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Abstract- Predicting the future risks of stroke for patients is 
in high demands. In this paper, we proposed a model predictive of 
risks of stroke in future 1 year's period for patients across all age, 
all payor, and all disease groups in Maine, using demographics 
and clinical histories extracted from Electronic Medical Record 
(EMR) and clinical notes provided by Health Information 
Exchange (HIE). A retrospective cohort of 180,196 patients and a 
prospective cohort of 347,504 patients were constructed for model 
development and validation, respectively. A logistic regression 
model based on multivariate analysis was built for risk prediction. 

The model had a c-statistic of 0.887 in prospective testing, 
resulting in a sensitivity of 0.410 at a positive predictive value 
(PPV) of 0.262. Integration of this early-warning system into 
online patient monitoring platforms enables better management 
of population with chronic conditions. 
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I. INTRODUCTION 

Stroke, accounting for 6.7 million deaths in 2012, was the 
second most frequent cause of death in the world. Prevalence 
of stroke in U.S. adults was around 2.6% (6.6 million) in 2012 
[ I ]. Assessing patient risks of future stroke using big data 
analytics [2] can help the health care provider manage patient 
health status, and drive proper interventions to improve the life 
quality of patients. 

Several risk models of stroke have been proposed in 
previous studies [3-7]. However, most of them focused on the 
patients in specific groups, such as patients within specific age 
range [3], or located in specific areas and countries [4, 5]. A 
model estimating stroke risks for patients with full 
demographic is still needed. 

In this paper, a risk model predictive of stroke in future I 
year targeting at patients in Maine was proposed and validated 
prospectively. The model was derived based on Electronic 
Medical Records (EMR) and clinical notes provided by Health 
Information Exchange (HIE). To our knowledge, it is the first 
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model of predicting the risk of stroke on patients across all age, 
all payor, and all disease groups. 

II. METHODS 

A retrospective cohort of 180,196 patients from 
HealthInfoNet (HIN) operated by HIE was assembled with the 
associated demographics and clinical histories between January 
1 S\ 2012 and December 31 S\ 2012, to derive a model predicting 
the risks of having stroke between January 1st, 2013 and 
December 31St, 2013. To validate, a prospective cohort of 
347,504 patients with demographics and clinical histories 
between January 1 S\ 2013 and December 31 st, 2013 was 
constructed, to predict the risks of stroke between January I S\ 
2014 and December 31 st, 2014. 

Initially, around 30,000 demographic and clinical features 
were extracted from EMR and notes. Natural language 
processing (NLP) techniques were applied to collect clinical 
histories from notes. A random forest algorithm [8] was 
applied to the retrospective cohort to gauge the risk of stroke 
for each patient. Features were ranked ranking according to the 
MSE increase due to the random permutation of each feature. 
Top 100 features were selected. 64 features that didn't 
correlated to stroke were then removed by manual review. 
Finally, 26 features having significant p-values «0.05) by 
multivariate analysis were selected for model development. 
These features included 19 diagnoses, 2 prescription 
medications, counts of emergency department visits, costs and 
chronic diseases, and 5 NLP features. Results of multivariate 
analysis of these features in discriminating patients with stroke 
from those without stroke in future I year were shown in Table 
I. 

Prior to the modelling process, the retrospective cohort was 
randomized into training, calibration, and blind-testing sub
cohorts, with the ratio of patients with stroke to those without 
stroke maintained at the same level in each sub-cohort. A 



logistic regression model was built with the trammg sub
cohort. The output of the model was a risk score (ranging 
between 0 and I) describing the probability of having stroke in 
future 1 year. Continuous scores were converted into a binary 
classification (threshold = 0.3) with the calibration sub-cohort. 
The threshold was chosen so that both positive predictive value 
(PPV) and sensitivity reached at acceptable levels. The model 
was then validated with the blind-testing sub-cohort, and tested 
on the prospective cohort. 

III. MODEL PERFORMANCES 

The c-statistics for the retrospective and prospective 
predictions were 0.892 and 0.887, respectively. At a PPV of 
0.262, the model correctly identified 4l.0% (3,028 of 7,387) of 
prospective patients who had stroke in future 1 year (Table II). 
Such prospective performance highlights the effectiveness of 
our model in identifying an impressive percentage of 
population having stroke over a large, independent cohort. 

We also tested performance of the Framingham study 
model with our prospective cohort [9, 10]. A c-statistics of 
0.836 was achieved. The receiver operating characteristic 
(ROC) curves (Fig. 1) illustrate that our model had a c-statistics 
comparable to the Framingham model. Furthermore, our model 
was applied to patients across all age, all payor, and all disease 
groups, while the Framingham model was applied to patients 
with age 54+. Prospective results indicated that our model 
derived for patients with full demographics using statewide 
EMR and clinical notes had accuracy comparable to other 
commercial models derived for special patient groups. 

IV. CONCLUSION 

A risk model predictive of stroke in future 1 year was 
developed based on EMR and clinical notes, for patients across 
all payers, all diagnoses, and all age groups in Maine. Its 
effectiveness was supported by the c-statistics, PPV, and 
sensitivity in prospective testing. Implementation of this model 
onto a real-time monitoring platform of statewide population 
can provide healthcare providers with early warnings of health 
status of population, which benefits timely administration of 
population with chronic conditions. 
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TABLE I. MUL TlV ARIA TE ANALYSIS OF VARIABLES PREDICTIVE OF 
STROKE OCCURRENCE FOR PATIENTS IN THE TRAINING SUB-COHORT 

Features 

Age 

Sex 

Systolic Blood Pressure 

BMI 

Heart Rate 

Smoke 

Stroke History 

Cardiovascular Disease 

Atrial Fibrillation 

Disorders of Lipid 
Metabolism 

Diabetes Mellitus 
Without Complication 
Diabetes Mellitus With 

Complication 
Diabetes Type 2 Without 

Complication 

Congestive Heart Failure 

Cardiac Dysrhythmias 

Administrative! Social 
Admission 

Skin and Subcutaneous 
Tissue Infections 

Hypertension NOS 

Coronary Athero NOS 

Nervous System 
Disorders 

Mental Health and 
Substance Abuse 

Use of Anticoag 

Use of Guanfacine HCL 

Use of Warfarin Sodium 

Number of Chronic 
Disease 

Count of Past I Year 
Emergency Visit 

a. Reference factor for the multivariate analysis 

Level 
Odds Ratio 

(95% CI) 

0-50 Ref" 
50-60 4.15 (3.92,4.40) 

60-70 8.47 (8.01, 8.95) 

70-80 12.3 (11.6, 13.1) 

80+ 17.7 (16.5,18.9) 

M vs F 0.85 (0.81, 0.88) 

Normal Ref 

Pre-
1.01 (0.97, 1.05) 

Hypertension 

Hypertension 1.31 (1.10, 1.55) 

Underweight Ref 

Normal 1. 72 (1.51, 1.96) 

Overweight 1.94 (1.71, 2.21) 

Obese 1.87 (1.65, 2.13) 

Low Ref 

Normal 6.74 (4.53, 10.03) 

High 6.87 (4.53, 10.44) 

I vs 0 1.41 (1.34, 1.48) 

I vs 0 19.8 (18.3, 21.3) 

I vs 0 1.65 (1.56, 1.74) 

I vs 0 1.43 (1.28, 1.6) 

I vs 0 1.08 (1.04, 1.12) 

I vs 0 1.1 (1.04, 1.17) 

I vs 0 1.28 (1.19, 1.36) 

I vs 0 1.02 (1.01, 1.03) 

I vs 0 0.62 (0.55, 0.71) 

I vs 0 1.02 (1.01, 1.03) 

I vs 0 1.06 (1.01, 1.11) 

I vs 0 0.83 (0.80, 0.86) 

I vs 0 0.97 (0.96, 0.98) 

I vs 0 1.09 (1.06, 1.12) 

I vs 0 1.34 (1.27,1.41) 

I vs 0 1.56 (1.35, 1.80) 

I vs 0 1.02 (1.01, 1.03) 

I vs 0 1.00 (1.001,1.007) 

I vs 0 1.00 (1.000, 1.002) 

I vs 0 1.12 (1.11, 1.13) 

I vs 0 1.07 (1.06, 1.09) 
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Fig. I. ROC curve comparison of our model and Framingham model in 
patients classification in the prospective cohort 

TABLE II. PROSPECTIVE RESULTS OF OUR MODEL 

No_ of patients No_ of patients 

with stroke without stroke 

No. of patients 
PPV: 

classified as 3,028 8,519 
0.262 

stroke 

No. of patients 
NPV: 

classified as 4,359 331,598 
0.987 

non-stroke 

Sensitivity: 0.410 Specificity: 0.975 


