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Abstract

Background: A coordinated care system helps provide timely access to treatment for suspected acute stroke. In Northwestern
Ontario (NWO), Canada, communities are widespread with several hospitals offering various diagnostic equipment and services.
Thus, resources are limited, and health care providers must often transfer patients with stroke to different hospital locations to
ensure the most appropriate care access within recommended time frames. However, health care providers frequently situated
temporarily (locum) in NWO or providing care remotely from other areas of Ontario may lack sufficient information and experience
intheregion to access care for apatient with atime-sensitive condition. Suboptimal decision-making may lead to multiple transfers
before definitive stroke care is obtained, resulting in poor outcomes and additional health care system costs.

Objective: We aimed to develop atool to inform and assist NWO health care providers in determining the best transfer options
for patients with stroke to provide the most efficient care access. We aimed to devel op an app using a comprehensive geomapping
navigation and estimation system based on machine learning algorithms. This app uses key stroke-related timelinesincluding the
last time the patient was known to be well, patient location, treatment options, and imaging availability at different health care
facilities.

Methods: Using historical data (2008-2020), an accurate prediction model using machine learning methods was devel oped and
incorporated into a mobile app. These data contained parameters regarding air (Ornge) and land medical transport (3 services),
which were preprocessed and cleaned. For cases in which Ornge air services and land ambulance medical transport were both
involved in a patient transport process, data were merged and time intervals of the transport journey were determined. The data
were distributed for training (35%), testing (35%), and validation (30%) of the prediction model.

Results: In total, 70,623 records were collected in the data set from Ornge and land medical transport services to develop a
prediction model. Variouslearning modelswere analyzed; all learning models perform better than the simple average of all points
in predicting output variables. The decision tree model provided more accurate results than the other models. The decision tree
model performed remarkably well, with the values from testing, validation, and the model within a close range. This model was
used to develop the “NWO Navigate Stroke” system. The system provides accurate results and demonstrates that a mobile app
can beasignificant tool for health care providers navigating stroke carein NWO, potentially impacting patient care and outcomes.
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Conclusions:  The NWO Navigate Stroke system uses a data-driven, reliable, accurate prediction model while considering all
variations and is simultaneously linked to all required acute stroke management pathways and tools. It wastested using historical
data, and the next step will to involve usability testing with end users.

(IMIR Form Res 2024;8:€54009) doi: 10.2196/54009
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Introduction

In Canada, annual stroke occurrence rates have increased from
one stroke occurrence every 9 minutes to every 5 minutes in
less than a decade [1,2]. In the province of Ontario, stroke is
the third leading cause of death and the leading cause of adult
disability [3]. There are an estimated 25,500 new stroke events
and 15,500 hospital inpatient admissions in Ontario each year

[4].

A coordinated system of care is essential for providing timely
access to treatment for patients who present with a suspected
acute stroke, transient ischemic attack, or minor nondisabling
stroke. It is estimated that for every minute of delay in treating
an acuteischemic stroke, 1.9 million brain cellsdie, 13.8 billion
synapses are damaged, and 12 kilometers of axonal fibers are
lost [1]. Patients eligible for time-sensitive therapies should be
transported to the closest hospital capable of providing services
for the diagnosis and treatment of stroke [5].

Patients accessing care for stroke in Northwestern Ontario
(NWO), Canada, have particular chalenges. NWO is a vast
geographic area, covering approximately 458,010 km? in the
northwest region of the province (Figure 1) [6]. The health status
of NWO residents differsfrom that of the remaining population
in Ontario and Canada. Health indicators typically show worse
outcomes for NWO residents when compared with provincial
and national indicators. NWO residents have a lower life
expectancy, a higher mortality rate, and are more likely to die

https://formative.jmir.org/2024/1/e54009

as aresult of circulatory disease [7]. Furthermore, indigenous
peoples are more likely to have chronic diseases than
nonindigenous peoples [7]. The Heart and Stroke Foundation
of Canada reports that indigenous peoples have a 50% higher
heart disease rate and are twice aslikely to die from astroke as
nonindigenous peoples[8]. Statistics on the health of Indigenous
peoplesin NWO, who represent 18.3% (2.4% provincially) of
the region’s population are significantly underreported [7].
Therefore, dueto theregion’s geography and the rel ative health
status of its residents, it isimportant to ensure timely accessto
acute stroke care for this population.

Given that many NWO communities are only accessible by air,
Ontario’sair ambulance program (Ornge) previously compared
esimated and actual patient transfer times for
sending-to-receiving hospital pairs. This prior work and resulting
analyses revealed that estimates of transport time were
inconsistent and not always comparable to actual times[9,10].
This work also revealed that the flight planner’s estimation of
“time to definitive care’ was based on experience, subjective
judgments, and consultations with pilots and transport medicine
physicians, which led to imprecision in time estimates used to
make vehicle allocation decisions. Ornge has since devel oped
adecision support tool that useshistorical dispatch and call data
to generate rel evant time estimates for transfer between hospital
pairs. However, this tool primarily focuses on generating time
estimations for a given sending and receiving hospital pair and
does not consider hospital capabilities and services.
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Figure 1. Map of Northwestern Ontario, Canada, showing the hospital or acute health services that have essential acute stroke protocols implemented

among the various communities.
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Methods

Ethical Considerations

Ethics approval for this study was obtained from the L akehead
University Research Ethics Board (approval number 1467257)
which functions in accordance with the principles of the
Declaration of Helsinki and the Tri-Council Policy Statement:
Ethical Conduct for Research Involving Humans 2. As this
project involved retrospective and deidentified data collection
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with no ability to reidentify patients, no impact on their medical
rights, or pose additiona risks, the Lakehead University
Research Ethics Board approved awaiver for obtaining informed
consent from participants. The data collected from databases at
Ornge and land ambulance services were all deidentified.

Overview of Data Analysis

Figure 2 presents a schematic of the data analysis process used
in this study.
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Figure2. Theoveral architecture of the dataanalytics, starting with the collection of transportation timelinesfor air and land ambulances and concluding
with the development of the Northwestern Ontario Navigate app to assist health care providers treating patients with stroke with the most efficient
patient transfer options. EMS: emergency medical service; NW: Northwest; RR: Rainy River; SN: Superior North.
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The data set used in this study was obtained from air medical
transport (Ornge) and land medical transport (3 services) data
collected over 2008-2020 (Textbox 1). The land medical
transport data set contains 3000 samples, and each sample has
5 input variables. The Ornge data set contains 15,400 samples,
with 12 input variables. Both the Ornge and land medical
transport data sets were distributed as follows: training (35%),
testing (35%), and validation (30%).
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User Interfaces

Theterms*“accurate,” “reliable,” and “vaidation” are used from
asystem engineering point of view. Accuraterefersto the degree
of closeness between a measurement (eg, the predicted value)
and itstrue value (eg, the historical data). Reliable refersto the
consistency and performance of the model, or the percentage
of nonfailuresthat occur within aunit of time. Validationisthe
process of retesting a machine learning system to validate the
quality of the system using different data and parameters than
that used in the testing stage, thus ensuring trained models are

built with high quality, compliant, and accepted by end users
to increase their adoption.

Interval Model Data Analytics

Textbox 1. List of data points collected from the historical data set obtained from land transport services that were used to train, test, and validate the
machine learning model used for the Northwestern Ontario Navigate Stroke app.

Land medical transport data set (3 services)
«  Sending hospita

«  Receiving facility or destination

o  Cadll received date or time

«  Arrive destination date or time

«  Depart destination date or time

Ornge medical transport data set

o  Sending facility

«  Receiving facility

«  Cadl accepted date or time

«  Crew notified

o  Depart base date or time

o Arrive pickup landing date or time
« Arrive patient site date or time

«  Depart patient site date or time

«  Depart landing site date or time

o Arrivedestination landing site date or time
« Arrivereceiving site date or time

«  Transfer of care date or time

Data Preprocessing and Cleaning

The preprocessing phase consisted of initial data cleaning to
remove redundant, missing, or erroneous data that might have
been generated during the data collection process. The data set
consists of deidentified datafrom January 1, 2008, to December
30, 2020, including the pickup location of the patient, the
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destination of the patient (either a hospital location, airport, or
helipad), and the dispatch priority. The data set was cleaned to
include only hospital |ocationsthat would have arecommended
“driving” journey to definitive stroke care based on NWO
limitations.
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Data Fusion and Time-Interval Organization

Data were merged when both Ornge air services and land
ambulance medical transport wereinvolved in patient transport.
Upon merging the data sets, the overall data set was significantly

Hassan et d

reduced, and there was a clear lack of significant datathat could
be used for developing average times for all patient journeys.
Therefore, atime-interval approach was used from call time to
transfer of care, as previously used by Giang et al [10]. This
approach is displayed schematically in Figure 3.

Figure 3. Timeintervals used to divide the “total time to definitive care” per patient transport process, starting from the time the call is received to the
time the patient is transferred to care. This approach was used to overcome the lack of data that occurred once the patient journeys involving both air

and land were merged.
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Data Analyticsand Comparison With Prior Work

Different models, such as basic, statistical, machine learning
(support vector regression [SVR], random forest, gradient
boosting, etc), and deep learning (long short-term memory and
gated recurrent unit) models, were compared to identify the best
opportunity for obtaining high-precision predictions.

There are different learning models for regression and
classification. Given the nature of the data sets and the
continuous nature of the variables to be predicted, aregression
learning model was used. The regression model was chosen by
considering the complexity of each model option, aswell asthe
elements and values of the data to be analyzed. The regression
model wastrained based on ahistory of observationsto produce
a predictive model capable of explaining a continuous output
variable, for example, avariable defined in aset of real numbers.
Among the various learning models available, this study used
two main regression learning models: SVR and decision tree
models.

Data that were used in the learning process were also chosen
randomly (unordered) from the data set. Quantitative forecasting
methods were applied, and only the learning models retained
inthe adjustment step (random forest, multiplelinear regression,
and SVR with aradial basis function kernel) were tested.

The random forest method isan ensembl e learning method used
for both classification and regression tasks [11]. Linear

https://formative.jmir.org/2024/1/e54009
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regression is a type of general linear model that is often used
to predict one variable from another. SVR is similar to linear
regression; however, unlike other regression models that aim
to minimize the error between the real and predicted values,
SVR focuses on fitting a hyperplane (straight line) that best
represents the relationship between the input variables and the
target variable. The radial basis function kernel is a key
component of SVR that enables the algorithm to capture
nonlinear relationships between variables.

The output or predicted parameter of the algorithmsisthetime
of transfer of the patient from the sending to receiving facilities
viaeither land or air transportation. Python and Anacondawere
used at L akehead University for dataanalysis and development
of the machine learning model.

Results

Data Collection

The prediction model is based on approximately 13 years of
historical data from land and air medical transport services
(Table 1) serving NWO. The organizations that contributed to
the data set included Ornge, Northwest Emergency Medical
Service (EMS), Superior North EM S, and Rainy River District
EMS. Ornge serves the region with land ambulance services
from Northwest, Superior North, and Rainy River EMS
providers.
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Table 1. Breakdown of the historical data sets, sources, timestamps, and number of records that were used to devel op the machine learning model for

Northwestern Ontario Navigate Stroke.

Data set Timestamp Number of records (N=70,623)
Ornge January 1, 2008-December 31, 2018 67,412 (1815 stroke or TIA?)
NWP EM<E November 9, 2009-October 26, 2019 926

SNYEMS October 1, 2012-September 1, 2019 2014

RRE District EMS January 8, 2015-February 24, 2020 271

&TIA: transient ischemic attack.
PNW: Northwest.

®EMS: emergency medical service.
daN: Superior North.

®RR: Rainy River.

Analysis Results

When considering the statistical analysis approach (machine
learning method or simple statistics method), the machine
learning approach is opted for. This approach met the needs of
the project (machine learning requires updated data to develop
a prediction system, not a manual update and revalidation as

Table 2. Analysisof medical transport data in the prediction models.

simple statisticswould). Tables 2 and 3 show the analysisresults
for each characteristic depending on the transformation applied
to the data (raw, normalization, and standardization). All
learning models perform better than the simple average of all
points in terms of predicting the output variables. Analysis of
the K1 value related to the decision tree model is shown in
Figure 4.

Prediction model Mean square error, mean (SD)
SVRA 0.007 (0.083)
Random forest 0.22 (0.469)
Decision tree
K1 0.002 (0.044)
K2 0.001 (0.032)
K3 0.001 (0.032)

3SVR: support vector regression.

Table 3. Analysis of Ornge data in the prediction models.

Prediction model Mean sguare error, mean (SD)
SVR® 0.01 (0.02)
Random forest 0.20 (0.44)
Decision tree
K1 0.003 (0.054)
K2 0.002 (0.044)
K3 0.005 (0.07)

83V R: support vector regression.
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Figure4. Decision tree model using the K1 MSE for EM S and Ornge data, illustrating the decision tree learning model where X indicates the variables
used to make decisions at each node of the tree, samples are the number of the data set in cases represented by the node, and values are those associated

with target variables. EMS: emergency medical service; MSE: mean square error.

Ornge

MSE:0.00‘_;[SD +0.054)

samples=100
value=42

MSE=0.003 (S0 + 0.054)
samples=17
value=23

MSE=0.003 (SD % 0.054)
samples=15

value=10

Tables 2 and 3 also present the mean square errors (M SES) of
the SVR, random forest, and decision tree models applied to
the data sets. Based on the results, it was concluded that the
decision tree model provides more accurate results in
comparison to the other models. The decision tree model was
trained and evaluated 3 timeswith different parameters, resulting
in different MSE values. To differentiate between these values
and show how the moded performs when using different
parameters, labels, suchasK 1, K2, and K3, are assigned to each
MSE value.

Table 2 presents the analysis results for medical transport data
in the prediction models, and Table 3 represents the analysis
resultsfor Ornge datain the prediction models. The M SE serves
as amachine learning indicator that assesses the accuracy and
performance of predictive models, providing a measure of the
average squared difference between the actual and predicted
values.

The MSEs for the SVR and random forest models in Table 2
(0.007 and 0.22, respectively) indicate high prediction errors
compared with the decision tree model. The sametrend isshown
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EMS

X[14]<0.5

X[31]<0.5
MSE=0.002 (SD £ 0.044)
samples=14,776
value=0.037

MSE=0.002 (SD £ 0.044)
samples=12,352
value=0.03

MSE=0.002 (SD + 0.044)
samples=2424
value=0.072

in Table 3, with the decision tree model achieving higher
accuracy than the other models.

We note that the system has continuous learning capabilities
and can learn from newly generated end user data if such data
are dynamically added to the historical data.

Testing, Validation, and the Prediction M odel

The results of the testing-validation-model process show that
thedecision tree model performed remarkably well. The values
from testing, validation, and the model al resulted within a
close range. Table 4 demonstrates how the trained model is
applied to new data sets to assess its performance and
effectivenessin making predictionsusing asample of datafrom
theland EM Sdata set. The proposed validated prediction model
was used at the back end of the devel oped system to predict the
time of transfer for patients from sending to receiving facilities
using either land or air transportation for the different scenarios
encountered by end users. The results show that the system can
reliably predict the transfer time based on the 13-year historical
data set with good accuracy, as demonstrated by the sample
datain Table 4.
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Table 4. Sample data demonstrating the test-validation-prediction model process for land emergency medical service.

Sending facility and respective receiving facility Testing? Validation? Prediction model®
Atikokan General Hospital

La Verendrye General Hospital 102 102 102

Thunder Bay Regional 112.9 130 115.9
Dryden Regional Health Center

Lake of the Woods 116.9 123.9 1153

La Verendrye General Hospital 177 177 177

Sioux L ookout 94.2 83.1 93.2
L ake of the Woods

Dryden Regional Health Center 111.2 111.2 111.2

Lake of the Woods 453 453 453
Rainy River Health Center

Dryden Regional Health Center 106 106 106

La Verendrye General Hospital 39.9 421 39.9

Lake of the Woods 1914 200.7 191.3
Red L ake Hospital

Dryden Regional Health Center 56.2 56.2 56.2
Sioux L ookout

Dryden Regional Health Center 98.8 98.8 98.8

311 measurements are in minutes.

System Development

The proposed system uses a mobile app and a web-based
application. The lonic framework was used for cross-platform
development on both Android and iOS devices. Starting as a
simple one-screen app with basic mapping capabilities, the app
grew to be a complex system, offering different experiences
based on stroke symptoms when the patient was last known to
be well, and the patient’s location.

NWO Navigate Stroke uses a database to store and retrieve
information about stroke services and historical emergency
servicesdata. The dataare stored in Firebase’s Cloud Firestore.
Information on services, locations, and historical dataare stored
locally on the device, with live data pulls for additions or
modifications. Storing data locally alows for shorter
computational times and lower database costs. To assess use,
information logs, including when the system was used, which
pages were accessed, start and end locations, time spent on the
app, and device specifications, are recorded. Each time the app
is closed, records are automatically uploaded to the database.

In the infrequent instances (less than 10%) when no historical
data are available (eg, new health care facility in the region,
new transportation protocol approved or devel oped), the Google
Maps application programming interface (API) is used to
estimate travel times. The Google Maps API alows a digital
map to be displayed, with custom markers for gathering travel
information. By using the digital map, end users can explore
resources available in the region and view possible routes after
a destination has been selected. The Google Maps APl aso

https://formative.jmir.org/2024/1/e54009

provides the distance by road and the estimated trip duration,
which is used to estimate ambulance travel times. Weather
information, such as the current temperature and current
conditions, is obtained through the OpenWeatherMap API and
used to display weather at the patient’s location to indicate
weather variability that could cause transportation complications.

Discussion

Principal Findings

In devel oping the NWO Navigate Stroke system, understanding
different capabilities at hospital locations related to stroke care
(eg, imaging capahilities) was essential. While the research
project started as a geomapping and estimation system, it was
realized that tools, algorithms, and agreements needed to be
embedded. These additions were important for end users with
alow incidence of patientswith stroke across acomplex medical
transport ecosystem. For each hospital location, various
stroke-specific processes and protocols, route options, and
communication stepsto access stroke care had to be understood
and coded. With thisinformation, varioustime framesfor stroke
treatment (0-6 h, 6-24 h, >24 h, 0-48 h, >48 h) were associated
with hospitals and health service locations. The system was
adapted to offer multiple options depending on the patient’s
location. Although the system provides amalgamated resources
for acute stroke management, it purposefully does not provide
clinical decisionsfor the user.

The system works as designed, to aid in transportation
transparency. User inputs of clinical assessment outcomes (eg,
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when the patient was last known to be well, the outcome of
stroke assessment, and stroke severity assessment for large
vessel occlusion) are used to determine and display the next
steps. Clinical support includes tips in determining stroke
symptom onset and direct linksto Canadian Stroke Best Practice
Recommendations: Acute Stroke [7]. The system isunique, as
it addresses navigation and communication, alongside resources
and possible time frames for treatment. The system isintended
to give immediate access to information on services for
accessing stroke care.

The system’s pathway has 8 stepsto ultimately provide guidance
on the best route for patients with stroke care (Figure 5). To
find a transportation route, the end user inputs the patient’s
current location and assessment results (involving a stroke
screening tool, presenting stroke symptoms, and when the
patient was last known to be well). The time when the patient
was last known to be well determines the time remaining for

Hassan et d

treatment; avisual countdown clock of timeremaining for each
treatment option (thrombolytics and endovascular therapy) is
shown based on the information entered, which remains on the
screen throughout the entry process. If the time the patient was
last known to be well is 6-24 hours, the user is asked for the
results of the large vessel occlusion screening tool to determine
the patient’s pathway. The end user is guided through applicable
screensinvolving imaging questions, process steps, and options
for transportation. Route options, process references, treatment
options, travel times, and alist of capable hospital locationsare
provided. Oncethe user has an estimation of transportation time,
ajudgment can be made against the treatment windows and the
best transportation |ocation (tel estroke hospital or regional stroke
center). A menu provides an opportunity to explore the digital
stroke services map, stroke icon legends, Canadian Stroke Best
Practices guidance, an application tutorial, frequently asked
questions, and contact information; Figure 6 contains
screenshots of the app with an example of a patient.

Figure 5. Overview of the algorithm of the NWO Navigate Stroke app for guiding the health care provider in treating a patient with stroke with the
most efficient patient transfer option, with a consideration of key factors such as patient location, last time the patient was known to be well, need for
imaging, and stroke symptoms. LKW: last known well; NWO: Northwestern Ontario.
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Figure 6. Screenshots of the NWO Navigate Stroke app displaying an example of a patient requiring acute stroke care and transportation to another
facility for treatment. The pathway shows that the patient’s symptoms are assessed, their location is entered, and their LKW timeisinputted; this leads
to the calculation of possible routes the patient may be transferred, along with the method (air or land) and expected timeline to care. Once a route has
been selected, the final screen will prompt the end user to activate the transfer process. LKW: last known well; NWO: Northwestern Ontario.

How are the patients' stroke
symptoms(s) presenting?

Where is the
patient located?

Red Lake x

Margaret Cochenour Memorial Hospitak Red
Lake

Fluctuating
or

Parsistent

What time was
the patient last known wel
(Liw)?

CALL
Jan'8 ACC Ko
@ 1-807.468-4588
0307

Future Directions and Limitations

The NWO Navigate Stroke system has been developed to
provide efficient transportation assistance for stroke care only
in NWO but has the potential for expansion to include other
acute services that could benefit from efficient transportation
assistance such as cardiac or traumaservices. At this stage, the
system does not include hedth care facilities that are not
available within the Canadian health care system context (eg,
facilitiesin the United States), even though these facilities may
be geographically closer than other locations in the system.
However, it should be noted that the system can be further
developed to include such facilities and other acute services.
Although no patient data were built in, future expansion of the
app could include patient data, live datafeeds, or other features
asidentified by end users over time. Such additionswould need
to consider federal and provincial data privacy legislation and
encryption and security needs.

Contributionsand Strengths

The NWO Navigate Stroke system unites prior research
conducted by Ornge with 3 land-only medical transport systems
operating within NWO and Google Map estimates to provide
aconsolidated view of transport options. Prior work conducted
by Ornge focused on using historical data of their land and air
ambulance system to understand interfacility patient transport
processes [9] but did not include other data sources, such as
other prehospital providers, which can be crucia when
considering efficient patient care. The developed system has
many strengths, including the following: (1) Integration of
interregional and interprovincial transportation pathways,
making this knowledge easily accessible for the user. (2)
Inclusion of acute stroke assessment tools, such as FAST

(symptom checklist for stroke: Facial drooping, Arm weakness,
Speech difficulties, and Time) and ACT-FAST (Ambulance
Clinical Triage for Acute Stroke Treatment) for large vessel
occlusion screening used in anterior circulation strokes, which
are an integral part of the proposed system and can aid in the
learning process for small-volume health facilities [12,13]. (3)
Links to the Canadian Heart and Stroke's Stroke Best Practice
Recommendations including Emergency Services Medical
Management [12]. (4) Ability to contact the consulting physician
for transport acceptance or consultation. (5) Provision of
pathways for differentiating symptoms that include suspected
or diagnosed acute stroke or subacute stroke. (6) An algorithm
to predict pathways based on computerized tomography
availability. (7) An adaptive machine learning agorithm that
can continuoudly learn from data generated by the end user,
whichisdynamically added to historical datato enhance system
precision. (8) Predictions based on when the patient was last
known to be well, with color-coded windows for acute
management based on the time of onset.

Conclusion

By using data from medical transportation systemsin NWO, a
system was devel oped that can be used by health care providers
when deciding on optimal transfer for patients experiencing a
suspected acute stroke, with all required tools being simply a
touch away. Usahility testing is needed to ensure that the system
meetsthe needs of end users. Feedback will be obtained through
multiple methods during the rel ease of the app, including alive
educational tour of hospitals (ongoing since summer 2022).
Following the release of the app, quality improvements will be
made based on feedback, with updates to pathways based on
best practices.

https://formative.jmir.org/2024/1/e54009

RenderX

JMIR Form Res 2024 | vol. 8 | €54009 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Hassan et al

Acknowledgments

Funding for this project was provided by the Northern Ontario Academic Medicine Association (NOAMA) Clinical Innovation
Opportunities Fund awarded to AH. NOAMA did not have any input in the design of the study, in the collection, analysis, and
interpretation of data, or the writing of the manuscript.

Data Availability

The data sets generated and analyzed during this study are not publicly available as they are held securely by Ornge but are
available from the corresponding author on reasonable request.

Conflictsof Interest
None declared.

References

1.  Casaubon LK, Boulanger J, Blacquiere D, Boucher S, Brown K, Goddard T, et a. HeartStroke Foundation of Canada
Canadian Stroke Best Practices Advisory Committee. Canadian stroke best practice recommendations. hyperacute stroke
care guidelines, update 2015. Int J Stroke. Aug 2015;10(6):924-940. [doi: 10.1111/ijs.12551] [Medline: 26148019]

2. New acute stroke management. Canadian Stroke Best Practices. URL: https.//www.strokebestpractices.calrecommendations/
acute-stroke-management [accessed 2024-06-06]

3. Quick facts. Northwestern Ontario Regional Stroke Network. URL : https.//tbrhsc.net/programs-services/stroke-program/
nwostroke/public-awareness/quick-facts/ [accessed 2024-06-06]

4.  Mittmann N, Seung SJ, Hill MD, Phillips SJ, Hachinski V, Coté R, et a. Impact of disability status on ischemic stroke
costsin Canadain thefirst year. Can JNeurol Sci. Nov 2012;39(6):793-800. [doi: 10.1017/s0317167100015638] [Medline:
23041400]

5. Giang WC, Hui L, Donmez B, Ahghari M, MacDonald RD. Dispatch decision making in an air medical transport system.
In: Proceedings of the Human Factors and Ergonomics Society Annual Meseting. 2016. Presented at: Proceedings of the
Human Factors Ergonomics Society Annual Meeting; 2016:259-263; Los Angeles, CA. [doi: 10.1177/1541931213601059]

6.  Health Equity in Northern Ontario. URL: https.//www.hqgontario.ca/System-Performance/Specialized-Reports/
Health-Equity-in-Northern-Ontario [accessed 2024-06-26]

7.  Helpingto closethegapinindigenous health. Heart and Stroke. URL : https.//www.heartandstroke.ca/what-we-do/our-impact/
hel ping-to-close-the-gap-in-indigenous-heal th [accessed 2024-06-06]

8. Telemedicine. URL: https.//tbrhsc.net/programs-services/stroke-program/nwostroke/about-us/telemedicine/ [accessed
2024-06-26]

9. Giang WCW, Donmez B, Fatahi A, Ahghari M, MacDonald RD. Supporting air versus ground vehicle decisions for
interfacility medical transport using historical data. IEEE Trans Human-Mach Syst. Feb 2014;44(1):55-65. [doi:
10.1109/thms.2013.2294636]

10. Giang WCW, Donmez B, Ahghari M, MacDonald RD. The impact of precipitation on land interfacility transport times.
Prehosp Disaster Med. Dec 2014;29(6):593-599. [doi: 10.1017/S1049023X 14001149] [Medline: 25367081]

11. Smith PF, Ganesh S, Liu P. A comparison of random forest regression and multiple linear regression for prediction in
neuroscience. JNeurosci Methods. Oct 30, 2013;220(1):85-91. [doi: 10.1016/j.jneumeth.2013.08.024] [Medline: 24012917]

12.  Emergency department evaluation and management of patients with transient ischemic attack and acute stroke. Canadian
Stroke Best Practices. 2019. URL: hitps.//www.strokebestpracti ces.ca/recommendati ong/acute-stroke-management/
emergency-department-eval uation-and-management [accessed 2024-06-06]

13. ZhaoH, Pesavento L, Rodrigues E, Salvaris P, Smith K, Bernard S, et al. 009 The ambulance clinical triage-for acute stroke
treatment (ACT-FAST) algorithmic pre-hospital triage tool for endovascular thrombectomy: ongoing paramedic validation.
JNeurol Neurosurg Psychiatry. May 24, 2018;89(6):A5.1-A5A5. [doi: 10.1136/jnnp-2018-anzan.9]

Abbreviations

ACT-FAST: Ambulance Clinical Triage for Acute Stroke Treatment
API: application programming interface

EMS: emergency medical service

MSE: mean square error

NWO: Northwestern Ontario

SVR: support vector regression

https:/formative.jmir.org/2024/1/€54009 JMIR Form Res 2024 | vol. 8| €54009 | p. 11
(page number not for citation purposes)

RenderX


http://dx.doi.org/10.1111/ijs.12551
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26148019&dopt=Abstract
https://www.strokebestpractices.ca/recommendations/acute-stroke-management
https://www.strokebestpractices.ca/recommendations/acute-stroke-management
https://tbrhsc.net/programs-services/stroke-program/nwostroke/public-awareness/quick-facts/
https://tbrhsc.net/programs-services/stroke-program/nwostroke/public-awareness/quick-facts/
http://dx.doi.org/10.1017/s0317167100015638
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23041400&dopt=Abstract
http://dx.doi.org/10.1177/1541931213601059
https://www.hqontario.ca/System-Performance/Specialized-Reports/Health-Equity-in-Northern-Ontario
https://www.hqontario.ca/System-Performance/Specialized-Reports/Health-Equity-in-Northern-Ontario
https://www.heartandstroke.ca/what-we-do/our-impact/helping-to-close-the-gap-in-indigenous-health
https://www.heartandstroke.ca/what-we-do/our-impact/helping-to-close-the-gap-in-indigenous-health
https://tbrhsc.net/programs-services/stroke-program/nwostroke/about-us/telemedicine/
http://dx.doi.org/10.1109/thms.2013.2294636
http://dx.doi.org/10.1017/S1049023X14001149
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25367081&dopt=Abstract
http://dx.doi.org/10.1016/j.jneumeth.2013.08.024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24012917&dopt=Abstract
https://www.strokebestpractices.ca/recommendations/acute-stroke-management/emergency-department-evaluation-and-management
https://www.strokebestpractices.ca/recommendations/acute-stroke-management/emergency-department-evaluation-and-management
http://dx.doi.org/10.1136/jnnp-2018-anzan.9
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Hassan et al

Edited by A Mavragani; submitted 26.10.23; peer-reviewed by H Nguyen, S Levine; comments to author 17.01.24; revised version
received 29.04.24; accepted 16.05.24; published 01.08.24

Please cite as:

Hassan A, Benlamri R, Diner T, Cristofaro K, Dillistone L, Khallouki H, Ahghari M, Littlefield S, Sddiqui R, MacDonald R, Savage
DwW

An App for Navigating Patient Transportation and Acute Stroke Care in Northwestern Ontario Using Machine Learning: Retrospective
Sudy

JMIR Form Res 2024;8:€54009

URL: https://formative.jmir.org/2024/1/€54009

doi: 10.2196/54009

PMID:

©Ayman Hassan, Rachid Benlamri, Trina Diner, Keli Cristofaro, Lucas Dillistone, Hajar Khallouki, Mahvareh Ahghari, Shalyn
Littlefield, Rabail Siddiqui, Russell MacDonald, David W Savage. Originally published in JMIR Formative Research
(https://formativejmir.org), 01.08.2024. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in IMIR Formative Research, is properly cited. The complete
bibliographic information, a link to the original publication on https://formative.jmir.org, as well as this copyright and license
information must be included.

https:/formative.jmir.org/2024/1/€54009 JMIR Form Res 2024 | vol. 8 | €54009 | p. 12
(page number not for citation purposes)

RenderX


https://formative.jmir.org/2024/1/e54009
http://dx.doi.org/10.2196/54009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

