. Results from case-only genome-wide association study 

Top Hits (GRCh38) 
Variant 
identifiers 

Chromosome 
Band 

REF 
Allele 

ALT 
Allele 

Case-only odds 
ratio per alternate 

allele, 95% CI P value 
chr1:116873559:T:C rs60999026 1p13.1 T C 2.22 (1.63, 3.05) 3.21x10-7 
chr3:147008842:G:T rs2102158 3q24 G T 2.72 (1.92, 3.89) 2.74x10-8 
chr21:24777383:T:C rs2829363 21q21.2 T C 1.94 (1.51, 2.51) 3.37x10-7 
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Data sources / 
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7-11 

Bias #9 Describe any efforts to address potential sources of bias 7-11 

Study size #10 Explain how the study size was arrived at 6-7 
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variables 
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methods 
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methods 
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methods 

  

Results    

Participants #13a Report numbers of individuals at each stage of study—eg 
numbers potentially eligible, examined for eligibility, confirmed 
eligible, included in the study, completing follow-up, and 
analysed. Give information separately for for exposed and 
unexposed groups if applicable. 

12-14 

Participants #13b Give reasons for non-participation at each stage n/a 

Participants #13c Consider use of a flow diagram                                           34                                                 

  

Descriptive data #14a Give characteristics of study participants (eg demographic,  
clinical, social) and information on exposures and potential 
confounders. Give information separately for exposed and 
unexposed groups if applicable. 

12 

Descriptive data #14b Indicate number of participants with missing data for each 
variable of interest             

(Missing values, if any, are indicated in table footnotes) 

  

Descriptive data #14c Summarise follow-up time (eg, average and total amount) n/a 

  

Outcome data #15 Report numbers of outcome events or summary measures 
over time. Give information separately for exposed and 
unexposed groups if applicable.  

(See Tables 1 and 2, pages 29-31) 

  

Main results #16a Give unadjusted estimates and, if applicable, confounder-
adjusted estimates and their precision (eg, 95% confidence 
interval). Make clear which confounders were adjusted for and 
why they were included  
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(see pages 29-32, Tables 1-3) 

Main results #16b Report category boundaries when continuous variables were 
categorized 

29 

Main results #16c If relevant, consider translating estimates of relative risk into   
absolute risk for a meaningful time period                  n/a              

  

Other analyses #17 Report other analyses done—eg analyses of subgroups and 
interactions, and sensitivity analyses 

12-14 

Discussion    

Key results #18 Summarise key results with reference to study objectives 14 

Limitations #19 Discuss limitations of the study, taking into account sources of 
potential bias or imprecision. Discuss both direction and 
magnitude of any potential bias. 

18-19 

Interpretation #20 Give a cautious overall interpretation considering objectives, 
limitations, multiplicity of analyses, results from similar studies, 
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Other 
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