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Question

What can we learn about heart attack risk from
routinely-collected administrative and billing records?

Introduction
|

The risk of having a myocardial infarction (Ml) is dependent on
numerous variables unique to each patient. However, in a clinical setting
only a few are used to evaluate risk. Increasingly, new variables are
considered, creating the potential to incorporate a patient’s entire unique
medical history into prediction for diseases.

We aim to build modeling infrastructure to incorporate these data to
assist physicians in evaluation of patient risk. With these models we would
also be able to simulate and forecast health trajectories for patients so that
they can adapt their lifestyle in response.
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Methodology

We use the generalized linear regression framework:
MI;~Binom(m;, n)
g(m;) = Po + Prxy + Baxa + -+ Brxy + &

1T; : probability of Ml
[ : coefficient
n : number of trails

MI; : number of Ml diagnoses
g(x) :log-odds link function

X : predictor

E; ‘error term

We use autoregression time series models for risk progression:
9(me) =2z¢, 7y =71 +wy,
we~wn(o?)

w;: white noise

We use a Bayesian parameter estimation:
p(8IMI) = p(MI|6) * p(6)

p(0): prior distribution p(MI|6) : likelihood function
p(0|MI) :posterior distribution

Admission-Level Models

Predicting MI Occurrence

Goal: Predict Ml diagnosis for a patient admitted to an ICU
Framework: Generalized linear regression

Observational Unit: Hospital admission (n=50,806)
Response Variable: Diagnosis of Ml during admission

(1):9(m) = By + BuH; + B H i + Bl + L’y + BpDi + Bp D™ + Bo0; + B0 0" + BaA; + BcG; + BeE; + €
(2): g(m;) = Model 1 predictors + B} ,psLabs;
(3): g(m;) = Model 2 predictors + Bcpx CPK; + BrpyLDH; + BryopTrop;

MIl-Related Lab Tests

Creatine Phosphokinase,
Lactate Dehydrogenase,
and Troponin

Concurrent and Prior (‘) Diagnoses Demographics

Hypertension, Lipid metabolism
disorders, Diabetes, and Obesity

Age, Gender,
and Ethnicity

Model Predictors AUC Odds Ratio(s)
(1) Diagnoses, demographics 0.684

(2) (1) + indication of lab testing 0.730 OR(Labs) =18.2

OR(CPK) =2.2

(3) (2) + test flags 0.751 OR(LDH) =1.0

OR(Trop) = 2.6

Predicting In-Hospital Mortality for MI Patients

Goal: Conduct follow-up analysis to a study [1] examining the impact of lab
tests and ethnicity data on predicting in-hospital mortality for Mis
Framework: Generalized linear regression

Observational Unit: Hospital admission (n=5,148)

Response Variable: In-hospital mortality during admission

(1):g(m;) = By + BporgDRG; + BaA; + B6G; + &
(2): g(m;) = Model 1 predictors + Ss.,Sev;
(3): g(m;) = Model 2 predictors + B¢ E;

Lim et. al. [1] Present Study
MIMIC-1II

Conventional risk score | Risk of Mortality class Disease-Related Group mortality score

Data 20 hospitals across Hl

Lab severity score 25 lab tests 3 lab tests

Lim et. al. [1]

Present Study

(1) ROM class, age, gender 0.845 DRG score, age, gender 0.740

(1) + lab severity score
OR(Sev)=5.5

(1) + lab severity score

2) OR(Sev)=3.1 O-744

0.869

(3) (2) + ethnicity 0.872 (2) + ethnicity 0.742

[1] Lim, E., Cheng, Y., Reuschel, C., Mbowe, O., Ahn, H. J., Juarez, D. T., Chen, J. J. (2015). Risk-
Adjusted In-Hospital Mortality Models for Congestive Heart Failure and Acute Myocardial Infarction:
Value of Clinical Laboratory Data and Race/Ethnicity. Health Services Research, so(Suppl 1), 1351—
1371. http://doi.org/10.1111/1475-6773.12325
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Time Series Models

Modeling MI Risk Progression with Age

Goal: Predict Ml risk progression with age
Observational Unit: Population ICU admissions at each month of life
Response Variable: Diagnosis of Ml during admission

Trend in Ml diagnoses over age

Data:

* Aggregated patient data by
month of age

* Lose patient-level correlations

Framework: Generalized linear

regression and time series modeling
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How does Ml risk progress with age for different genders?

Age-Specific Ml Risk for Males and Females
1T — Males g(nt) — Zt )

= = 95% credible interval . s

Zt = Zg_q1 T W,
— Forek ISR we~wn(o?)
* Males are at a higher risk of Ml
for most of their lives
» After age 8o genders have a
similar risk
» w4 = s 1 w0 e * Risk progresses and varies at a
age (jears similar rate

Which concurrent diseases are predictors of an MI?

Coronary Atherosclerosis and other heart disease Disorders of stomach and duodenum
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9(me) = Prx1 + -+ Brxp + 74, Zt = Zt—1 T Wy, we~wn (o ?)

* Capturing diseases with similar progression over age rather than risk
factors because of aggregated data

* Need data to be longer-term and not randomly date-shifted to detect
patient-level effects and population-level effects over time

Conclusion

We were able to create data-driven risk models and model pipelines that
can be generalized and applied to subsequent projects, but were limited by
the scope and sparsity of the data. Future work will include fitting time
series models to longer-term, more consistent data sets; expanding to
multivariate time series models; and combining diagnosis-specific risk
models into a visual reference tool.




