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4. Rationale:

Atrial fibrillation (AF) is the most common sustained cardiac arrhythmia, with a lifetime risk of
1 in 3 among whites and 1 in 5 among African Americans. The prevalence of AF increases with
older age, from 0.1% among people younger than 55 years to 9% among people 80 years or
older.? AF is associated with an increased risk of adverse cardiovascular outcomes including
stroke,® myocardial infarction,* and mortality.> Additionally, AF is associated with significant
costs; an AF patient spends an additional $8,705 per year on medical costs compared to someone
without AF, and AF costs the US healthcare system $6 billion annually.® 7 The aforementioned
complications and financial burden associated with AF underscore the importance of accurate
AF risk assessment. A risk score for prediction of AF identifies high-risk individuals for
screening, clinical trial enrollment, and targeted preventive strategies. A risk score that remains
accurate in elderly populations is important, as AF risk increases dramatically with age and the
burden that AF places on the health care system will increase with the expected growth in the

number of individuals in older age categories.?

The need for the accurate prediction of AF has given rise to the development of several
population-based prediction equations.® Risk scores for AF have been developed in the
Framingham Heart Study (FHS),® ARIC,'° the Women’s Health Study,!! and the Cohorts for
Aging and Research in Genomic Epidemiology (CHARGE)-AF consortium.'> The CHARGE-
AF risk score derived a 5-year predictive model that used pooled data from 18,556 participants
from ARIC, FHS, and the Cardiovascular Health Study (CHS), and was validated in the Age,
Gene/Environment Susceptibility Reykjavik study (AGES) and the Rotterdam Study, and in a
separate study was again validated in MESA.™ Investigators developed a simple model, which
incorporated common clinically-measured variables, and an augmented model, which
incorporated additional electrocardiogram (ECG) measures and blood tests. The advanced-age
cohort CHS (mean age 73) was used in deriving the prediction models, however the model did
not perform as well in the elderly AGES cohort (mean age 76) as it did in the pooled derivation
sample; c-statistic of the simple model = 0.664 in AGES vs. 0.765 in the pooled derivation
cohort. This could be a reflection of differing populations, or perhaps the predictive ability of
variables changes depending on participants’ age. Furthermore, since the publication of the

CHARGE-AF risk score in 2013, additional variables have been associated with an increased



risk of incident AF and should be considered when re-evaluating an AF risk prediction equation.
Most notably, these variables include the biomarker N-terminal pro B-type natriuretic peptide
(NT-proBNP),** 15 several P-wave indices including abnormal P-wave axis,*® 1" and several

echocardiograph variables.8 1°

ARIC visit 5 gives us the opportunity to re-evaluate the CHARGE-AF risk score in an elderly
cohort (mean age at visit 5 = 76), and also to take advantage of the study visit ECG measures,
echocardiograms, and biomarker measures. At this time, ARIC has approximately 5 years of
follow-up data and nearly 500 incident AF events after visit 5, making a re-evaluation of the
CHARGE-AF risk score feasible in this elderly cohort.

5. Main Hypothesis/Study Questions:
The main objective of this proposal is to evaluate, recalibrate, and potentially modify the

CHARGE-AF risk score in an elderly, mostly bi-racial cohort.

6. Design and analysis (study design, inclusion/exclusion, outcome and other variables of
interest with specific reference to the time of their collection, summary of data analysis,
and any anticipated methodologic limitations or challenges if present).

Study design — prospective

Study population

e Inclusion criteria: ARIC participants at visit 5.

e Exclusion criteria: Prevalent AF at visit 5 (from visit 5 ECG or hospitalization codes /
ECG prior to visit 5), missing or indeterminate ECG measures at visit 5, race other than
white or black and non-whites in the Minneapolis and Washington County field centers,

those missing covariates.

Ascertainment of AF

The main outcome of interest will be the incidence of AF. AF will be ascertained from study

visit ECGs (prevalent only), death certificates, or hospitalization discharge diagnosis codes



(ICD-9-CM: 427.3, 427.31 or 427.32 or ICD10: 148 in any position) through the end of 2016, or
2017 when that data becomes available. The CHARGE-AF score includes atrial flutter as part of
the AF definition.

The following variables will be considered. Some clinical variables that were evaluated and not
included in the CHARGE-AF score will be re-evaluated in this study as their predictive value
may differ in the elderly.

* Variables included in the simple CHARGE-AF model

T Variables included in the augmented model

Clinical variables:

Age*

Sex

Race*

Height*

Weight*

Current cigarette smoking*

Systolic and diastolic blood pressure*
Use of antihypertensive medication*
Diabetes*

Fasting blood glucose

Estimated glomerular filtration rate (eGFR) <60 mL/kg/m2
Total cholesterol

HDL cholesterol

Triglycerides

Alcohol consumption

Use of lipid-lowering medications
Heart rate

History of coronary artery bypass graft (CABG)
History of heart failure*

History of myocardial infarction*
History of stroke

Biomarkers:

e NT-proBNP  (added in Sinner et al, 2014 paper, and used in MESA)*® 1
e C-reactive protein T (added in Sinner et al, 2014 paper and used in MESA)!3 1
e Troponin



ECG variables

e Left ventricular hypertrophy: gender-specific Cornell voltage criteria (SV3 + RaVL >
2.8mV for men, and >2.2mV for women) }

QRS duration

QT interval (Prolonged is assoc. w/ AF)

Abnormal P-wave axis (<0 or >75)

P-wave duration > 120 ms

PR interval (<120; 120-199; > 200) f

P-wave terminal force > 4000 uV.ms

Advanced interatrial block

Echo variables

LA diameter (consider continuous and cut-points: >4.0cm M and > 3.7cm W)

LA volume index (consider continuous and cut-points: >31mL/m2 M and > 30 mL/m2 W)
E to E prime lateral ratio (consider continuous and cut-points: >11.5 M and > 13.3 W)
E/A ratio

Left atrial global longitudinal strain (may need from Shah/Solomon)

Left atrial emptying fraction (WILL need from Shah/Solomon)

LV mass index (consider continuous and cut-points: >45 M and > 41.5 W)

Ejection fraction (<50%)

Statistical analysis

Performance of CHARGE-AF risk score and simple recalibration

First we will assess the prediction of AF using the simple CHARGE-AF risk score to determine
the model performance in an elderly cohort. We will evaluate model performance using the C-
statistic,?® and Nam and D’ Agostino’s modified Hosmer-Lemeshow chi-square statistic for
survival analysis (calibration).?! We will also re-calibrate the score according to the baseline risk
and age of the ARIC visit 5 population and see if that improves the model C-statistic and
calibration.

Derive a new predictive model

Next, we will create our own AF risk score in the elderly by deriving a 5-year predictive model.
A concern is that the CHARGE-AF risk score could be over-predicting actual AF risk because it
doesn’t take into account the competing risk of mortality which would bias the results in this
older population. Therefore, when we are developing a predictive model we will use methods
that allow adjustment for the competing risk of death, similar to those used for developing the
FHS 30-year CVD prediction model.??




Initially, we will run race-specific, competing-risk Cox proportional hazard models to assess
individual predictors of AF after adjustment for age and sex. Hazard ratios (95% CI) will be
reported for all of the variables listed above. We will select any variable significantly associated
with AF (p<0.05) for inclusion in a multivariable model. We will run a final Cox proportional
hazards model including these variables using a bootstrap resampling method for developing
predictive models.?® The final model will also be adjusted for the competing-risk of death.

We will test age, sex and race interactions for inclusion in the model.

Once we have our final model, we will develop a risk prediction equation by calculating the
model-based individual 5-year risk of AF. Rather than assigning points to each variable, we will
use the same methods as the CHARGE-AF paper and develop a continuous score using the beta
estimates and reference values from each variable in the final model. Then we will evaluate
model performance of this new model using the C-statistic,?® calibration chi-square, and
discrimination slopes.?*

Similar to the CHARGE-AF methods, we will first develop a simple clinical model, and then
develop a more complex model using blood test, ECG, and echo variables. We will calculate the
added predicted value of the complex model versus the simple model with the increment in C-
statistic and the categorical net reclassification improvement (NRI) using the following risk
categories: <2.5%, 2.5 to 5%, > 5%. %

Evaluate CHARGE-AF + additional variables

Third, we will try to improve upon the CHARGE-AF risk score by adding any significant
variables to the model. We realize it is simpler clinically to add to an accepted model than to
totally replace it. Therefore, variables that were significant in the final Cox model step above
will be added to the CHARGE-AF score (the base model), and we will evaluate the predictive
ability of these additional variables. We will compare the C-statistic, calibration, and the NRI of
the base model to the model with CHARGE + additional variables.

Determine the best 5-year AF risk equation

Finally, we will determine the best AF risk equation in an elderly cohort by comparing C-
statistics and calibration from our models. We will compare: 1) the original (or re-calibrated)
CHARGE score vs. 2) CHARGE + additional variables vs. 3) a new predictive model.

We may be lacking a comparative external cohort sample for validation of our prediction
equation results, at which point we will consider internal validation with bootstrapping.?®
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