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Abstract

Objectives—Detection of atrial fibrillation (AF) in post cryptogenic stroke (CS) or transient 

ischemic attack (TIA) patients carries important therapeutic implications.

Methods—To risk stratify CS/TIA patients for later development of AF, we conducted a 

retrospective cohort study using data from 1995–2015 in Stanford Translational Research 

Integrated Database Environment (STRIDE).

Results—Of the 9,589 adult patients (age ≥ 40) with CS/TIA included, 482 (5%) patients 

developed AF post CS/TIA. Of these patients, 28.4%, 26.3%, and 45.3% were diagnosed with AF 

1–12 months, 1–3 years, and >3 years post index CS/TIA, respectively. Age (≥ 75), obesity, 

congestive heart failure, hypertension, coronary artery disease, peripheral vascular disease, and 

valve disease are significant risk factors with respective odds ratios (95% CI) 1.73 (1.39–2.16), 

1.53 (1.05–2.18), 3.34 (2.61–4.28), 2.01 (1.53–2.68), 1.72 (1.35–2.19), 1.37 (1.02–1.84), 2.05 

(1.55–2.69). A risk scoring system, the HAVOC score, was constructed using these 7 clinical 

variables that successfully stratifies patients into 3 risk groups, with good model discrimination 

(AUC=0.77).

Conclusions—Findings from this study support the strategy of looking longer and harder for AF 

in post CS/TIA patients. The HAVOC score identifies different levels of AF risk and may to used 

to select patients for extended rhythm monitoring.
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Cryptogenic stroke (CS) is defined as stroke of unknown etiology. Survivors of a 

cryptogenic stroke (CS) or transient ischemic attack (TIA) have an increased risk of another 

CS/TIA which is a major source of increased mortality and morbidity [1,2]. Atrial 

fibrillation (AF) has been shown to be an independent risk factor for CS/TIA [3]. 

Approximately 10% of patients with acute ischemic stroke or TIA will have new AF 

detected during their hospital admission, while an additional 11% may be found to have new 

AF if tested within 30 days of discharge by continuous electrocardiographic monitoring [4]. 

Diagnosis of AF in CS/TIA patients carries significant therapeutic implications in that 

current practice favors antiplatelet agents alone for CS/TIA patients without known risk for 

cardioembolism, while oral anticoagulants have been shown by a large body of clinical 

evidence to be superior in stroke prevention in those with proven AF [5]. Despite the 

recommendation by the American Heart Association/American Stroke Association joint 

statement in 2014 of prolonged rhythm monitoring (30 days) for AF detection within 6 

months of index CS/TIA [4], the optimum monitoring duration and method of AF detection 

after CS/TIA are unknown. The EMBRACE study [6] and the CRYSTAL AF study [7] 

underscore the importance of prolonged monitoring for the detection of AF and 

reclassification of ischemic stroke subtype. However, it is impossible to apply extended 

cardiac monitoring to all stroke patients in clinical practice. Therefore, there is an unmet 

need to risk stratify patients for both clinical and cost-benefit purposes. With the advent of 

large practice-based electronic health records (EHR), we set out to assess the clinical risk 

factors that are associated with diagnosis of AF following CS/TIA to identify patients for 

whom prolonged rhythm monitoring and high clinical vigilance must be maintained. In this 

retrospective cohort study, we hypothesized that common clinical risk factors at time of 

index of CS/TIA can predict incident AF rate.

Methods

We used data from the Stanford Translational Research Integrated Database Environment 

(STRIDE) which contains clinical information of over 2 million pediatric and adult patients 

cared for at Stanford Health Care and Stanford Children’s Health from 1995 to 2015, 

including 20 million patient encounters with transcriptions of all inpatient and outpatient 

clinical notes, pathology and radiology reports, medication lists, lab results, and vitals data. 

This data source was accessed under approved Institutional Review Board protocols.

Through a previously validated and implemented text-processing pipeline to analyze clinical 

data [8–10], we used Unitex [11] as an annotator and over 10 clinical ontologies to extract 

positive present mentions of disease concepts from all clinical notes. We excluded 

uninformative phrases based on the term frequency analysis [12] and kept only terms with 

more than 4 characters to avoid ambiguity. We also flagged negative mentions (e.g. “ruled 

out stroke”) and determined if a term was from patients’ history or family history sections of 
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a note [13]. The product of this pipeline is a list of present, positive mentions of biomedical 

concepts in each patient note.

We identified all patients who had their first ICD-9 documentation of CS/TIA at age 40 or 

older in either inpatient and outpatient encounters. The inclusion criteria using ICD-9 

diagnosis codes are stroke (434 and 436) and TIA (435.9). These ICD-9 codes were selected 

because have been previously shown to have high specificity and sensitivity for ischemic 

stroke when confirmed with chart review[14].

From the CS/TIA patients identified using these codes, some were removed from the cohort 

based on both ICD-9 and clinical text evidence that meets specific exclusion criteria to 

increase specificity for patients without these conditions. Patients who had ICD-9 diagnosis 

of carotid artery occlusion or stenosis (433.1), intracranial hemorrhage (431), and atrial 

septal defects (745.5) were excluded as these are identifiable etiologies of stroke. Patients 

with rheumatic heart disease (433.1) or prosthetic valve(s) (V43.3) were excluded as AF in 

these contexts belong to a separate entity, valvular AF, separate from AF of the general 

population. Those with hyperthyroid disease (242.9) were also excluded as this is a known 

reversible cause of AF. Patients who had clinical text evidence of rheumatic heart disease, 

prosthetic valve(s), and/or patent foramen ovale were also excluded.

The outcome of interest in this study is diagnosis of AF after CS/TIA. All patients who had 

history of AF were identified by ICD-9 code (427.31 and 427.32). Those positive for AF 

were defined as patients over 40 years old with CS/TIA whose first ICD-9 documentation of 

AF was at least 30 days after first episode of CS/TIA. We used a 30-day cutoff to exclude 

patients who may have had delayed documentation of AF related to their hospitalization for 

initial stroke. Those negative for AF were defined as patients with CS/TIA with no ICD-9 

documentation of AF during the extent of their follow-up as documented in their records.

Basic demographic information such as age at time of CS/TIA and sex were obtained from 

the structured fields of their records. Risk factors were extracted based on ICD-9 

documentation at any time point of patients’ records to enable us to better capture those 

patients’ chronic conditions. Risk factors assessed were hypertension (HTN), diabetes (DM), 

obesity defined by BMI>30, systolic and/or diastolic heart failure (CHF), coronary artery 

disease (CAD), peripheral vascular disease (PVD), chronic kidney disease (CKD) stage III, 

IV, V, aortic valve disease, mitral valve disease, tricuspid valve disease, and pulmonary valve 

disease. Such clinical factors are well known to be risk factors for AF [15,16]. A 

comprehensive list of conditions covered by each respective ICD-9 used is detailed in the 

supplemental table.

We randomly split the total cohort into 2 groups: the first for model derivation (80%) and the 

second for model validation (20%). Candidate predictor variables include age, sex and all 

the risk factors described above. Univariable logistic regression was first applied to identify 

the association between each of the predictor variables and diagnosis of AF in the derivation 

cohort. A multivariable logistic regression model with stepwise variable selection was then 

trained on the derivation cohort to identify predictors of AF and to estimate their relative 

predictive power. A simplified risk stratification system was developed based on the beta 
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coefficients of the multivariable logistic regression model as validated by previously 

published methods [17]. Points assigned to each significant risk factor were obtained by 

dividing each by the lowest coefficient and rounding to the nearest integer [18]. We then 

calculated a patient’s risk score by summing up all points that correspond to the risk factors 

present in the given patient’s record.

We assessed model discrimination by using the c-statistic, or area under the curve (AUC) of 

the Receiver Operating Characteristic (ROC) Curve, which defines how well a model or 

prediction rule can discriminate between patients who are and are not positive for an event. 

We then used the Cochran-Armitage trending statistic to assess the ability of the risk score 

system to differentiate low-risk from high-risk patients. The scoring system was applied to 

and evaluated in the derivation cohort to assess its applicability. The performance of 

HAVOC and CHA2DS2-Vasc was compared at a score of 4, which was the cutoff value 

between the low and medium risk strata for both scoring systems. McNemar’s Chi- squared 

tests were used to compare the sensitivity, specificity, and accuracy. Positive predictive 

values (PPV) and negative predictive values (NPV) were compared using a test score 

developed by Leisenring et al. [19] All analyses were performed using open source 

statistical program R Version 3.2.2 [20].

Results

9,589 patients met the inclusion and exclusion criteria, 482 (5%) of whom had a new 

diagnosis of AF >30 days post diagnosis of CS/TIA (Figure 1). Of these patients, 28.4% 

received a new diagnosis of AF 1 to 12 months post index CS/TIA, 26.3% between 1 to 3 

years post index CS/TIA, and 45.3% after 3 years post index neurological event (Figure 2). 

7,671 (80%) patients were set aside for the derivation cohort and 1,918 (20%) patients for 

the validation cohort.

Within the derivation cohort, comparing between the AF positive and AF negative patients, 

univariable logistic regression revealed that the following risk factors were significantly 

associated with development of AF (p<0.05): Age≥75, HTN, DM, Obesity, CHF, CAD, 

PVD, CKD, Mitral Valve Disease, Tricuspid Valve Disease, Pulmonary Valve Disease, and 

Aortic Valve Disease. A combined risk factor “Valve Disease” (aortic, mitral, tricuspid, 

and/or pulmonary valve disease) was also found to be significant (Table 1). Mean age 

(standard deviation) in the AF positive and AF negative groups were 68.14 (13.41) and 

67.50 (13.47), respectively. Numeric age values were converted to binary values using an 

age cutoff of 75 years old, as distribution above and below cutoff is statistically different in 

AF positive and AF negative patients using a chi-squared test (p= 3.96E-17). Thus, the final 

input variables into logistic regression models were all binary.

A multivariable logistic regression model with stepwise feature selection was applied to data 

from the derivation cohort. Given that the combined variable “valve disease” was significant 

in our univariable logistic regression model, it was entered in the multivariable analysis 

instead of the 4 individual conditions. Age ≥75, CHF, HTN, CAD, PVD, obesity, and valve 

disease were found to be statistically significant in the multivariable logistic regression 

model (Table 2). The predictive model developed using these risk factors had good 
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discrimination in the derivation cohort (c-statistic 0.77) with very similar results when 

applied to the validation cohort (c-statistic 0.77, p=0.79 using DeLong’s test).

The HAVOC score (abbreviate for hypertension, age, valvular heart disease, peripheral 

vascular disease, obesity, congestive heart failure, and coronary artery disease) was 

developed by assigning respective points for each risk predictor based on the corresponding 

regression coefficients (Table 2). The regression coefficients were transformed by dividing 

each coefficient by the smallest coefficient in the model and then rounding to the nearest 

integer to obtain a respective point value. After points were summed, possible total scores 

ranged from 0 to 14.

The scores were then categorized into 3 risk levels, low risk (scores 0–4), medium risk (5–

9), and high risk (10–14) [17]. Of the derivation cohort, 78.8% patients were in the low risk 

group, 16.4% in the medium risk group, and 4.8% in the high-risk group with a similar trend 

in the validation cohort. AF rate in the derivation and validation cohorts increased 

significantly with risk score strata (p<.0001 by Cochran-Armitage trending test for both 

derivation and validation cohorts). In the derivation cohort, those with score of 0-4 had 2.5% 

risk of developing AF >30 days post stroke. In contrast, those with score of 10-14 had 

24.9% risk. A similar trend was observed in the validation cohort (Figure 3).

Given the overlapping nature between HAVOC and CHA2DS2-VASc [21], we applied 

CHA2DS2- VASc scores to our cohort of patients as well. The range of CHA2DS2-VASc 

scores in our cohort of patients was from 2 to 9. Similar to HAVOC, the CHA2DS2-VASc 

scores were further divided into 3 risk categories: low risk (scores 2–4), medium risk (5–6), 

and high risk (7–9). Results from Cochran Armitage Test show that the rate of AF positive 

patients also increase with CHA2DS2-VASc score strata (p-value <0.001). Comparing 

HAVOC and CHA2DS2-VASc using the cutoff values between low and medium risk strata 

(4 points in both scoring system), HAVOC has higher specificity and accuracy (both p values 

< 0.001) (Table 3).

Discussion

Diagnosing AF after CS/TIA is a clinically significant event since eligible patients will start 

oral anticoagulants in lieu of antiplatelet agents that are standard of care in this patient 

group. Guideline recommendations have evolved from at least 24 hours of ECG monitoring 

[22] to 30 days of rhythm monitoring [4]. Prolonged monitoring post index neurological 

event has been shown to improve AF diagnosis rate [6,7]. However, cost-effective analysis is 

currently lacking to support the wide-spread use of these expensive devices, particularly 

implanted cardiac monitors, in the post stroke population. Scoring systems have been 

developed to predict post-stroke atrial fibrillation [15,23–27]; yet these studies are 

inconclusive due to small sample size, short monitoring period, difficulty in data acquisition, 

or poor applicability to the CS/TIA population. Our study was conducted to address this 

pressing need to properly triage resources in stroke patients without manifest AF beyond the 

initial 30-day window.
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Through a large EHR database, a cohort of 9,589 CS/TIA patients was identified, 5% of 

whom was diagnosed with AF during a median of 2.6 years follow-up, a percentage that is 

comparable to some [28] but lower than others [29]. Previous studies have estimated that AF 

can be detected in about 10% of patients with stroke by cardiac monitoring. However, 

cohorts in these studies had different proportions of patients with different types of stroke 

and different means of detection methods. Using the proposed classification [29], post stroke 

cardiac monitoring was stratified into 4 consecutive phases: phase 1 (emergency room); 

phase 2 (in hospital); phase 3 (1st ambulatory period) and phase 4 (second ambulatory 

period). Our study’s focus was on phase 4 when uncertainty about the need for further 

rhythm monitoring in post-stroke patient is the greatest. Significant independent risk factors 

associated with diagnosis of AF at least 30 days after CS/TIA were age ≥75, obesity, history 

of CHF, HTN, CAD, PVD, and non-rheumatic, non-prosthetic valve disease. These factors 

closely resemble those identified by the Framingham Heart study in which age, sex, body-

mass index, treatment for hypertension, PR interval, clinically significant cardiac murmur, 

and heart failure were strongly associated with AF in an epidemiological, non-stroke cohort 

[30]. A risk scoring system, the HAVOC score, was developed using multivariable 

regression coefficients and patients could be further assigned to 1 of 3 strata with varying 

risk of AF. The HAVOC score, with good discrimination and calibration, independently 

identified 4 components of the CHA2DS2-VASc system (CHF, HTN, age, vascular disease) 

as risk factors for AF when there is preceding stroke. These predisposing conditions 

represent clusters of common cardiovascular risk factors and play major role in various 

atherosclerotic/thrombotic processes. While the CHA2DS2-VASc system has been reported 

to be associated with cardiovascular events in general population or non-AF patient 

population [31,32], it has not been validated in predicting AF in the post-stroke population. 

Two unique features included in the HAVOC score (and not part of the CHA2DS2- VASc 

score) are obesity and non-rheumatic, non-prosthetic valvular disease. Obesity, as defined 

here with BMI over 30, is a well recognized contributor to the genesis and maintenance of 

AF [33]. Similarly, almost any valvular lesion with significant stenosis or regurgitation is 

associated with AF. Inclusion of obesity and valvular heart disease into an AF prediction 

tool makes biological sense and is well supported by clinical as well as epidemiological 

data.

The HAVOC score can successfully stratify CS/TIA patients into low, medium, and high risk 

for having AF. It is particularly powerful at identifying low risk patients in whom expensive, 

prolonged rhythm monitoring post CS/TIA may not be necessary and cost-effective. In this 

regard, the HAVOC score outperforms CHA2DS2-VASc score in both test specificity and 

overall accuracy. The HAVOC score therefore provides a means to triage valuable resources 

to those who will benefit the most.

Our study demonstrates the need for prolonged rhythm monitoring as evidenced by Figure 2, 

which shows that a large proportion of patients were diagnosed with AF after 1 year post 

index CS/TIA (26.3% in 1 to 3 years and 45.3% over 3 years). It is important to note that 

with prolonged rhythm monitoring, delayed (1 to 3 years post) or very late (over 3 years) AF 

may simply reflect the increased propensity to develop AF with advancing age rather than a 

true causative relationship between AF diagnosed years later and the initial index event. The 

very late group (>3 years), which represented nearly half (at 45.3%) of all AF diagnoses, 
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was particularly alarming because this is even beyond the standard monitoring window of 

currently available implantable devices and underscores the importance of maintaining high 

clinical vigilance for AF surveillance in this group of patients.

Our study also demonstrates the value of EHR in clinical risk stratification applications. 

Compared to studies using primary data sources such as survey data, our study was 

conducted on a relatively large sample, with long patient follow-up time. The primary 

limitation of the study is the fact that the analysis is retrospective and dependent on the 

reliability of ICD-9 coding for determining diagnosis of CS/TIA and AF; however, our 

methods of data mining have been validated and implemented in other studies [10,34]. Risk 

factors explored are based on widely accepted risk factors for AF and/or cardiovascular 

disease. Echocardiographic parameters were not included in the modeling as it has been 

shown that they did not improve risk reclassification [30] yet may introduce unnecessary 

complexity to hinder easy applicability. Future studies could further take advantage of the 

wealth of information in EHR to learn more potential risk factors. Characteristics such as 

laboratory values, although they could have identified additional significant risk factors, 

were not evaluated given relatively incomplete documentation in our database in its current 

state. Additional efforts to ensure data quality would make those types of data more useful 

as well. Lastly, our new scoring system requires independent validation from cohorts similar 

to that of CRYSTAL AF and other prospective studies.
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Figure 1. 
Flow chart of cohort selection using both ICD-9 codes and processed clinical notes. AF was 

defined by having ICD-9 diagnosis of 427.31 and 427.32 at least 30 days after CS/TIA.
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Figure 2. 
Distribution of when CS/TIA patients receiving diagnosis of AF by months. 28.4% of the 

patients received a new diagnosis of AF between 1–12 months post CS/ITA, 26.3% of 

patients at 1–3 years, and 45.3% at >3 years.
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Figure 3. 
Three risk strata based on HAVOC score. In the derivation cohort, AF rate in the low, 

medium, and high risk strata was 2.5%, 11.8%, and 24.9% respectively. In the validation 

cohort, AF rate in the low, medium, and high risk strata was 2.6%, 11.1%, and 20.3% 

respectively. There is a significant increase in risk between each stratum (p<.0001) by 

Cochran-Armitage trending test for both derivation and validation cohorts.
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Table 1

Patient characteristics (derivation cohort only)

Characteristics AF Positive (n = 390) AF Negative (n = 7,281) p-value

Age≥75 320 (82.05%) 4031 (55.38%) 2.30E-22*

Male 206 (52.82%) 3,703 (50.87%)   0.45

Hypertension 320 (82.05%) 4,031 (55.38%) 2.3E-22*

Diabetes 128 (32.82%) 1,531 (21.03%) 5.4E-08*

Obesity (BMI>30) 41 (10.51%) 391 (5.37%) 2.6E-05*

Congestive Heart Failure 170 (43.59%) 743 (10.21%) 6.0E-69*

Coronary Artery Disease 190 (48.72%) 1,391 (19.11%) 1.2E-39*

Peripheral Vascular Disease 72 (18.46%) 585 (8.04%) 4.3E-12*

Chronic Kidney Disease (III, IV, V) 23 (5.90%) 159 (2.18%) 6.9E-06*

Valve Disease 94 (24.10%) 481 (6.61%) 4.9E-32*

 Aortic Valve Disease 49 (12.56%) 232 (3.19%) 9.7E-19 *

 Mitral Valve Disease 55 (14.10%) 269 (3.70%) 4.0E-20 *

 Tricuspid Valve Disease 11 (2.82%) 48 (0.66%) 1.3E-05 *

 Pulmonary Valve Disease 4 (1.03%) 17 (0.23%) 7.7E-03 *

AF = atrial fibrillation; BMI = body mass index.

*
P value <0.05 was considered significant
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Table 2

Significant (p<0.05) risk factors from multivariable analysis in the derivation cohort

Predictor Coefficient OR (95% CI) p-value Score

Hypertension 0.70 2.01 (1.53–2.68) 1.10E-06 2

Age ≥75 0.55 1.73 (1.39–2.16) 8.32E-07 2

Valve Disease 0.72 2.05 (1.55–2.69) 3.25E-07 2

Vascular Disease (Peripheral) 0.32 1.37 (1.02–1.84) 3.49E-02 1

Obesity 0.42 1.53 (1.05–2.18) 2.24E-02 1

Congestive Heart Failure 1.21 3.34 (2.61–4.28) 1.70E-21 4

Coronary Artery Disease 0.54 1.72 (1.35–2.19) 1.08E-05 2

OR = odds ratio.
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Table 3

Comparing low risk categories (≤ 4 points) of HAVOC vs. CHA2DS2-Vasc Scores

HAVOC CHA2DS2-Vasc

Sensitivity 0.55 0.77*

Specificity 0.82 0.55*

PPV 0.14 0.096

NPV 0.97 0.98

Accuracy 0.80 0.56*

PPV = Positive Predictive Value, NPV = Negative Predictive Value

*
p value < 0.001
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