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Abstract
Purpose of Review To critically appraise literature on recent advances and methods using “big data” to evaluate stroke 
outcomes and associated factors.
Recent Findings Recent big data studies provided new evidence on the incidence of stroke outcomes, and important emerging 
predictors of these outcomes. Main highlights included the identification of COVID-19 infection and exposure to a low-dose 
particulate matter as emerging predictors of mortality post-stroke. Demographic (age, sex) and geographical (rural vs. urban) 
disparities in outcomes were also identified. There was a surge in methodological (e.g., machine learning and validation) 
studies aimed at maximizing the efficiency of big data for improving the prediction of stroke outcomes. However, consider-
able delays remain between data generation and publication.
Summary Big data are driving rapid innovations in research of stroke outcomes, generating novel evidence for bridging 
practice gaps. Opportunity exists to harness big data to drive real-time improvements in stroke outcomes.
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Introduction

Globally, stroke is a major cause of death and disabil-
ity [1]. Survivors often report poor quality of life and 
increased levels of disability, and are at an elevated 
risk of recurrent vascular events [1, 2]. In recent dec-
ades, there has been substantial interest in using large, 
routinely collected data from various sources, often 

called “big data,” to generate real-world evidence for 
understanding and improving outcomes after a stroke 
or vascular event [3, 4]. Big data–enabled research can 
be distinguished from other types of research based on 
the attributes described in the 5Vs framework, including: 
volume (the size or number of records), variety (het-
erogeneity or diversity of type, structure and setting of 
data), velocity (rapid generation and reporting of data), 
veracity (data quality and reliability), and variability 
(variations between different data sources and datasets) 
[4, 5]. In stroke research, big data are valuable, low-
cost resources for making evidence-based decisions to 
guide practice and policy on the prevention of adverse 
outcomes following stroke [4].

Given the rapidly expanding use of big data to explore 
outcomes following stroke, an updated review of the meth-
ods and major findings from these studies is needed to help 
guide the future directions for big data–enabled research. 
In this narrative review, we critically appraised literature 
on recent advances and methods using big data to evaluate 
health and economic outcomes after stroke and determi-
nants of these outcomes.

This article is part of the Topical Collection on Stroke
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Search Strategy

This was a narrative review of cohort studies on outcomes 
following discharge for a stroke or transient ischemic attack 
(TIA). Given the ongoing pandemic, we also reviewed stud-
ies of inpatient outcomes in those with concurrent COVID-
19 infection. Owing to the breadth of possible outcomes to 
explore, we focused only on major stroke outcomes, i.e., 
mortality, hospital readmissions, medication use/adherence, 
functional measures, quality of life, and healthcare costs. We 
searched Ovid MEDLINE, Ovid Embase, and CINAHL Plus 
databases for studies published between January 2019 and 
August 2021, with outcome data on at least 1,000 people 
with stroke/TIA, aged ≥ 18 years. Grey literature, government 
documents, conference abstracts, and articles published in lan-
guages other than English were excluded. We further excluded 
articles which did not meet the attributes of big data research 
described in the 5Vs framework [5], or articles considered to 
be of low quality (score < 6) based on the Newcastle–Ottawa 
quality assessment scale [6, 7].

Characterization of Studies on Stroke 
Outcomes Based on the 5Vs Framework

Overall, 58 studies met the inclusion criteria, including 42 stud-
ies (72%) of stroke outcomes (Supplementary Table I). There 
were an additional 16 studies (28%) focused on analytic meth-
ods or validation studies used to maximize the value of big data 
for improving stroke outcomes. Figure 1 provides an overview 
of studies on stroke outcome using the 5Vs framework. The 
volume, in terms of the sample analyzed, ranged from 1,073 to 
167,640 participants. While a variety of stroke types (ischemic, 
hemorrhagic, undetermined stroke and TIA) and outcomes 
(multiple outcomes reported in one third of the studies) were 
explored, all but one of the studies were from high-income 
countries. The median velocity of data generation was 2,726 
participants per year, including 9 studies with data on > 10,000 
participants per year. However, velocity of data, in terms of 
median time between the end of data collection and generation 
of findings, was 6 years (interquartile range 4–7, maximum 17). 
Veracity of studies was examined, in terms of missing variables 
and biases, such as selection, misclassification, and recall bias. 
Variability was apparent based on the number of data sources 
explored (median 3 sources, interquartile range 1–11; Fig. 1).

Outcomes After Stroke

Mortality

Data on mortality after stroke were reported in 28 stud-
ies (n = 1,367 to 86,189 individuals) from 14 countries 

(Australia, Belgium, Canada, Denmark, France, Germany, 
Hong Kong, Italy, Korea, Netherlands, Norway, Sweden, 
UK, and USA) [8•, 9, 10, 11••, 12–20, 21•, 22••, 23•, 
24••, 25–28, 29••, 30••, 31, 32••]. In these studies, mor-
tality was ascertained using hospital administrative data 
[26, 27, 30••, 33], death registers [8•, 9, 10, 11••, 13–18, 
20, 21•, 22••, 23•, 24••, 25, 28, 29••, 31, 32••, 34••, 
35••, 36], or a combination of linkage with death registers 
and prospective follow-up assessments [12]. Cumulative 
crude rates of mortality post-stroke/TIA ranged from 7 to 
18% within 30 days [9, 11••, 16, 20, 26] and 14 to 28% 
within 1 year [8••, 10••, 11••, 13, 20, 36]. In studies with 
longer-term data, 82% of patients with ischemic stroke 
died within 15 years [17]. Causes of death, mostly catego-
rized as vascular or non-vascular, were reported in eight 
studies [11••, 17 , 24, 25, 27, 31, 32••].

Big data have also been explored to elucidate determi-
nants of mortality, including patient- and system-level or 
healthcare factors. Patient sociodemographic and clinical 
factors are important considerations when examining post-
stroke mortality. Although evidence on whether mortality 
rates after stroke/TIA differ by sex is equivocal [15, 36], 
other sociodemographic factors have been shown to be 
associated with greater risk of mortality post-stroke. These 
include low income [16, 26], poor educational attainment 
[16], and being unmarried and without children [28]. In 
one study undertaken in the USA, rates of mortality up to 
10 years after intracerebral hemorrhage (ICH) were greater 
for White vs. non-White survivors [27]. Interestingly, in 
Canada, immigrants aged < 75 years had an 18% reduced 
risk of mortality over a median 5-year period than long-
term residents [17]. However, immigrants from South Asia 
had increased mortality rates post-stroke than those who 
immigrated from other regions [17]. No difference was 
found in age-adjusted mortality rates among people with 
diabetes at 7, 30, and 365 days following stroke between 
First Nations and other residents in Canada [31].

The collection of standardized big data across multi-
ple regions and jurisdictions allows investigation of geo-
graphical differences in mortality post-stroke. The effect of 
rurality on mortality was investigated in a Canadian study 
(n = 75,823) in which rural residents had a 7% greater 
risk of mortality during up to 5-year period of follow-up 
than their metropolitan counterparts [34••]. By contrast, 
no such difference was observed in Australia [23•]. In a 
novel finding, exposure to a low-dose particulate matter 
 (PM2.5 < 12 µg/m3) over one year in the USA increased 
the risk of cardiovascular mortality by twofold during an 
average 6-year period after stroke [32••].

Similar to earlier reviews [4], stroke severity was identi-
fied as an important clinical predictor of mortality post-stroke 
[9, 12, 15]. Patients with less severe ICH, i.e., able to walk 
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independently on admission, had about fourfold reduced risk 
of 180-day mortality than those with more severe ICH [21•]. 
Comorbidities associated with a greater risk of mortality post-
stroke/TIA included history of atrial fibrillation/flutter [8•, 14, 
27], cancer [8•, 21•], chronic kidney disease [14], diabetes 
[8•], dementia [14], depression [14], heart failure [8•, 14], 
hypertension [21•], myocardial infarction [8•], respiratory 
disease [14], or schizophrenia [11••, 20]. Current smoking 
was also reported to be associated with mortality post-stroke 
[21•]. Surprisingly, being overweight or obese was associated 
with a reduced risk of 1-year mortality after stroke [8•], the 
mechanisms of which remain unclear.

Using big data, authors have also identified COVID-19 
infection as an emerging predictor of mortality post-stroke. 
In a nationwide study of German patients with stroke/TIA 
admitted across 1,463 hospitals, compared to the pre-pan-
demic period, inhospital mortality increased by 0.5% for 
ischemic stroke and by 5% for hemorrhagic stroke during the 
pandemic [37]. In another German study of 30,864 patients 
with acute ischemic stroke, rates of inhospital mortality 
were nearly threefold greater among those with concurrent 
COVID-19 infection than those without [30••]. Similarly, in 
a study of 41,588 patients hospitalized with stroke in France, 
patients with concurrent COVID-19 infection had an 85% 

Fig. 1  Characterization of stud-
ies on stroke outcomes based on 
the 5Vs framework
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increased rate of 3-month mortality [29••]. This finding was 
more pronounced in patients with ischemic stroke, with a 
twofold greater rate of 3-month mortality observed among 
those with concurrent COVID-19 than those without [29••].

A number of healthcare factors have been associated 
with improved survival after stroke/TIA. Receiving neuro-
intervention following admission for stroke was associated 
with a 12% reduced risk of 3-month mortality [12], whereas 
early (vs. delayed) direct enteral feeding tube placement 
after acute stroke improved 30-day survival [25]. Using data 
from twelve hospitals in the USA, provision of one to two 
occupational or physical therapy sessions during admission 
for acute stroke was associated with a 30% reduced risk of 
30-day mortality or readmission [26]. This effect was more 
pronounced among patients discharged to inpatient rehabili-
tation [26], a factor that has also been shown to be associated 
with improved 90-, 180-, and 365-day survival in Australia 
[13]. In contrast, receiving intravenous thrombolysis was not 
found to be associated with survival among 8,898 patients 
with ischemic stroke [18].

Readmissions

Hospital readmission is an important outcome-based 
indicator of quality of care for conditions, such as 
stroke [38]. Readmissions were assessed in 10 studies 
(n = 1,998–116,073 individuals) from Australia [13, 33, 39, 
40, 41••], the USA [26, 32••, 33, 42, 43], and Europe [14, 
33]. Unadjusted cumulative rates of readmission follow-
ing stroke ranged from 4.5% within 7 days [26], 7–13% (all 
stroke types) [26, 33, 42] or 16% (ischemic stroke only) [14] 
within 30 days, 25% within 90 days [40], and 53% within 
1 year [13]. One in ten patients experience recurrence of 
ICH within 5 years of stroke; an estimate that was slightly 
greater for patients without atrial fibrillation [14]. The most 
common reasons for readmission include recurrence of cer-
ebrovascular disease, cardiovascular disease, chest pain, 
abnormal findings, cancer, and gastrointestinal diseases 
[39, 40, 43]. Interestingly, more than 50% of patients were 
readmitted for reasons different from the initial hospitaliza-
tion [33].

A number of patient-level factors were reported to be 
associated with a greater risk of readmission in the period 
up to 90 days after discharge for stroke. These included age 
[14], sex [42], place of residence or living situation [13, 14, 
39], type of stroke [42], severity of stroke [14], functional 
independence or ability [39, 42], and poorer comorbidity 
profile [42]. Female sex, having a stroke of non-ischemic 
origin, greater Charlson comorbidity index scores, having 
an admission within 90 days before stroke, and having a 
poor functional ability on admission for stroke were associ-
ated with a greater risk of readmission [39, 42]. In a study 
of 9,255 Danish patients with ICH, greater age, not living at 

home, and having a more severe hemorrhage were associated 
with an increased risk of recurrent ICH within 5 years [14]. 
By contrast, history of diabetes, history of non-traumatic 
intracranial bleeding, and living alone (vs. cohabitating) 
were associated with a reduced recurrence of ICH [14].

Discharge destination remains an important factor influ-
encing readmission. Among 8,555 Australian patients with 
acute stroke, those discharged to inpatient rehabilitation 
facilities from acute care were less likely to be readmitted 
within 1 year than patients discharged directly home, but 
were more likely to be readmitted than patients discharged to 
residential aged care [13]. By contrast, more frequent visits 
to a physical or occupational therapist were associated with 
a reduced risk of readmission or mortality within 30 days 
of discharge for stroke [26], with these effects being more 
pronounced in people discharged to post-acute care facility 
(vs. home) and in those having problems (vs. no problems) 
with mobility [26].

Medication Use or Adherence

Secondary prevention medications are strongly recom-
mended for survivors of stroke to reduce their risk of subse-
quent vascular events [44, 45]. Despite these recommenda-
tions, disparities in the use of medications were highlighted 
in several big data studies [46••, 47, 48]. In one such study 
undertaken among 9,817 Australian patients with first-ever 
stroke/TIA, about one in five patients never filled a prescrip-
tion for an antihypertensive, antithrombotic, or lipid-lower-
ing medication within 1 year of hospital discharge [46••]. 
Of greater concern, up to one-third of patients who initially 
filled a prescription subsequently discontinued therapy 
for ≥ 90 days (21% discontinued antihypertensive medi-
cations, 34% antithrombotic medications, and 29% lipid-
lowering medications) [46••]. Factors associated with con-
tinuation of antihypertensive medications included having 
a prescription at discharge from hospital, having quarterly 
contact with a primary care physician, and being prescribed 
medications by a specialist [46••]. In other studies, being 
female [47] and having greater psychological distress [48] 
were associated with suboptimal medication adherence after 
stroke. The importance of medication adherence on survival 
was highlighted in another study of 8,363 Australian sur-
vivors of stroke/TIA [22]. In that study, among those with 
adherence levels ≥ 60% during the first year after stroke, a 
10% increase in medication adherence was associated with a 
13–15% linear reduction in mortality during the subsequent 
2 years [22••].

Functional Measures

Recovery and return to usual daily activities rely heav-
ily on improvements in functional outcomes after stroke. 
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Functional outcomes were reported in five studies, with 
sample sizes ranging from 1,367 to 35,913 adults [10••, 
25, 36, 41••, 49]. In these studies, functional outcomes 
were captured in registry, hospital, or pharmaceuti-
cal claims data, using a variety of scales, such as the 
modified Rankin Scale (mRS) [10••, 25, 41••, 50], 
the functional independence measure [49], and ability 
to undertake activities of daily living (i.e., toileting or 
dressing) [10••, 36]. Among Australian patients admit-
ted to an inpatient rehabilitation facility following acute 
stroke/TIA, those with greater relative functional gain 
(defined by a change in functional independence meas-
ure) during rehabilitation were ≥ 10 times more likely to 
be independent (mRS 0–2) at 90–180 days after stroke/
TIA [41••]. Similarly, in a Swedish cohort, having ≥ 2 
prescriptions (for either anticoagulant, antihyperten-
sive, antidepressant, or diabetes medications) in the year 
before ischemic stroke was associated with 50–100% 
greater odds of being independent (estimated mRS 0–2 
or ability to toilet or dress) [10••].

Researchers have also explored the potential utility of 
home-time as a surrogate for functional outcomes [50], as 
discussed in the section on validation studies below.

Quality of Life

Health-related quality of life (HRQoL) after stroke is an 
important outcome measure for understanding the health 
status and any impairments experienced by people living 
with stroke/TIA in the community. However, the utility of 
big data to understand HRQoL after a stroke/TIA is yet to 
be fully explored globally. Reports of big data on HRQoL 
outcomes post-stroke/TIA came from five studies that were 
based on data from the Australian Stroke Clinical Registry 
(n = 4,239 to 28,115 survivors), collected during follow-
up surveys administered between 90 and 180 days after 
acute stroke/TIA [13, 23•, 39, 41••, 51•]. In these studies, 
HRQoL was self-reported via the EuroQoL five-dimensional 
3-level questionnaire [52]. Among registrants with a first-
ever stroke, 60% reported problems with mobility and usual 
activities, 50% with anxiety/depression and pain, and 30% 
with self-care [39].

Researchers have also explored whether HRQoL at 
90–180 days post-stroke/TIA varied by demographic char-
acteristics [23•, 51•]. No sex difference was observed in the 
overall HRQoL, assessed using a visual analogue scale rang-
ing from 0 to 100 (worst to best imaginable health) [51•]. 
However, females were 8% to 16% more likely to report 
problems related to usual activities, anxiety/depression, 
or pain/discomfort than males [51]. Compared to patients 
treated in rural hospitals, those treated in metropolitan hos-
pitals more often reported extreme problems with mobility 
(7% vs. 5%) and self-care (12% vs 9%) [23•].

Discharge destination and functional gain during reha-
bilitation care were associated with HRQoL at 90–180 days 
post-stroke/TIA [13, 41••]. Compared to survivors who 
were discharged home, the overall HRQoL was worse by 
6.5 points for those discharged to rehabilitation [13]. How-
ever, survivors discharged to rehabilitation had better over-
all HRQoL than those discharged to residential aged care 
(+ 43.4 points) [13]. In another study, there was a 22-point 
gain in HRQoL among those with greater relative functional 
gain (defined by a change in functional independence meas-
ure) [41••].

Healthcare Costs

The economic burden of stroke is considerable, with annual 
direct and indirect costs estimated to exceed €60 billion 
in Europe [53] and AU$32 billion in Australia [54]. With 
limited healthcare resources, large, routinely collected data 
on the use of healthcare services are instrumental for elic-
iting potential opportunities for cost containment. Costs 
after stroke, or associated factors, were reported in four 
studies conducted in Canada, China, Sweden, and the USA 
(n = 1,073 to 29,673) [55–58]. Among patients with stroke 
and systemic embolism with non-valvular atrial fibrillation 
taking oral anticoagulants, healthcare costs were greater 
among those with major bleeding (US$81,414; mean 
343  days after stroke) than those without (US$32,607; 
mean 327 days after stroke) [58]. In a cohort of 1,073 Swed-
ish patients with acute ischemic stroke, the cost of inpa-
tient rehabilitation was significantly lower among those 
with dementia (US$7,752) than those without dementia 
(US$12,239) [57]. Among 3,673 people with stroke in 
Canada, overall costs of healthcare utilization were driven 
by the level of comorbidity and not the index stroke event 
[55]. Costs were largely due to post-acute care services for 
those with low levels of comorbidity, and acute care services 
for those with high levels of comorbidity [55].

Big Data Analytics for Stroke Outcomes

Big data are often complex. Therefore, advanced analytical 
methods, such as machine learning, are increasingly being 
used to complement standard statistical methods [3], in order 
to navigate the nuances and complexities of big data. Moreo-
ver, big data often lack some clinically important predictors 
of stroke outcome (e.g., level of frailty, stroke severity) that 
are difficult, expensive, or not feasible to collect. As a result, 
sophisticated analytic methods are being used to validate 
surrogate variables for these measures. In this section, we 
review advanced analytical methods reported in recent stud-
ies of stroke outcomes or their determinants.
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Machine Learning

Machine learning methods optimize technological advances 
in computing power and statistical tools for analyzing big 
data, and are driving advances in person-centered care [59]. 
Advanced machine learning algorithms, capable of handling 
multi-collinearity, non-linearity, and higher order interac-
tions among variables, are being used to identify novel 
predictors of patient outcomes beyond those identified via 
conventional regression analyses [60].

Various machine learning algorithms have been devel-
oped for predicting mortality and functional outcomes post-
stroke, with varying degrees of accuracy [61]. The most 
popular machine learning methods being used to improve 
the prediction of stroke outcomes are random forests, sup-
port vector machines, decision trees, and deep neural net-
works [59]. In one study, random forests performed best 
for identifying predictors of 30-day mortality after stroke 
[62••]. Models involving natural language processing of 
unstructured free-text magnetic resonance imaging reports 
have been successfully used to predict 90-day functional out-
comes with great accuracy [63]. Machine learning methods 
have also been used to predict other stroke outcomes, includ-
ing 30-day readmissions [60, 64], home-time [50], motor 
recovery [65], and complications of stroke (e.g., pneumonia 
[66], and dysphagia [67]) and for developing a proxy meas-
ure of stroke severity [68]. Also, machine learning methods 
have been used to maximize the utility of longitudinal meas-
ures collected after acute stroke for improving the predic-
tion of outcomes [65, 66, 68, 69]. These include the use of 
30-day mRS scores to predict 90-day mRS scores [68], lon-
gitudinal measures of medication use or pathological meas-
ures to predict hospital-acquired pneumonia [66], or com-
bining sequential data on upper extremity capacity recovery 
to predict post-stroke motor recovery [65]. Despite these 
advances, there remains a need to address issues related to 
missingness of data, internal validation, reporting of model 
development, configuration, features, discrimination and 
calibration, and sample size limitations [59, 61].

Validation of Surrogate Measures Using Big Data

Big data studies often lack information on important clini-
cal or biological measures, such as patient frailty [35••] 
or stroke severity [19, 70, 71], that are pertinent to the 
research of stroke outcomes. To overcome this limitation, 
authors have developed surrogate indicators for these 
measures using other routinely available prognostic vari-
ables. Examples of these newly developed surrogate meas-
ures are discussed in further detail below. These recent 
advances allow for more robust assessment of stroke out-
comes and promote better standardization of methods in 
research using big data.

Stroke severity is one of the most important factors for 
predicting outcomes post-stroke [9, 12, 15], but informa-
tion on this measure is often unavailable in big datasets. 
In the Australian Stroke Clinical Registry, information is 
routinely collected on a patient’s ability to walk indepen-
dently on admission to provide a simple, validated marker 
of stroke severity that is predictive of 30-day mortality 
and mRS scores [39, 72]. In studies where information on 
stroke severity cannot be obtained through data linkage with 
a stroke registry, alternative surrogate measures are com-
monly used to infer stroke severity, such as the Glasgow 
Coma Scale [9, 14], mode of arrival to hospital [9], or length 
of stay in hospital [28]. Moreover, researchers have recently 
developed a new measure of stroke severity that is predic-
tive of 30-day mortality using a combination of variables 
routinely collected in big data, including age, sex, arrival by 
ambulance, transfer to a stroke hospital, use of mechanical 
ventilation, and triage scores [19].

Other new surrogate measures of stroke outcome devel-
oped for use in big data include the hospital frailty risk 
score, the FRAC-Stroke score, and the home-time measure. 
The hospital frailty risk score is derived using International 
Statistical Classification of Diseases and other Related 
Health Problems 10th revision (ICD-10) codes for 109 con-
ditions associated with frailty, including cognitive impair-
ment, delirium, consciousness, falls, and urinary inconti-
nence [35••]. This measure has been shown to be valid and 
reliable for predicting multiple poor outcomes after stroke, 
including 30-day mortality, 90-day readmissions, and 
HRQoL between 90 and 180 days [35••]. The FRAC-Stroke 
score differs from the hospital frailty risk score as it can be 
used to identify patients at elevated risk of low-trauma frac-
ture after stroke who could benefit from pharmacotherapy 
or bone densitometry screening [73••].

Home-time is defined as the number of days after stroke 
admission that a patient is alive and not hospitalized 
[74–76], and may be considered a more pragmatic indicator 
of global disability than examining individual components 
of readmissions and mortality. During the first 90 days post-
stroke, an average 55 to 60 days are spent at home for people 
with ischemic stroke [74, 77], 49 days after subarachnoid 
hemorrhage [74], and 0 days after ICH [74, 77]. Greater 
stroke severity [74, 76], older age [18, 77], and reduced 
functional recovery [74–77] are all associated with reduced 
90-day home-time. Receiving endovascular treatment may 
increase 90-day home-time by 10 days among those with 
ischemic stroke [18]. However, despite the good external 
validity of the home-time measure, heterogeneity in health 
service practices across jurisdictions may lead to variations 
in its estimation and limit its generalisability.

Use of big data for pharmaco-epidemiology can also 
present additional methodological challenges for research-
ers [78••]. For example, the calculation of medication 
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adherence in big data requires information on the intended 
duration of each prescription (known as the prescribed daily 
dose). However, this information is often not collected in 
prescription claims data, necessitating imputation of infor-
mation on dose from other sources. In a recent exploratory 
study, imputing one dose per day for antihypertensive medi-
cines (excluding beta-blockers) yielded similar estimates for 
1-year adherence compared to a more complicated method 
involving the 75th percentile of refill time [78••]. Contin-
ued standardization and transparent reporting of pharmaco-
epidemiological methods is needed to ensure findings from 
big data studies are robust and generalizable.

Future Directions

Despite increased capacity to generate big data on stroke 
outcomes, there remain considerable delays between data 
generation and publication, thereby limiting the value of 
these data for driving real-time improvements in patient 
outcomes. Although machine learning methods have helped 
maximize the efficiency of big data for improving the predic-
tion of stroke outcomes, greater rigor is needed in the report-
ing of these methods to allow their evaluation and external 
validation prior to more widespread adoption [59, 61]. Lack 
of studies from low- to middle-income countries highlights 
opportunities to develop the capacity to generate and harness 
big data for improving stroke outcomes in these settings. 
Also, there is a need to explore big data to unearth insights 
on stroke outcomes in rare patient groups and less-studied 
populations.

Conclusion

Ultimately, there have been many recent advances in the 
use of big data to explore outcomes after stroke, including 
mortality, readmission, medication use or adherence, func-
tional outcomes, quality of life, and health costs. Based on 
the 5Vs framework, further work is needed to improve the 
variety, velocity, and veracity of big data–enabled research. 
Big data are driving rapid innovations in research of stroke 
outcomes and generating novel evidence to bridge knowl-
edge and practice gaps.
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