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Abstract - Each year, more than 795,000 individuals in 

the United States have a cerebrovascular accident, also 

known as a stroke. Early intervention is known to 

decrease mortality and improve functional outcomes for 

survivors, but it typically depends on cross sectional data 

collected in healthcare settings. Because nearly 75% of 

adults in the United States now own a smartphone, there 

is a pool of longitudinal data continuously and passively 

collected for many patients. Steps taken, text messages 

sent, and locations visited are available for millions of 

Americans. Tools for retrospective collection of this 

smartphone data from stroke patients and healthy 

controls will allow combination with electronic medical 

records to create a unique training dataset. Machine 

learning analysis of this dataset could identify 

ubiquitously available virtual biometrics that serve as 

rough proxies of traditional cerebrovascular risk factors. 

This study demonstrates feasibility of technology to collect 

this potential stroke-prediction data.  
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I.  INTRODUCTION 

Stroke is the fifth leading cause of death in the 

United States and the second leading cause of death 

worldwide. In the US alone, nearly 200,000 strokes per 

year are fatal. Nearly one quarter of strokes occur in 

individuals who have previously suffered a stroke [1]. 

Stroke is also a major cause of disabilities in adults and 

the number of strokes in the US is projected to increase 

with an aging population.  

A stroke or cerebrovascular accident (CVA) is 

defined as “an abrupt onset of neurologic deficit that is 

attributable to a focal vascular cause” [7]. This means 

that some aspect of brain function, such as movement, 

sensation, or speech is suddenly altered due to a problem 

with the blood vessels in a specific area of the brain. 

Several factors can increase or decrease an 

individual’s risk for having a stroke. Non-modifiable 

risk factors include age, sex, and ethnicity. Modifiable 

risk factors include diet, blood pressure, exercise, 

alcohol intake, and tobacco intake.  An individual can 

attempt to reduce their risk with assistance from a 

physician through careful monitoring and medical 

management. 

The ability to predict a stroke before it happens 

would be likely to improve patient outcomes because it 

would allow them to access earlier care. Studies have 

demonstrated that patients who arrive at the emergency 

room within 3 hours of their first symptoms often have 

less disability 3 months after a stroke than those who 

received delayed care. If patients could receive a 

warning from a smartphone app that they are at risk of 

stroke in the near future they might be able to seek 

medical attention immediately. 

This study proposes a method for capturing 

smartphone data from patients who have recently had a 

stroke in order to build a dataset that will be used in 

ongoing stroke research. The data collected includes 

GPS data, text message content, and mainstream health 

application data and will be used to determine if patterns 

in smartphone usage can be used to predict a stroke. If a 

successful connection can be made, the dataset can be 

used in a future application that advises users who are at 

risk of having a future stroke to visit their doctor for 

evaluation.  

II. PROJECT REQUIREMENTS

The authors are exploring the possibility of using the 

smartphone data of stroke patients to build a training 

dataset that will be used to create a model for stroke 

prediction. 

The authors will build the tools necessary to create 

the dataset by offering three applications to aid in the 

collection of patient smartphone data. If stroke patients 

agree to allow researchers to access their smartphone 

records, the application will catalogue text message 

content, GPS location data, and mainstream health app 

information from the 12 months preceding the stroke. 
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The project will be limited to patients who use iPhones 

or iOS devices. 

The applications must have a graphical user 

interface that can be easily understood by research 

personnel with various levels of computing knowledge. 

The applications must gather patient data from up to one 

year before the stroke and output the data as a CSV file. 

This sort of stroke prediction measure is 

unprecedented in the medical field. This application will 

allow the collection of a promising new dataset that will 

provide medical researchers the opportunity to take the 

first steps into the unknown waters of predicting stroke 

using smartphone data. If the data proves useful for 

building a predictive model, the application can be 

expanded upon by to include more platforms.  

The ultimate goal is to produce a smartphone app 

that can warn a patient of an impending stroke. The 

authors will be providing the tools to begin the research 

into developing this potentially revolutionary app. 

III. LITERATURE REVIEW

A stroke is diagnosed by a clinical exam, when a 

physician identifies the neurologic deficit, and identifies 

or confirms through brain imaging the area of damaged 

brain tissue. There are two types of strokes. An ischemic 

stroke occurs when blood flow to the brain is obstructed. 

A hemorrhagic stroke occurs when there is bleeding in 

an area of the brain. An ischemic stroke can convert to 

a hemorrhagic stroke [7]. 

Damage is caused due to ischemia or infarction. 

Ischemia is when blood flow stops for more than a few 

seconds and the cells in that area run out of glucose and 

stop working normally. Infarction occurs when the lack 

of blood flow goes on for too long and the cells are 

damaged permanently [7]. 

The symptoms of a transient ischemic attack or TIA 

are similar or identical to those of a stroke but are 

temporary. A TIA occurs when there is ischemia (blood 

flow is stopped) in an area of the brain but is quickly 

restored. The early restoration of blood flow prevents 

infarction which is permanent damage. As in stroke the 

symptoms of a TIA vary. Events can occur in any part 

of the brain such that movement, sensation, speech, or 

other functions may fail, but in a TIA the symptoms last 

less than 24 hours and there is no damage detected on 

brain imaging. [7] 

Stroke prediction has been difficult to do in patients 

who have not had a stroke before. As stated by Khosla 

et al. “most previous prediction models have adopted 

features (risk factors) that are verified by clinical trials 

or selected manually by medical experts” [3]. For 

example, The National Stroke Association publishes a 

risk assessment criteria called ABCD2 that uses data 

collected from patients following a stroke or TIA to 

predict repeat events.  ABCD2 is optimized to predict 

stroke risk 2 days after a TIA but can also predict risk 

up to 90 days after a TIA. The assessment factors 

include age, blood pressure, unilateral weakness, speech 

impairment, duration of the TIA event, and if the patient 

has diabetes. Each category is assigned a score value. 

The patient can score a maximum of 7 points. If a patient 

scores 0-3 their chance of stroke in the next two days is 

1.0% and hospital observation may be unnecessary. A 

score of 4-5 represents a 4.1% two day stroke risk and 

hospital observation is justified. A score of 6-7 

represents an 8.1% two day stroke risk and hospital 

observation is indicated [5]. 

The ABCD2 is only validated in predicting strokes 

in patients who have already had a TIA. Most forms of 

predictive analysis for stroke focus on post-stroke care. 

In a study published by the University of Tennessee at 

Chattanooga researchers attempted to use deep learning 

to predict the post-stroke level of care required by the 

patient with the goal of optimizing the quality of patient 

care by defining a treatment path as early as possible [2]. 

Some examples of the 16 care categories are home or 

self-care, inpatient at hospital, or nursing facility. The 

researchers used demographic data, clinical 

characteristics, insurance type, source of admission, and 

discharge disposition status to train their learning 

machine. They concluded that with some refinements to 

their deep learning methodology they would be able to 

increase the speed and efficiency of determining a 

treatment plan for stroke patients. 

Another example of machine learning research that 

focuses on post-stroke care is a study done by Yonsei 

University College of Medicine in Seoul, South Korea. 

The researchers focused on creating a machine learning 

method to detect motor weakness of stroke patients. 

When a patient is suspected to have a stroke a 

neurologist will perform a focused neurological exam 

including testing for motor symmetry and strength. 

Observing for pronator drift is a portion of this exam, 

which can indicate central nervous system damage. The 

researchers created a classifier that could diagnose a 

stroke by quantifying measurement of pronator drift. [6] 

By quantifying pronator drift, the machine learning 

system was able to aid physicians in making faster 

diagnosis which resulted in patients receiving the 

appropriate care sooner. 
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Researchers have done a lot of work using 

predictive models to aid post-stroke care. This study 

seeks to expand the literature for pre-stroke prediction 

models. 

IV. METHODOLOGY

The first step in building a stroke prediction 

application is creating a training dataset. The authors 

have partnered with the researchers at a large urban 

hospital and comprehensive stroke center who have 

access to nearly five hundred stroke patients per year. 

Many patients have iPhones which record their text 

communications, GPS coordinates, and select health 

and fitness information. We have created three 

applications to aid researchers in collecting this 

information in order to build the initial training dataset. 

With prospective study design, data collection on an 

iPhone would be done using an app running on the 

phone. The app could query the user’s location and 

health app data in real time and transmit it to a remote 

server to be recorded for later analysis. The app would 

not be able to access the user’s text messages, due to the 

sandboxing of apps running on iOS. Sandboxing limits 

the privileges of an app to its intended functionality so 

that it cannot access sensitive data or compromise 

critical operating system files. It is a security feature that 

would prevent an app from leaving its own sandbox and 

accessing data stored in the sandbox of another app. 

Some user data is accessible by an app once the user has 

given it access permission. In the current version of iOS, 

there is no way for a third party app running on the 

phone to access the iMessages or Frequent Locations 

sandbox. Because the text content of messages and GPS 

history are an important source of potential stroke 

prediction data, an iOS app would be an incomplete tool 

for gathering retrospective data to support a cost and 

time-effective initial pilot study with case control 

approach.  

This difficulty collecting sent text messages was 

overcome by creating an application that does not run 

on the phone, but runs on a desktop machine and 

interfaces with the phone through a USB connection. 

We chose to build an Ubuntu virtual machine to 

accomplish this task for several reasons. First, the 

virtual machine can be fully configured by the 

development team and easily transferred to the research 

team. The research team can run the same virtual 

machine concurrently on multiple Windows machines. 

Additionally, should the virtual machine fail or become 

corrupt, the research team can easily restore from a 

backup and begin working again with relative ease. The 

second reason for using a Linux virtual machine is that 

it allows access to several pieces of already available 

open source software that can aid in the collection 

process. Ubuntu can easily be configured to run 

libimobiledevice, an open source protocol library for 

accessing iOS devices. In particular, libimobiledevice 

contains idevicebackup2, idevicepair, and idevice_id all 

used by our first application iMessage Reader.  

The first application developed by the authors, 

iMessage Reader, pairs with the patient’s iPhone, 

searches the iMessages database, collects all texts sent 

from the date of the stroke to a year prior, and organizes 

them into a CSV file. This data will be used to perform 

an analysis on the patient’s message frequency, 

messaging patterns, word count per message, character 

count per message, spelling errors per message, and 

various other metrics. 

Fig 1 - iMessage conversation stored on an iPhone 
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Fig 2 - Sample output CSV containing only sent messages 

after processing with iMessage Reader 

The collection of GPS data and health app data is 

also not straightforward because the application is not 

running on the phone in real time. Due to security 

restrictions in iOS, gathering data stored on the phone 

retroactively is difficult compared to gathering data in 

real-time which is fully supported. iOS is designed so 

that an app running in real time, with the appropriate 

permissions, can collect most types of data about the 

user. Due to the nature of this research, not knowing 

who will have a stroke until they have had one, pre-

installing a data collection app running in real time 

would require a very large prospective cohort study over 

several years in order to have a training dataset with 

statistical power to identify real differences between 

stroke patients and healthy controls. For initial 

feasibility with convenience sampling, data gathered for 

post-stroke subjects and compared to healthy age and 

gender matched subjects will most likely be the highest 

yield approach to identify risk factors for health 

outcomes. 

The second application, iHealth Reader, parses a 

patient’s iHealth database and outputs multiple CSV 

files containing various health metrics from one year 

before the date of the stroke. The iHealth database can 

be exported from the patient’s phone and copied to the 

machine running iHealth Reader. iHealth Reader can 

access various metrics tracked by the iOS HealthKit 

including step count, heart rate, distance walked, 

calories burned, and workouts. These metrics can be 

used to determine changes and trends in a patient’s 

physical activity patterns, exercise habits, and mobility. 

Fig 3 - Graphical User Interface showing iHealth Reader 

after completing execution 

The gathering of GPS data is accomplished in two 

ways. Many people make use of Google Maps. Google 

provides a service called Google Takeout that allows a 

user to export all data linked to their account. Once the 

map data is exported and loaded onto the machine 

running the third application, Google Maps Reader, the 

application can read the file and return a CSV file with 

the patient’s location over the last year. Google Takeout 

does not have an API and the export and transfer of the 

database file is a manual process. 

If the user does not use Google Maps, there is a 

backup method for recovering some GPS data. The 

default setting on iOS is to tag all photos taken by the 

user with GPS coordinates. Photos can easily be 

accessed after pairing the phone with a desktop 

machine. The first application, iMessage Reader, will 

search the phone for photos with GPS data embedded in 

them, once the phone is paired each photo taken within 

a year of the stroke can be queried for its GPS tags. This 

method will produce an incomplete GPS history 

nonetheless potentially capable of identifying useful 

geographic risk factors. 

Using GPS data researchers can analyze, patient 

activity levels, geographical risk factors, and mobility. 
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Fig 4 - Google Takeout GPS data before processing with 

Google Maps Reader 

Fig 5 - Sample output CSV containing Google Takeout 

GPS data after processing with Google Maps Reader.  

After data collection, machine learning analysis 

could help identify potentially meaningful thresholds in 

changes or trends in any of the variables collected, 

including activity, activity rate, text output, rate of text 

output, particular locations inhabited or visited, and 

frequency of location change. The use of sophisticated 

analysis would allow interaction between these 

variables to be included in potential prediction 

algorithms. Including natural language processing in the 

analysis might help further mine the text message output 

data for clinical use.  

Tight coordination between clinical and informatics 

teams will be essential for developing physiologically 

meaningful prediction models and algorithms that 

would be practical and affordable to implement in 

clinical settings. There is likely a complex, multifactor 

relationship between anatomic regions of brain with 

potential ischemia and functions detectable on 

incidentally and passively collected smartphone data 

(especially that which might conveniently be analyzed 

in a retrospective case control study of stroke patients 

with age and gender-matched healthy controls).  

However, it would be clinically reasonable to ask if 

certain data correspond in meaningful ways to certain 

vascular territories, for example, by looking at the 

relationship between extent of motor cortex damage and 

step count, or between extent of damage to various 

language domains and text output, or between post-

stroke depression and change in emotional content 

according to natural language processing analysis.  

Asking questions which make sense in terms of 

vascular distribution and symptom time course will 

drastically improve the quality of data analysis and 

biomarker identification. For example, the data could be 

analyzed to ask the question, "Are there changes in a 

patient's step count which correspond to clinically 

diagnosed transient ischemic attacks that affected lower 

extremity motor function?" Or, with a large enough data 

set, the study could ask more sophisticated questions 

like, "Do patients with right parietal damage 

documented on brain imaging make fewer left turns?"  

When seeking to develop useful prediction 

algorithms, it would be helpful to take the initial 

understanding of what happened in stroke patients and 

look prospectively in patients at high risk of stroke. In 

patients with atrial fibrillation and known compounding 

risk factors such as advanced age or diabetes mellitus, 

for example, repeated abrupt changes in step count or 

text output might trigger clinical and MRI evaluation in 

future studies to evaluate whether these data could be 

identifying subclinical transient ischemic attacks that 

could precede irreversible damage. Quantifying the risk 

certain digital biomarker thresholds might represent, 

and what impact different interventions have on 

mediating or potentiating that risk, will be a long-term 

project best approached by incorporating the collection 

of the biomarkers in multisite cohort studies of stroke 

and other vascular risk factors. 

This multimodal approach for data collection will 

allow stroke prediction researchers to acquire a robust 

initial stroke prediction dataset. After data for 25 

subjects and 25 age-matched controls are acquired, 

effect size of differences in core measurements (step 

count, heart rate, geography, text output volume and 

rate) will be determined to allow a statistical power 

analysis, which will determine the sample size needed 

to identify clinically useful risk factors which might 

inform stroke prediction models. When necessary 

sample size is achieved, data will be used to train a 

prediction algorithm. 

V.  RESULTS 

Thus far, testing of data collection program on a 

convenience sample of three iPhones has demonstrated 

that the system successfully acquires text messages, 

GPS history, step counts, heart rate, and other health app 

data for up to one year. Phones with certain security 

measures installed cannot yield text message data at this 

time.  

The data gathered by researchers using the tools 

developed by the authors will serve as an initial training 

dataset. This data set will allow the development of a 

stroke prediction algorithm. If the algorithm proves to 

be accurate, it will be incorporated into a future 

smartphone app that monitors user activity and stroke 

risk. This app will be incorporated into a future stroke 

prevention and recovery digital platform. 

The app will be targeted at all users who may or may 

not have experienced a stroke in the past. With user 
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permission, the app will monitor user activity and report 

to the user if their risk of stroke exceeds a certain 

threshold. If the user is at risk, the app will warn the user 

to seek medical attention due to elevated stroke risk. 

This app could drastically improve the quality of care 

for stroke patients because early intervention is critical 

to successful stroke care. 

VI. FURTHER WORK

Besides the development of the predictive model 

discussed in the last section, further work may include 

the development of several new applications that can 

increase the breadth of the data set. This may include but 

is not limited to the development of a similar set of tools 

for Android users, development of a tool that parses 

Facebook, Twitter, and other social media text 

communications, gathering text content of other text 

messaging application including GroupMe, WeChat, 

and WhatsApp, and the development of real time iOS 

and Android app to collect accelerometer and gyroscope 

data. With access to more types of data, clinicians will 

be able to create a more robust dataset and determine 

what factors are helpful for stroke prediction. 

Initially, the highest yield and lowest cost study 

design will most likely be an augmented case-control 

approach. At routine office visits, with informed 

consent, stroke patients and healthy age and gender-

matched control subjects would be recruited. Their 

smartphone data would be collected, encrypted, and de-

identified as much as possible.  

A focused set of relevant clinical data would be 

extracted from the electronic medical record and 

potentially a questionnaire including primary outcome 

(stroke), secondary outcomes such as disability, 

transient ischemic attack, and myocardial infarction, 

and traditional risk factors like hypertension, family 

history, and presence of conditions such as diabetes 

mellitus. These data would be analyzed for predictive 

patterns, answering complex questions, such as whether 

stroke patients are more likely than healthy controls to 

have data which could reflect prior subclinical ischemia, 

such as changes in walking speed, distance, or 

frequency, or even subtle language changes detected 

with natural language processing. 

Ultimately, if these simple data prove useful, it could 

be possible to incorporate more complex data such as 

brain and vascular imaging. The data from smartphones 

are useful because they are quotidian, they reflect 

simple, daily tasks like where a person goes and what 

they say. Neurologically, these are final common 

pathways for many cerebrovascular territories, and 

psychologically they reflect a person's voice and 

agency, their sense of self and quality of life. 

Sophisticated computational analysis incorporating this 

smartphone data could yield highly useful information 

about the functional meaning of many biomarkers. This 

would not only improve understanding of the disease, 

but would also allow researchers to build prediction 

models and enhance early intervention. 
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VII. CONCLUSIONS

In the coming months the researchers at a large 

urban hospital and comprehensive stroke center will use 

the three applications the authors developed, iMessage 

Reader, iHealth Reader, and Google Maps Reader, to 

begin building a training dataset. This dataset will be 

used to determine if the information collected by a 

user’s iPhone can be used to predict their risk for having 

a stroke.  

As argued by Magoulas & Prentza, the 

implementation of machine learning methods in the 

healthcare environment will provide countless 

opportunities to enhance and expand the work of 

physicians and improve the efficiency and outcomes of  

medical care [4]. If a successful predictive model can be 

developed, researchers will be able to offer smartphone 

users an innovative set of tools that will monitor stroke 

risk in real time. These tools will potentially improve the 

health care outcomes of at risk users through early 

detection. 
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