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Abstract

A variety of lifestyle factors and comorbidities are associated with cardiovascular disease,

specifically heart attacks, which according to the CDC is the leading cause of death in

America. Lifestyle factors such as smoking, alcohol use, and BMI, and comorbidities

such as depression and stroke have been found to be associated with heart attack as well.

This study aims to assess the strength of the associations between these and additional

lifestyle factors, and these and additional comorbidities with the occurrence of heart

attacks. We also investigate the relationship between these variables and BMI, to identify

which variables, if any, are associated with both BMI and heart attack, and which are

associated with BMI but not heart attack.

Survey data from the 2022 CDC Behavioral Risk Factor Surveillance System, focusing

on U.S. adults[7][8] was used to assess these associations. Logistic regression models were

used to investigate the association between variables of interest and the binary outcome

of heart attack, and generalized ordinal logistic regression models were used to investigate

the association between variables of interest and the ordered categorization of bmi into

normal weight, overweight, and obese. Several lifestyle factors and comorbidities were

identified as being associated with both heart attack and bmi category, including smoking,

alcohol use, physical activity, kidney disease, arthritis, and chronic obstructive pulmonary

disease. However, asthma, hours of sleep, and region were found to be associated with bmi

category but not heart attack, and further investigation into these variables is warranted.

Limitations of this study include constraints in analysis due to limited computational

power, imputation methods, and imbalance in the heart attack outcome.

Introduction

Heart disease remains one of the main causes of death globally, with heart attacks con-

tributing to mortality and morbidity rates significantly in the United States[1]. Under-

standing the risk factors associated with heart attacks is crucial for developing effective

prevention strategies. Lifestyle factors such as smoking, alcohol consumption, and obesity

have been widely implicated as modifiable risk factors for heart disease[2]. Additionally,
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comorbidities like depressive disorders, kidney disease, and asthma are also known to

influence cardiovascular health[3][5][6]. Previous studies have explored the association

between lifestyle factors, comorbidities, and heart attacks. However, many of these stud-

ies face limitations such as small sample sizes, lack of diversity in the study population,

and potential confounding factors that may bias the results[2]. Moreover, few studies have

directly compared the relative influence of lifestyle factors versus comorbidities on the

occurrence of heart attacks within a large, representative sample of the U.S. population.

This study primarily aims to investigate the association between various lifestyle fac-

tors and non-communicable comorbidities with the occurrence of heart attacks among

adults in the United States. Utilizing data from the 2022 CDC Behavioral Risk Factor

Surveillance System (BRFSS)[7][8], which includes a large and diverse random sample of

U.S. residents, this study will attempt to address previous limitations and provide a more

comprehensive understanding of these associations and their strengths respectively. Ad-

ditionally, this study investigates the categorical outcome of body mass index (BMI) and

its associations with lifestyle factors and non-communicable comorbidities, independent

of heart attack. Prior research indicates that sociodemographic factors and habits like

smoking and alcohol consumption are closely linked to BMI and body composition, often

differing between population subgroups based on age, sex, and lifestyle behaviors[4]. This

analysis allows the identification of variables that are common predictors for both BMI

and heart attack risk, as well as those uniquely associated with either outcome.

Research and Analysis Methods

Data Preprocessing:

The raw dataset contained 445,132 observations and 40 covariates, of which 15 covariates

were excluded from the dataset in further analysis, as they did not align with the type

of variables being assessed, that is, they were not lifestyle factors or non-communicable

comorbidities. The remaining variables in the dataset, of which there were 25, were state,

sex, generalhealth, physicalactivities, hadheartattack, hadangina, hadstroke, hadasthma,

hadskincancer, hadcopd (chronic obstructive pulmonary disease), haddepressivedisor-

der, hadkidneydisease, hadarthritis, haddiabetes, smokerstatus, ecigaretteusage, raceeth-

nicitycategory, agecategory, alcoholdrinkers, physicalhealthdays, mentalhealthdays, bmi,

heightinmeters, weightinkilograms, and sleephours.

To categorize information contained in the state variable, a new variable called re-

gion was generated, using region definitions provided by the CDC[9]. 2238 observations

were also identified where values for weightinkilograms and heightinmeters were provided,

but not bmi. For these cases, the values for bmi were calculated as weightinkilograms
heighinmeters2

and

were filled into the corresponding observations, after which the columns weightinkilo-

grams and heighinmeters were dropped. In addition, bmi was categorized in the variable
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bmi category with the following thresholds from the CDC[10]: bmi < 18.5 (underweight),

18.5 ≤ bmi < 25.0 (normal weight), 25.0 ≤ bmi < 30.0 (overweight), 30.0 ≤ bmi < 40.0

(obese), 40.0 ≤ bmi (morbidly obese). All of retained variables were converted to ap-

propriate types, and stored as factors with appropriate level order. Relevant non-binary

categorical variables and their labels in the pre-processed dataset can be seen in [Table

1]. The primary variable of interest in this study is hadheartattack, and the secondary

variable of interest is bmi category.

Outliers:

Those with a bmi less than 18.5 represented ≈ 1.74% of the dataset, while those with a

bmi over 40 represented ≈ 5.67% of the dataset. These thresholds were also visualized as

reasonable for excluding outliers. Therefore observations for those with bmi less than 18.5

and above 40 were excluded, such that the remaining bmi category values were normal

weight, overweight, and obese, as the categories of underweight and morbidly obese were

effectively dropped. Those with sleephours less than 3 represented≈ 0.61% of the dataset,

while those with sleephours over 12 represented ≈ 0.35% of the dataset. These thresholds

were also visualized as reasonable for excluding outliers. Therefore observations for those

with sleephours less than 3 and above 12 were excluded.

Missingness and Imputation:

The pre-processed dataset with added features and dropped outliers as discussed above

was then filtered to keep observations with no missing values, and this dataset was used

for fitting models as part of complete case analysis. The dimensions of the complete cases

was 305,042, representing 68.35% of the original dataset of size 445,132. The dataset with

added features and filtered outliers, but with missing values retained, was then assessed

for missingness by each variable. The variables sex and state (and by extension region)

did not have any missing values. The remaining variables all displayed missingness,

but only the variables smokerstatus, ecigaretteusage, bmi, and alcoholdrinkers displayed

missingness of above 5%, at 7.97%, 8.01%, 10.46%, and 10.46% respectively.

The missingness mechanism was determined as not being MCAR heuristically, as all of

smokerstatus, ecigaretteusage, bmi, and alcoholdrinkers indicated a significant relation-

ship between their corresponding missingness indicators and one or more other variables

in the dataset. The frequency of missingness patterns of the four variables was visualized

and the following patterns were the most common in order: only bmi missing (5.33%),

all four variables missing (4.54%), all missing except bmi (2.76%), and alcoholdrinkers

missing. The distributions of heightinmeters and weightinkilograms appeared similar by

missingness of bmi, however, for those that do not report bmi but report at least one of

heightinmeters or weightinkilograms, ≈ 80% report heightinmeters but not weightinkilo-
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grams, likely indicating that bmi is MNAR.

The distribution of the missingness of smokerstatus by ecigaretteusage indicates that

≈ 92% of those who did not report their smoking status did not report their e-cigarette

use, compared to 0.74% for those who reported their smoking status. This indicates

the possibility that smoking status is MNAR, as those with a high frequency of smoking

might have been less likely to report smokingstatus, and these were likely mostly the same

individuals who did not report ecigaretteusage due to high frequency use of e-cigarettes

as well. Similar patterns were observed for the missingness of alcoholdrinkers for those

where smokerstatus was and was not missing, at ≈ 92% and 3% respectively.

The distribution of the missingness of ecigaretteusage by smokingstatus indicates

that ≈ 91% of those who did not report their e-cigarete use did not report their smoking

frequency, compared to 0.68% for those who reported their e-cigarette use. This indicates

the possibility that ecigaretteusage is MNAR, as those with a high frequency of e-cigarette

use might have been less likely to report smokingstatus, and these were likely mostly the

same individuals who did not report smokingstatus due to high frequency of smoking

as well. Similar patterns were observed for the missingness of alcoholdrinkers for those

where ecigaretteusage was and was not missing, at ≈ 96% and 3% respectively.

The distribution of the missingness of alcoholdrinkers by smokingstatus indicates that

≈ 70% of those who did not report their smoking frequency did not report their alcohol

use, compared to 0.68% for those who reported their alcohol use. This indicates the

possibility that alcoholdrinkers is MNAR, as those with a high frequency of alcohol use

might have been less likely to report alcoholdrinkers, and these were likely mostly the

same individuals who did not report smokingstatus due to high frequency of smoking

as well. Similar patterns were observed for the missingness of ecigaretteusage for those

where alcoholdrinkers was and was not missing, at ≈ 71% and 0.34% respectively.

In order to account for the missingness and the effects of the missingness on con-

clusions, multiple imputation was conducted using the package mice in R. The dataset

without the added categorical variables of region and bmi category and without outliers

of bmi and sleephours removed, was used to impute values for the variables with missing-

ness above 5%, namely bmi, smokingstatus, ecigaretteusage, and alcoholdrinkers. The

method used to impute values for all four variables, and only the four variables, was

predictive mean matching, and 5 imputed datasets were generated using this approach.

The regions and bmi category variables were then added to each of the imputed datasets,

with bmi values beyond the thresholds for outlyingess having bmi category values as

NA. In addition, the observations with sleephours beyond the thresholds for outlying-

ness were dropped from each imputed dataset. These processed imputed datasets were

then combined into a single object for ease of pooling fitted models in further analysis.

The imputed datasets had missingess of all variables less than 5%, and the dimensions

of the complete cases in the 5 imputed datasets are 357,775, 357,809, 357,731, 357,761,
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and 357,756 in order, indicating that approximately 52,000 observations usable in model

fitting were added via multiple imputation.

Analysis Methods:

The primary question investigated in this study is the association of lifestyle factors and

non-communicable diseases with the outcome of heart attack, represented by the binary

hadheartattack variable in the dataset. The form of model used to assess this association

was logistic regression. The steps involved in deciding upon a model, for the complete

case dataset, using which to make conclusions about associations were as follows: Fit a

basic model using variables of interest, while excluding those identified as being likely

confounders (agecategory, raceethnicitycategory, sex). Conduct covariate selection using

LASSO regression and validate results for a lack of multicollinearity using VIF. Check

for confounding by including likely confounders (agecategory, raceethnicitycategory, sex)

one by one, and conduct LRT and compare AIC to check for suggested inclusion. Assess

effect modification through inclusion of interaction terms of interest one by one and use

the significance of the coefficients of the interaction terms and AIC to check for suggested

presence of interaction effects. Check model performance of the final selected model using

an ROC curve. The steps involved in deciding upon a logistic regression model, for the

multiple imputed datasets, using which to make conclusions about associations were as

follows: Retain the variables selected in complete case analysis after LASSO regression

to fit a base model. Fit a model with the addition of suspected confounders (agecategory,

raceethnicitycategory, sex) to the base covariates, checking the significance of coefficients

of the added terms and comparing the AIC to the base model to assess confounding.

Assess effect modification through the inclusion of interaction terms of interest one by

one and use the significance of the coefficients of the interaction terms and AIC to check

for suggested presence of interaction effects.

The secondary question investigated in this study is the differential association of

lifestyle factors and non-communicable diseases with the outcome of bmi, represented

by the ordinal categorical variable bmi category, with levels normal weight, overweight,

and obese, independent of heart attack, in the dataset. The form of model used to as-

sess this association was generalized ordinal logistic regression, and this was chosen over

multinomial due to natural ordering in bmi category, and over ordinal to provide greater

flexibility in modeling and to prevent the assumption of proportional odds, which might

be violated in this dataset. The steps involved in deciding upon a model, for the complete

case dataset, using which to make conclusions about associations were as follows: Fit a

basic model using all variables of interest, while excluding those identified as being likely

confounders (agecategory, raceethnicitycategory, sex). Check for confounding by includ-

ing likely confounders (agecategory, raceethnicitycategory, sex) all together, and conduct
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LRT and compare AIC to the model without these variables to check for suggested in-

clusion. Check which variables, if any, are not significant in predicting bmi category, fit

a model excluding those not statistically significant, and compare LRT and AIC values

to the model fitted with their inclusion. Identify which variables, if any, are differen-

tially associated with bmi category and heart attack. These assessments and analyses

were not repeated on the imputed datasets, and assessment of effect modification was

not conducted, due to constraints in available computational resources.

Findings and Analysis:

Primary Investigation:

The primary investigation in this study was to determine associations between lifestyle

factors and non-communicable comorbidities, and the outcome of heart attack. The

confounders identified amongst variables of interest were age, race, and sex. A logistic re-

gression model was fit for the binary outcome hadheartattack, using variables of interest

excluding suspected confounders. Performing LASSO regression using the model above

resulted in importance of covariates determined as in [Figure 4]. Based on these results,

the following variables were excluded from further analysis: physicalhealthdays, mental-

healthdays, region, and sleephours. In addition to having low importance as per LASSO,

the survey variables physicalhealthdays and mentalhealthdays were collected with non-

specific questions that are highly subjective in responses as well, further supporting their

exclusion in subsequent modeling [7].

The suspected confounders of age, race, and sex were individually added to the model

with the covariates selected for after LASSO above, and the logistic regression models

fitted indicated that all the terms had levels with statistically significant coefficients

at the 0.05 level. Furthermore, the addition of the terms indicated in LRT support

for their inclusion, and the AIC reduction was ≈ 4%, from 89474.6 to 85917.8. To

assess effect modification, interaction terms for sex with race, sex with age, sex with bmi

category, sex with smoker status, sex with diabetes, sex with general health, and sex

with e-cigarette use were then each added to and assessed in comparison to the model

with confounders. The inclusion of interaction terms indicated either no statistically

significant results overall, or statistical significance for some but not all categories of the

corresponding interaction terms. Furthermore, although a few terms slightly reduced

AIC, based on the added complexity and the lack of significance in any or in some levels

of multi-level interaction terms, no interaction terms were retained for the final selected

model. No polynomial terms were assessed, as no continuous variables were included in

the model selection process after filtering via LASSO regression.

Therefore, for the complete case dataset, the AIC of the final selected model was

85917.8, and this model had the equation as below:
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logit(Pr (hadheartattacki = 1)) = β0 + β1...4 · Igeneralhealthcategoryi + β5 · physicalactivitiesi
+ β6 ·hadanginai+β7 ·hadstrokei+β8 ·hadasthmai+β9 ·hadskincanceri+β10 ·hadcopdi

+ β11 · haddepressivedisorderi + β12 · hadkidneydiseasei + β13 · hadarthritisi
+ β14...16 · Ihaddiabetescategoryi + β17...19 · Ismokerstatuscategoryi + β20...22 · Iecigaretteusagecategoryi
+ β23 · alcoholdrinkersi + β24...35 · Iagecategoryi + β36 · sexi + β37...40 · Iraceethnicitycategoryi
+ β41 · Ibmi categoryi=overweight+β42 ·Ibmi categoryi=obese

The reference groups and the corresponding order of variable categories for each indicator

group of β can be found in [Table 2.]

The only non-significant variable was asthma, but its removal resulted in a higher

AIC, and it was selected for via LASSO, so this variable was retained in the final selected

model. The final model chosen to explain associations was validated using AUC. The AUC

for the complete case dataset was 0.886, although the class imbalance in our dataset for

the hadheartattack variable may impact the confidence in these results.

For the 5 imputed datasets, an initial model was fitted using the same covariates

selected in the complete case analysis after LASSO regression. The suspected confounders

age, sex and race were then added all together to the model, and compared to the model

without these covariates added. The coefficients of the confounder variables were all

statistically significant at the 0.05 level, based on the model pooled on the imputed

datasets. Comparison of the AIC values of the model with and without the confounders

revealed that the AIC reduced by ≈ 6.75% on average for all the 5 imputed datasets,

from 113,637.5 to 105,966.8 upon inclusion of the suspected confounders. To assess effect

modification, as in complete case analysis, interaction terms for sex with race, sex with

age, sex with bmi category, sex with smoker status, sex with diabetes, sex with general

health, and sex with e-cigarette use were then each added to and assessed in comparison

to the model with confounders, and the results were similar to that in the complete

case analysis. Therefore, interaction terms were not included in the final model, and no

polynomial terms were assessed, as no continuous variables were included in the model

selection process after filtering via LASSO regression.

Therefore, for the imputed datasets, the AIC of the final selected model was 105,966.8,

and this model had the same equation as the model above for the complete case analysis.

The summary of the fitted model, with the 95% CI of the exponentiated coefficients for

each covariate after pooling on the imputed datasets can be seen in [Figure 2]. The

final model chosen to explain associations was validated using AUC. The mean AUC

for the imputed datasets was 0.885, nearly identical to that for complete case analysis,

although the class imbalance in our dataset for the hadheartattack variable may impact

the confidence in this result.

Based on complete case analysis and the imputed datasets, the lifestyle factors asso-

ciated with heart attack are physical activities, smoker status, ecigarette use, and alcohol
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consumption, while the non-communicable comorbidities associated with heart attack are

angina, stroke, skin cancer that is not melanoma, chronic obstructive pulmonary disease,

depressive disorders, arthritis, and diabetes but not pre-diabetes or diabetes only during

pregnancy. The variable asthma was not significant in both datasets. For complete case

analysis and imputed dataset analysis, the odds of heart attack occurring for those in

outlined levels compared to the reference or unexposed groups for each variable of inter-

est, on average, according to these sample data, and holding all other covariates fixed,

can be seen in [Figure 2].

In both complete case analysis and the imputed datasets, the associations found were

similar. For associations with lifestyle factors: Engaging in physicalactivities shows a

slight reduction in the odds of heart attack, with an odds ratio (OR) of approximately

0.92. The ORs for both smoker status and e-cigarette use are above 1, and the patterns

of ORs in smoker status suggest an increase in the odds of heart attack in going from

former smoking status, to those who currently smoke only some days, to those who are

smoking everyday, when for e-cigarette use the odds of heart attack were not consistent

with such an increasing pattern. Interestingly, the odds of heart attack for those who

drink alcohol compared to those who do not drink alcohol is approximately 0.79, and this

finding can likely be attributed to the imbalance in the outcome of heart attack as well

as the non-specificity of the frequency of drinking captured by the binary alcoholdrinker

variable. For associations with comorbidities: The largest OR was associated with the

presence of angina, and the odds of heart attack for those that had an angina was around

12.34 times the odds of heart attack for those without. Additionally, the OR of heart

attack for those who had stroke to those who had not had stroke was approximately 2.56.

The odds of heart attack increased slightly for those with chronic obstructive pulmonary

disease, depressive disorders, kidney disease, arthritis, and diabetes, while non-melanoma

skin cancer was associated with a slightly lowered odds of heart attack.

Secondary Investigation:

The secondary investigation in this study was to determine differential associations be-

tween lifestyle factors and non-communicable comorbidities, and the outcome of bmi category

(normal weight, overweight, obese), independently of heart attack. The potential con-

founders identified as in the primary investigation were age, race, and sex. A gener-

alized ordinal logistic regression model was fit for the ordered categorical outcome of

bmi category, using variables of interest excluding suspected confounders. In compar-

ison to the initial model for heart attack in primary analysis, after LASSO regression

and prior to the assessment of confounding, this model includes region and sleephours.

All of the suspected confounders were then added to this model and compared to the

model excluding these covariates. The generalized ordinal logistic regression model fitted
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indicated that all the terms corresponding to suspected confounders had statistically sig-

nificant coefficients at the 0.05 level. The addition of the terms indicated in LRT support

for their inclusion, and the AIC reduction was ≈ 2.43%, from 640,443.1 to 624,877.3.

Therefore, for the complete case dataset, the AIC of the final selected model was

624,877.3, and this model had the equation as below:

log
(

P (Yi≥k)
P (Yi<k)

)
= βk,0 + βk,1...k,4 · Igeneralhealthcategoryi + βk,5 · physicalactivitiesi + βk,6 ·

hadanginai + βk,7 · hadstrokei + βk,8 · hadasthmai ++βk,9 · hadskincanceri + βk,10 ·
hadcopdi + βk,11 · haddepressivedisorderi + βk,12 · hadkidneydiseasei + βk,13 ·
hadarthritisi + βk,14...k,16 · Ihaddiabetescategoryi + βk,17...k,19 · Ismokerstatuscategoryi + βk,20...k,22 ·
Iecigaretteusagecategoryi + βk,23 · alcoholdrinkersi + βk,24...k,35 · Iagecategoryi + βk,36 · sexi +
βk,37...k,40 · Iraceethnicitycategoryi + βk,41...k,44 · Iregioncategoryi + βk,45 · sleephoursi,

where Yi represents bmi category, with k = 1 corresponding to the normal weight

category (reference), k = 2 corresponding to the overweight category, k = 3

corresponding to the obese category. The reference groups and the corresponding order

of variable categories for each indicator group of β can be found in [Table 2.]

As the secondary analysis aimed to assess the differential associations between lifestyle

factors and non-communicable comorbidities between the outcomes of heart attack and

bmi category, the results of fitting the model above were used to assess the presence or

lack of association of covariates with bmi category and not to interpret the associations

or their strength. The lifestyle factors associated with bmi category are physical activity,

smoking status, e-cigarette use, and alcohol drinking, and sleephours, while the non-

communicable comorbidities associated with bmi category are angina, stroke, asthma,

skin cancer that is not melanoma, chronic obstructive pulmonary disease, depressive dis-

order, kidney disease, arthritis, and diabetes. The primary investigation on both the

completed and imputed datasets found that asthma was not significantly associated with

heart attack, while the secondary analysis indicated that asthma was significantly asso-

ciated with bmi category at the 0.05 level. In addition, LASSO regression in the primary

analysis indicated that sleephours and region were not associated with the outcome of

heart attack, while analysis for association with bmi category indicated that these vari-

ables were statistically significant. Therefore asthma, sleephours, and region were found

to be associated with bmi category, but not with heart attack, in this analysis.

Discussion:

Limitations:

The original dataset created by the CDC included over 300 variables, of which 40 were

selected as being relevant to heart disease by the authors from which the dataset used in
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this study was sourced. However, it is possible that variables exist in the original CDC

dataset that were not selected in the dataset used by us, that better explain the outcomes

of heart attack and bmi. Further studies could investigate the variables in the original

CDC dataset to select such potential variables.

The thresholds for the values of bmi were derived from those prescribed by the CDC,

but potentially conducting literature review to formulate more meaningful bmi categories

as relevant to heart attack may change the results of the assessments of the associations

investigated here. Furthermore, the determination of thresholds for outlyingness and the

methods of dealing with identified outliers were quite simplistic in this study, and further

exploring outliers and patterns of associations with outliers may not only change con-

clusions but may also reveal interesting patterns not previously identified, which may be

important in understanding the mechanisms of the associations between lifestyle factors

and heart attack. This dataset also indicated imbalance in the outcome of hadheartat-

tack, which was not addressed in this analysis, and could potentially influence the results

outlined in this report.

The aspect of this study that has the greatest avenue for improvement is the assess-

ment of missingness and the procedure of imputation. Assessment of missingness was

only conducted on variables of interest, and more specifically on those that presented

missingness of at least 5% in the dataset. Furthermore, only the method of predictive

mean matching was used for multiple imputation, for the 4 variables that were deter-

mined to require multiple imputation prior to further analysis. This limit was decided

upon in combination due to access to limited computational resources as well as the com-

plexity of carrying out such methods. In addition to investigating potential missingness

mechanisms for all variables with missingness over a threshold lower than 5%, it would

also likely be beneficial to conduct multiple imputation for a greater number of variables

with missingness using a variety of applicable methods of imputation in future attempts

to generate datasets, using which to investigate the association between lifestyle factors

and non-communicable comorbidities, and heart attack and bmi.

Additional limitations in this analysis were related to the availability of computa-

tional resources. Associations between bmi and lifestyle factors and non-communicable

comorbidities were only assessed on complete cases, but not on the imputed datasets.

Although associations of the same variables with heart attack were investigated on com-

plete cases and imputed datasets, and resulted in similar conclusions for both, there is

no measure of certainty for if this would have been the case for associations with bmi,

which had relatively high missingness and was imputed for. The large size of the dataset,

and the high number of covariates and levels in the non-binary categorical covariates,

combined with the complexity of generalized ordinal logistic regression models, impacted

the ability to conduct the secondary analysis on the imputed datasets, due to limita-

tions in available computational resources. This limitation also impacted the ability to

10



assess effect modification in the complete cases dataset. It is likely that upon further

investigation into the associations for bmi using the imputed datasets, and effect modi-

fication in both complete case and imputed datasets, the variables determined as being

differentially associated with bmi and heart attack are different. Due to the nature of

the generalized ordinal logistic model as well, commonly used packages used to conduct

covariate selection, such as stepwise selection and LASSO regression were not feasible,

and further analysis in this regard as well might result in different findings.

Conclusions:

In investigation of the association between lifestyle factors and non-communicable co-

morbidities and the outcome heart attack, the following were found: The lifestyle factors

associated with heart attack are physical activities, smoker status, ecigarette use, and

alcohol consumption. The non-communicable comorbidities associated with heart attack

are angina, stroke, skin cancer that is not melanoma, chronic obstructive pulmonary dis-

ease, depressive disorders, arthritis, and diabetes but not pre-diabetes or diabetes only

during pregnancy. The variables sex, age category, race and ethnicity were found to con-

found the relationship between the covariates of interest listed above and heart attack,

while no effect modification by sex was identified. Additionally, the final logistic regres-

sion model chosen to identify these associations was validated using AUC and this metric

displayed a value of approximately 0.89, though imbalance in the heart attack variable

may impact the confidence in these results.

In investigation of the association between lifestyle factors and non-communicable

comorbidities and the outcome bmi category, the following were found: The lifestyle fac-

tors associated with bmi category are physical activities, smoker status, ecigarette use,

alcohol consumption, and sleephours. The non-communicable comorbidities associated

with bmi category are angina, stroke, skin cancer that is not melanoma, chronic obstruc-

tive pulmonary disease, depressive disorders, arthritis, and diabetes. The variables sex,

age category, race and ethnicity were found to confound the relationship between the

covariates of interest listed above and bmi category as well. The comorbidity of asthma,

the lifestyle factor of hours of sleep, and the demographic variable of region, were found

to be associated with bmi category, but not with heart attack, in this analysis. Further

investigations into these variables is warranted, as well as further analysis addressing lim-

itations of the analysis identified in the study, as this could potentially uncover patterns

of association relevant to the prognosis of heart attack.
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Tables and Figures:
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Figure 1: Primary Question LASSO Results for Complete Cases

Figure 2: ORs for Complete and Imputed Data Analysis
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