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Abstract

Background: For stroke, traumatic brain injury (TBI), and other neurologic conditions associated with speech-language disorders,
speech and language therapy is the standard of care for promoting recovery. However, barriers such as clinician time constraints
and insurance reimbursement can inhibit a patient’s ability to receive the support needed to optimize functional gain. Although
digital rehabilitation has the potential to increase access to therapy by allowing patients to practice at home, the clinical and
demographic characteristics that impact a patient’s level of engagement with technology-based therapy are currently unknown.

Objective: This study aimed to evaluate whether the level of engagement with digital therapy differs by various patient
characteristics, including age, gender, diagnosis, time from disease onset, and geographic location (urban vs rural).

Methods: Data for patients with stroke or TBI that initiated the use of Constant Therapy, a remotely delivered, cloud-based
rehabilitation program for patients with speech-language disorders, were retrospectively analyzed. Only data from therapeutic
sessions completed at home were included. The following three activity metrics were evaluated: (1) the number of active weeks
of therapy, (2) the average number of active therapy days per week, and (3) the total number of therapeutic sessions completed
during the first 20 weeks of program access. An active day or week was defined as having at least one completed therapeutic
session. Separate multiple linear regression models were performed with each activity measure as the dependent variable and all
available patient demographics as model covariates.

Results: Data for 2850 patients with stroke or TBI were analyzed, with the average patient completing 8.6 weeks of therapy at
a frequency of 1.5 days per week. Contrary to known barriers to technological adoption, older patients were more active during
their first 20 weeks of program access, with those aged 51 to 70 years completing 5.01 more sessions than patients aged 50 years
or younger (P=.04). Similarly, patients living in a rural area, who face greater barriers to clinic access, were more digitally engaged
than their urban counterparts, with rural patients completing 11.54 more (P=.001) sessions during their first 20 weeks of access,
after controlling for other model covariates.

Conclusions: An evaluation of real-world data demonstrated that patients with stroke and TBI use digital therapy frequently
for cognitive and language rehabilitation at home. Usage was higher in areas with limited access to clinical services and was
unaffected by typical barriers to technological adoption, such as age. These findings will help guide the direction of future research
in digital rehabilitation therapy, including the impact of demographics on recovery outcomes and the design of large, randomized
controlled trials.

(J Med Internet Res 2020;22(2):e16286) doi: 10.2196/16286
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Introduction

Background
An estimated 795,000 people in the United States have a stroke
each year, making it the fifth leading cause of death and a major
source of disability in adults [1]. Nearly one-third of stroke
survivors present with aphasia, an acquired disorder of language
processing that can affect speech comprehension, expression,
reading, or writing [2,3]. In addition to negatively impacting a
patient’s quality of life and ability to participate in their
community, poststroke aphasia is also associated with
significantly higher rates of mortality, length of hospital stay,
and utilization of health care services [4-7]. From 2006 to 2014,
the United States experienced a 53% increase in emergency
room visits and hospitalizations attributed to another cause of
aphasia, traumatic brain injury (TBI) [8]. When evaluated
independently, the incidence of TBI deaths decreased by 6%
over the same period, indicating that a higher number of people
are living post-TBI injury. Similar to stroke, survivors of TBI
can experience decreased speech and cognitive function resulting
from both the initial impact and the secondary cerebral damage
caused by inflammation [9]. For stroke, TBI, and other
neurologic conditions resulting in problems with speech and
language comprehension (eg, brain tumors and some progressive
neurological conditions such as dementia), speech and language
therapy (SLT) is the standard of care for promoting functional
recovery. A growing body of literature indicates that persons
with speech-language disorders continue to improve their
language and communication abilities when treatment is
continued several months post disease onset [2]. However, after
a limited number of therapy sessions immediately following
injury, clinician time constraints, insurance reimbursement, and
patient fatigue can inhibit a patient’s ability to receive the
support they need to maintain gains in functional recovery [10].

One way to offset this lack of sufficient therapy is to enable
patients to engage in home practice through technology-based
therapeutic programs. Digital therapy delivered via computer,
tablet, or smartphone has demonstrated an ability to aid in a
patient’s recovery with a similar degree of functional
improvement as traditional in-person techniques [11-16]. One
such program is called Constant Therapy, a remotely delivered,
cloud-based rehabilitation program for patients with speech and
cognitive deficits caused by brain injury. Patients who used
Constant Therapy at home were able to achieve similar
improvements in accuracy on language and cognitive exercises
to patients using the app with a clinician. However, patients
using the program at home mastered these tasks more quickly
(6 days vs 12 days; P<.001) because of performing their
exercises more frequently [16].

Objective
Although technology-based rehabilitation programs have the
potential to increase access to therapy and promote functional
recovery for patients with brain injury, technology may also
prove to be a barrier in certain instances. A recent survey of
patients using tablet-based poststroke rehabilitation found that
device and system issues (eg, unreliable connections, exercise
speed, and difficulty using a touchscreen) and the patient’s

general comfort level with technology limited their use of the
platform [17]. However, these findings were from a small
sample of patients in the acute care setting. To understand the
feasibility of scaling the delivery of remote therapy for home
practice across a large, heterogeneous population, it is important
to understand the usage of technology for rehabilitation outside
the clinic. In the analysis presented here, we retrospectively
examined the usage of the Constant Therapy program across
individuals with stroke or TBI and evaluated whether the level
of digital engagement differed by various demographic
characteristics collected upon account creation. It was
hypothesized that known barriers to technological adoption,
including older age and a more rural location [18,19], would
decrease a patient’s overall usage of the computer-based
rehabilitation program, including the number of therapeutic
exercises completed, the average frequency of therapeutic
sessions, and the total duration of therapy. The information
gained from our study could help clinicians understand the
expected usage of remotely delivered rehabilitation and enable
them to evaluate the feasibility of recommending digital therapy
based on high-level patient characteristics.

Methods

Study Design and Patients
This study is a retrospective analysis of data collected from
patients with stroke or TBI who initiated the use of Constant
Therapy during a 40-month period from October 2016 to January
2019. Although it was not required that a patient be formally
diagnosed with aphasia or another speech-language disorder,
all patients included in this analysis endorsed having a language
or cognitive deficit upon account creation. Constant Therapy
is a subscription-based platform and is available for download
on the iTunes and Google Play stores. Either a clinician set up
an account for a patient or the patient created an account after
downloading the program themselves. New users were asked
to self-select which areas of therapy they felt they needed
improvement on, and initial exercises were assigned based on
these reported deficits. Before initial account sign in, users were
presented with a written description of the user license
agreement, where they had to electronically consent to the use
of their exercise and therapy performance for scientific and
research purposes. Users were also asked to provide information
about their demographics, including age (in years), gender,
diagnosis, and time since injury. Zip code–level location data
were approximated according to the Internet Protocol (IP)
address associated with account creation. The mapping of
location data to an urban or rural setting was then determined
using a crosswalk made publicly available by the US Federal
Office of Rural Health Policy, which identifies nonmetropolitan
counties and rural census tracts based on zip code.

The intention of this study was to evaluate the usage patterns
of digital therapy during home practice; therefore, only users
with active home use and only therapeutic sessions completed
without the aid of a clinician were eligible for inclusion in the
analysis. If a patient was working directly with a clinician
throughout the duration of their therapy, a clinician may have
reviewed a patient’s progress periodically in between
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home-based sessions. A patient was only required to have at
least one therapeutic session outside the clinic (N=2850) because
low utilization rates (eg, 1-2 therapeutic sessions) are of interest
to the study hypothesis and help determine the full range of
expected digital therapy use across a large sample.

During a home-based therapy session, patients practiced
exercises in increasing order of difficulty. As a patient worked

through the therapeutic schedule, assigned exercises dynamically
adapted to each patient’s individual progress. Therefore,
although a clinician may be involved in the initial setup of a
patient’s therapeutic regimen, the Constant Therapy platform
curates a program that continuously identifies and addresses an
individual’s recovery needs, enabling patients to practice and
advance independently (Figure 1) [15,20].

Figure 1. Constant Therapy overview.
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Study Ethics Approval
All data from patients’ devices were anonymized upon
collection. This project was considered an Institutional Review
Board (IRB) exempt retrospective analysis by Pearl IRB
(#17-LNCO-101) under Title 45 Code of Federal Regulations
46.101(b) category 2.

Data Collection
Data were collected using the Constant Therapy platform, which
includes more than 80 evidence-based SLT exercises with
varying levels of difficulty, for a total of 244 individual
exercises. The exercises fall in the domains of language
(naming, comprehension, speaking, reading, and writing) and
cognitive skills (attention, executive skills and problem solving,
mental flexibility, memory, and visuospatial skills).

As a patient completed therapeutic exercises on their mobile
device, the program recorded performance data (task accuracy
and latency) and all session activities, including usability logs,
time stamps, and item completion indicators. Data were stored
in a database and were cleaned before analysis. Missing data
may result from various scenarios, including technical issues
and patients not completing an assigned therapeutic session. To
minimize the impact of missing data on the results of this
analysis, we only included therapeutic sessions where the
majority (ie, more than one-half) of assigned exercises were
completed.

Statistical Analysis

Statistical Methods
Patient demographics were analyzed using descriptive statistics
and included patient diagnosis (stroke vs TBI), presence of a
chronic condition (>6 months from disease onset), age group
at the time of account creation (<50 years, 51-70 years, and >70
years), gender, and a binary indicator set to a value of 1 if a
patient lived in a rural census tract as determined by zip code.
Analyses of the following three measures of activity were
conducted for the full study sample using descriptive statistics:
(1) the number of active weeks of therapy, (2) the average
number of active days per week, and (3) the total number of
therapeutic sessions completed during the first 20 calendar
weeks of using Constant Therapy (defined as shown in Textbox
1). To examine the impact of patient demographic characteristics
on usage patterns, 3 separate multiple linear regression models
were performed with each activity measure as the dependent
variable. Model covariates included all available patient
demographics listed previously. A multiple linear regression
model was determined to be the most appropriate
methodological approach for our analysis, given that several
factors may determine a patient’s usage of digital therapy, and
evaluating the effect of each factor independent of other
demographic characteristics is needed for interpretability. All
statistical analyses were conducted using the Python
programming language and the open-source Statsmodel package
[21].

Textbox 1. Activity measure definitions.

1. Number of active weeks of therapy: The sum of all active weeks for a given patient during the study window. An active week was defined as a
week with at least one therapy session completed. This measure gauges the total duration of therapy for a given patient while excluding events
such as vacations and missed therapy days.

2. Average number of active days per week: An active day was defined as a day with at least one therapy session completed. To derive this metric,
the total number of active therapy days for a given patient during the study window was divided by their total number of active weeks of therapy.
This metric gauges how frequently therapy was performed, on average, during weeks with active therapy.

3. Total number of therapeutic sessions completed during the first 20 calendar weeks of using Constant Therapy: This metric gauges the number
of therapy sessions completed for each patient over a fixed period (20 calendar weeks following a patient’s first active session)

Power
The number of Constant Therapy users who reside in a rural
location was small in the study sample (N=226) relative to the
number of nonrural users (N=2624), a finding that is in line
with known barriers to technological adoption [19]. To
determine if this available sample size was sufficient to estimate
a statistically significant difference in digital therapy usage by
geographic location, we conducted a t test power analysis and
varied the effect size level according to Cohen suggested values
(ie, small effect=0.2, medium effect=0.5, and large effect=0.8)
[22]. The available sample of rural patients was considered
sufficient to achieve 80% power to correctly reject the null
hypothesis with an alpha of .05 and a small effect size. The
validity of sample sizes resulting from age group stratification
was also found to be sufficient under the same criteria using a
one-way analysis of variance (ANOVA) F test power analysis,
assuming three age groups. Furthermore, our full sample was
sufficient for achieving 80% power with an alpha of .05 in a
linear model with 5 degrees of freedom. On the basis of these

tests, we concluded that our sample sizes were sufficient for the
proposed analysis, specifically, evaluating whether known
barriers to technological adoption (age and rural location) impact
a patient’s engagement with digital rehabilitation.

Sensitivity Analysis
A sensitivity analysis was conducted to understand the
robustness of our findings on geographic location. Specifically,
propensity score matching was used to create an equally sized
sample of patients who lived in an urban setting but did not
statistically differ from the full rural sample in terms of age,
gender, time from disease onset, diagnosis, or US state of
residence. The difference in each of the 3 activity measures
between the 2 groups was evaluated using one-way ANOVA.
Propensity score matching was completed using the R statistical
package using the nearest neighbor method of matching [23].
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Results

User Statistics
Data for 2850 patients with stroke or TBI endorsing a language
or cognitive deficit were included in the analysis. The
demographic information for the study sample is presented in
Table 1. The majority of patients had a stroke diagnosis
(N=2213), had disease onset less than or equal to 6 months
before initiating digital therapy (N=1692), and lived in a
nonrural area (N=2624). A map depicting the number of total

patients by US state is presented in Figure 2. The average age
of a patient with stroke was 64.65 (SD 13.15) years, whereas
the average age of a patient with TBI was 49.28 (SD 17.80)
years, and both diagnoses had a slightly higher proportion of
patients who were male (1633/2850, 57.39% and 1664/2850,
58.39%, respectively). The average user completed 18.60 weeks
of therapy (range 1-53 weeks) at a frequency of 1.5 days per
week (range 0.50-4.77). During their first 20 weeks of access
to the Constant Therapy program, patients completed a total of
37 therapeutic sessions on average (range 1-890 sessions).

Table 1. Descriptive statistics of users (N=2850).

ValuesCharacteristic

Demographic

61.22 (15.69)Age (years), mean (SD)

Age group (years), n (%)

638 (22.39)≤50

1339 (46.98)51-70

873 (30.63)>70

1208 (42.38)Female, n (%)

Condition, n (%)

1692 (59.36)≤6 months

2213 (77.65)Stroke diagnosis, n (%)

226 (7.93)Rural location, n (%)

Self-reported deficits, n (%)

1959 (68.74)Difficulty understanding written language

388 (13.61)Difficulty understanding spoken language

2068 (72.56)Difficulty speaking

1769 (62.07)Difficulty writing

2055 (72.11)Difficulty remembering or retrieving information

1688 (59.23)Difficulty with attention

1431 (50.21)Difficulty processing visual details

1808 (63.44)Difficulty with problem solving

445 (15.61)Difficulty with executive functioning

Use of digital therapy, mean (SD)

18.60 (14.68)Number of weeks of use

1.49 (0.48)Average active days per week

37.00 (47.96)Number of sessions
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Figure 2. Number of Constant Therapy users by state.

Outcome Evaluation
Results from linear regression models (Table 2) demonstrate
that stroke or TBI diagnosis and gender do not have a
statistically significant effect on the total number of active weeks
of therapy, the average number of active days per week, or the
total number of sessions completed during the first 20 weeks
of program access. Across all activity metrics, the impact of
having a chronic condition (>6 months from disease onset) had
a significant effect on the level of therapeutic engagement. After
controlling for age, gender, diagnosis, and geographic location,
chronic patients completed 4.58 more weeks of therapy (P<.001)
and 4.53 more sessions (P=.02) during their first 20 weeks of
access than patients with an acute condition. However, patients
with chronic TBI or stroke had a lower frequency of therapy,
with −0.10 fewer days per week than acute patients (P<.001).

Age exerted different effects across the three activity measures.
Specifically, age group was not a significant predictor in

determining the total number of weeks of therapy; however,
patients older than 70 years had 0.1 fewer average active therapy
days per week (P<.001), and patients aged between 51 and 70
years completed 5.01 more sessions during their first 20 weeks
of program access (P=.04) compared with younger patients
(aged ≤50 years).

After controlling for all model covariates, patients living in a
rural location had a higher frequency of therapy than their urban
counterparts, with 0.06 (P=.05) more active days per week.
Furthermore, rural patients completed 11.54 (P=.001) more
sessions during the first 20 weeks of access to digital therapy
than patients living in an urban setting, after controlling for age,
gender, diagnosis, and chronicity. Rural location did not have
a statistically significant impact on the total number of weeks
of therapy; therefore, a patient’s location was not necessarily a
barrier to obtaining the desired duration of therapy.
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Table 2. Digital therapy usage regression results (N=2850).

Number of sessionsActive days per weekNumber of weeksModel componenta

29.53 (24.19 to 34.88)b1.57 (1.52 to 1.62)b14.88 (13.26 to 16.5)bIntercept, beta (95% CI)

.89 (−2.66 to 4.46)−.01 (−0.04 to 0.03)1.06 (−0.02 to 2.14)Male, beta (95% CI)

2.33 (−2.25 to 6.91).01 (−0.04 to 0.05).47 (−0.92 to 1.85)Stroke (vs traumatic brain injury), beta (95% CI)

4.53 (0.88 to 8.18)c−.1 (−0.14 to −0.07)b4.58 (3.47 to 5.69)bChronic condition, beta (95% CI)

11.54 (5.04 to 18.04)d.06 (0 to 0.13)1.23 (−0.74 to 3.2)Rural, beta (95% CI)

5.01 (0.29 to 9.73)c−.02 (−0.07 to 0.02)1.37 (−0.06 to 2.81)Age 51-70 yearse, beta (95% CI)

.10 (−5.11 to 5.32)−.11 (−0.16 to −0.06)b.46 (−1.13 to 2.04)Age ≥71 yearse, beta (95% CI)

0.0090.0180.026R 2

aModel intercepts are interpreted as the average level of activity for a given individual, independent of their age, gender, location, diagnosis, or time
since injury.
bP<.001.
cP<.05.
dP<.01.
eComparison group: age 50 years or less.

Sensitivity Analysis
ANOVA results from a balanced, propensity score–matched
sample of urban and rural patients (N=226 per sample)
confirmed that rural patients completed statistically significantly
more sessions during their first 20 weeks of access to the
Constant Therapy program (47.49 vs 34.46; F1,521=4.52; P=.03);

however, the number of active days per week was not
statistically different between the 2 groups (1.55 vs 1.47 days;
F1,521=2.29; P=.13; Figure 3). Similar to the multiple regression
analysis on the full sample, the number of active weeks of
therapy was not statistically different between rural and urban
patients in the propensity score–matched sample (19.73 weeks
vs 17.69 weeks; F1,521=2.21; P=.14).

Figure 3. Propensity score–matched rural and nonrural sample (N=452).

Discussion

Principal Findings
Technological adoption among elders in the United States has
been increasing in recent years, with the proportion of adults
aged 65 years or older who own a smartphone increasing from
18% in 2013 to 42% in 2016. However, the rate of adoption
remains markedly lower than that of the younger population
(79% for people aged 50-64 years, 92% for people aged 30-49
years, and 96% for people aged 18-29 years) [18]. Similarly,
adoption among Americans living in a rural area has also been
consistently lower, with 71% smartphone ownership and 49%
tablet ownership, compared with 83% smartphone ownership
and 58% tablet ownership among suburban dwellers in 2019

[19]. In contrast to these general trends, we found that among
patients using tablets or smartphones for rehabilitation therapy,
older patients were just as engaged as younger patients in terms
of the duration of therapy and in fact completed more therapeutic
sessions during their first 20 weeks of access to the Constant
Therapy program. We specifically see that patients aged 51 to
70 years completed more sessions during their first 20 weeks
of program access than patients aged 50 years or younger. These
findings suggest that older patients who experience neurological
injury, which make up the majority of the patients in our sample,
are highly likely to engage in digital therapy and are motivated
to practice. Recent analyses have concluded that older age is
associated with lower effort and self-reported motivation for
rehabilitation in both stroke and TBI populations [24,25]. In
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the case of patients with TBI, the point of declining effort was
seen to be as early as 44 years. These findings focused on
in-clinic rehabilitation shortly after injury (ie, 1-4 weeks). The
fact that both groups over the age of 50 years trended toward
higher usage during their first 20 weeks of program access
(when compared with those aged ≤50 years) suggests that
motivation and support for rehabilitation may present differently
in the home-based environment of digital therapy.

Patients who live in a rural location also engaged in more
therapeutic sessions and were active more days per week than
urban or suburban users, with results on total therapeutic
sessions being robust to propensity score–matched sample
comparisons. Therefore, although there may be barriers for
individuals in rural areas to access technology-based health care
solutions initially, those who do are actively engaged and can
benefit from digital therapy. Our analysis does not take
socioeconomic status into account and, therefore, does not
suggest a geographical difference in the ability to afford
technological products or subscription-based digital therapy.
Given that all patients in our sample were able to access the
required technology and therapeutic program, our results are
best interpreted in the framework of access to in-clinic services,
which may be more difficult for rural users, given proximity
and travel requirements. A further analysis of our data
demonstrated that the frequency of patients with Constant
Therapy accounts set up by clinicians was significantly lower

among rural users (χ2
1=4.5; P=.03) when compared with patients

in an urban setting. Therefore, digital rehabilitation may allow
rural users to engage in therapy at a frequency that is similar to
the patients who have an easier time accessing clinical services.

Patients with a chronic condition (injury >6 months from
program initiation) completed more sessions and engaged in
therapy for more weeks than acute patients, regardless of age,
gender, diagnosis, or geographic location. However, similar to
previous analyses that evaluate the amount of therapy received
by time since injury, chronicity was also associated with
significantly fewer active therapy days per week [26]. These 3
results suggest that although acute patients practice digital
therapy more frequently, perhaps because of the functional gains
associated with early rehabilitation [27], patients in the chronic
phase of recovery participate in a rehabilitation program that is
longer in duration and includes more therapeutic sessions on
days with active therapy. In addition, platform usage did not
differ by neurologic diagnosis. Although the exact therapeutic
approach and exercises assigned to a patient may differ by
condition, this result suggests that patients with stroke or TBI
are able to access the digital therapy they require in a similar
manner.

Finally, the average patient in this retrospective analysis
completed 37 therapy sessions during a 20-week period, which
is much more than the typical patient in the clinical setting
where sessions can be as infrequent as once every 2 weeks
[26,28]. Although our analysis did not evaluate effectiveness
outcomes, the ability for increased data collection with digital
rehabilitation has the potential to help answer clinical questions
that require more data than are typically available. Given that
multiple factors influence both the level of impairment and

degree of improvement for a patient, large amounts of data are
required to scalably understand the effect of individualized
factors on rehabilitation outcomes [29-31]. Digital therapy can
make this scale of data collection and evaluation possible by
lowering barriers to access and delivering therapy remotely on
a platform that collects data continuously. Furthermore, the use
of digital rehabilitation for data collection can serve as a
low-cost alternative to traditional clinical trial methods, where
high dropout rates can lead to inconclusive results at follow-up
[2,32].

Comparison With Prior Work
Understanding how usage of tablet-based or smartphone-based
rehabilitation at home might be affected by a patient’s age,
gender, geographic location, diagnosis, and chronicity is
important to understand how digital therapeutics might scale to
serve a larger population. Previous publications that examine
the usage patterns of digital rehabilitation for SLT have
generally been in a setting where a curated therapeutic schedule
was suggested or prescribed. Although this structure is needed
to determine effectiveness, these studies do not necessarily
provide insight into how digital rehabilitation would be adopted
as it becomes more readily available. Specifically, current
statistics for digital therapy tend to reflect usage within the
context of research studies, which may be more limited by
protocols than observational data. For instance, a recent
publication by Kurland et al [11] evaluated the effectiveness of
a tablet-based treatment program for 21 patients with chronic
aphasia over a 6-month period. Compliance to the suggested
regimen (5 days a week for at least 20 min) was 83%. However,
practice time was self-reported, and it is unclear how the
observed usage might differ if a predetermined frequency of
practice was not explicitly recommended. Similarly, a recently
completed clinical trial (Big CACTUS) evaluated the
effectiveness of computerized word finding training in 285
adults with chronic aphasia who used the digital therapy 20 to
30 min a day for 6 months with monthly volunteer support [33].
Although it was noted that 61% of the patients used the software
beyond the 6-month protocol, statistics on their usage in an
observational context has not been reported [34].

Limitations
There are some important caveats to this retrospective analysis.
First, although the Constant Therapy platform allows for the
collection of a large amount of data across several
English-speaking countries, it is currently impossible to collect
detailed demographic information from all individuals. Specific
to the work presented here, educational status and baseline
severity were not collected upon account creation. Previous
research has shown that both these factors can impact the
functional outcomes of neurologic rehabilitation [29]; therefore,
their exclusion creates an omitted variable bias, and it is unclear
how our results might have changed with their inclusion. In
addition, measures of session activity that may have further
differentiated our sample, such as the number of items
completed during a therapeutic session or the length of time of
a therapeutic session, were not explored. However, the three
measures used in this analysis are intended to be generalizable
across patients, given that the actual content of each therapeutic
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session will vary based on individual patient needs. Reasons
for therapy discontinuation (eg, cost of the program and deficit
improvement) and the effect of deficits that present potential
barriers to technological usage (eg, difficulty processing visual
details) were also not evaluated.

Demographic information collected upon account creation,
including age and diagnosis, are self-reported and not verified
by a clinician. Furthermore, several pieces of data were not
available in our sample, including deficit severity, information
on nonvirtual therapy support (eg, in-clinic visits for SLT and
support from family members or caregivers), familiarity with
technology, and technological failures during use (which may
influence a patient’s usage of digital therapy). Our analysis only
evaluates the usage of digital therapy in general but does not
attempt to define whether exercises were completed accurately
or have an impact on clinical outcomes, which would require
standardized measures of cognitive and speech improvement
to be administered to the sample.

Although important for determining the possible range of digital
therapy use, patients with low utilization rates (eg, 1-2 sessions)
may not be indicative of the broader population of stroke and
TBI patients who have adopted rehabilitation technology for
home practice. A sensitivity analysis in which patients were
required to have at least ten therapeutic sessions resulted in the
same statistically significant results presented in Table 2, with
the exception of the third activity metric, where age 51 to 70
years (P=.09) and chronic condition (P=.06) lost statistical

significance for predicting the total number of sessions
completed during the first 20 weeks of program access.

Finally, geographic location was approximated by the IP address
of the account at sign up, which may differ from the residential
address of the user associated with the account. Our sample had
a lower representation of rural users than the general US
population (7.93% Constant Therapy users vs 19.23% US
population) [35], which most likely reflects known disparities
in technological adoption rates. The aim of our analysis was to
evaluate therapeutic engagement after a patient acquired access
to digital therapy; therefore, our study sample represents a
population that most likely has a higher likelihood of
technological adoption than the general population.

Conclusions
An evaluation of real-world data demonstrated that patients
with stroke and TBI used digital therapy frequently for cognitive
and language rehabilitation at home. Digital therapy usage was
higher in areas with limited access to clinical services and was
not affected by typical barriers to technological adoption, such
as age. Moreover, patients in the chronic stage of recovery (who
generally face more hurdles in receiving therapy) were engaged
in active therapy for longer than those in the acute stage of
recovery. These findings will help guide the direction of future
research in digital rehabilitation therapy, including the impact
of demographics on recovery outcomes and the design and
recruitment of large, randomized controlled trials.

Conflicts of Interest
SK is currently a consultant for the Learning Corporation. JG, MM, and EO are employees of the Learning Corporation, makers
of Constant Therapy

References

1. Writing Group Members, Mozaffarian D, Benjamin EJ, Go AS, Arnett DK, Blaha MJ, American Heart Association Statistics
Committee, Stroke Statistics Subcommittee. Executive summary: heart disease and stroke statistics--2016 update: a report
from the American Heart Association. Circulation 2016 Jan 26;133(4):447-454. [doi: 10.1161/CIR.0000000000000366]
[Medline: 26811276]

2. Brady M, Kelly H, Godwin J, Enderby P, Campbell P. Speech and language therapy for aphasia following stroke. Cochrane
Database Syst Rev 2016 Jun 01(6):CD000425. [doi: 10.1002/14651858.CD000425.pub4] [Medline: 27245310]

3. Flowers HL, Skoretz SA, Silver FL, Rochon E, Fang J, Flamand-Roze C, et al. Poststroke aphasia frequency, recovery,
and outcomes: a systematic review and meta-analysis. Arch Phys Med Rehabil 2016 Dec;97(12):2188-2201.e8. [doi:
10.1016/j.apmr.2016.03.006] [Medline: 27063364]

4. Bersano A, Burgio F, Gattinoni M, Candelise L, PROSIT Study Group. Aphasia burden to hospitalised acute stroke patients:
need for an early rehabilitation programme. Int J Stroke 2009 Dec;4(6):443-447. [doi: 10.1111/j.1747-4949.2009.00349.x]
[Medline: 19930053]

5. Di Carlo A, Lamassa M, Baldereschi M, Pracucci G, Basile AM, Wolfe CD, European BIOMED Study of Stroke Care
Group. Sex differences in the clinical presentation, resource use, and 3-month outcome of acute stroke in Europe: data from
a multicenter multinational hospital-based registry. Stroke 2003 May;34(5):1114-1119. [doi:
10.1161/01.STR.0000068410.07397.D7] [Medline: 12690218]

6. Guyomard V, Fulcher R, Redmayne O, Metcalf A, Potter J, Myint P. Effect of dysphasia and dysphagia on inpatient
mortality and hospital length of stay: a database study. J Am Geriatr Soc 2009 Nov;57(11):2101-2106. [doi:
10.1111/j.1532-5415.2009.02526.x] [Medline: 20121954]

7. Berthier ML. Poststroke aphasia : epidemiology, pathophysiology and treatment. Drugs Aging 2005;22(2):163-182. [doi:
10.2165/00002512-200522020-00006] [Medline: 15733022]

8. Centers for Disease Control and Prevention. TBI-related Emergency Department Visits, Hospitalizations, and Deaths
(EDHDs) URL: https://www.cdc.gov/traumaticbraininjury/data/tbi-edhd.html [accessed 2019-10-23]

J Med Internet Res 2020 | vol. 22 | iss. 2 | e16286 | p. 9https://www.jmir.org/2020/2/e16286
(page number not for citation purposes)

Munsell et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1161/CIR.0000000000000366
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26811276&dopt=Abstract
http://dx.doi.org/10.1002/14651858.CD000425.pub4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27245310&dopt=Abstract
http://dx.doi.org/10.1016/j.apmr.2016.03.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27063364&dopt=Abstract
http://dx.doi.org/10.1111/j.1747-4949.2009.00349.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19930053&dopt=Abstract
http://dx.doi.org/10.1161/01.STR.0000068410.07397.D7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12690218&dopt=Abstract
http://dx.doi.org/10.1111/j.1532-5415.2009.02526.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20121954&dopt=Abstract
http://dx.doi.org/10.2165/00002512-200522020-00006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15733022&dopt=Abstract
https://www.cdc.gov/traumaticbraininjury/data/tbi-edhd.html
http://www.w3.org/Style/XSL
http://www.renderx.com/


9. Galgano M, Toshkezi G, Qiu X, Russell T, Chin L, Zhao L. Traumatic brain injury: current treatment strategies and future
endeavors. Cell Transplant 2017 Jul;26(7):1118-1130 [FREE Full text] [doi: 10.1177/0963689717714102] [Medline:
28933211]

10. Harnish SM, Morgan J, Lundine JP, Bauer A, Singletary F, Benjamin ML, et al. Dosing of a cued picture-naming treatment
for anomia. Am J Speech Lang Pathol 2014 May;23(2):S285-S299. [doi: 10.1044/2014_AJSLP-13-0081] [Medline:
24686830]

11. Kurland J, Liu A, Stokes P. Effects of a tablet-based home practice program with telepractice on treatment outcomes in
chronic aphasia. J Speech Lang Hear Res 2018 May 17;61(5):1140-1156 [FREE Full text] [doi:
10.1044/2018_JSLHR-L-17-0277] [Medline: 29710115]

12. Palmer R, Enderby P, Cooper C, Latimer N, Julious S, Paterson G, et al. Computer therapy compared with usual care for
people with long-standing aphasia poststroke: a pilot randomized controlled trial. Stroke 2012 Jul;43(7):1904-1911. [doi:
10.1161/STROKEAHA.112.650671] [Medline: 22733794]

13. Stark BC, Warburton EA. Improved language in chronic aphasia after self-delivered iPad speech therapy. Neuropsychol
Rehabil 2018 Jul;28(5):818-831. [doi: 10.1080/09602011.2016.1146150] [Medline: 26926872]

14. Woolf C, Caute A, Haigh Z, Galliers J, Wilson S, Kessie A, et al. A comparison of remote therapy, face to face therapy
and an attention control intervention for people with aphasia: a quasi-randomised controlled feasibility study. Clin Rehabil
2016 Apr;30(4):359-373. [doi: 10.1177/0269215515582074] [Medline: 25911523]

15. Des Roches CA, Balachandran I, Ascenso EM, Tripodis Y, Kiran S. Effectiveness of an impairment-based individualized
rehabilitation program using an iPad-based software platform. Front Hum Neurosci 2015;8:1015 [FREE Full text] [doi:
10.3389/fnhum.2014.01015] [Medline: 25601831]

16. Godlove J, Anantha V, Advani M, Des Roches C, Kiran S. Comparison of therapy practice at home and in the clinic: a
retrospective analysis of the constant therapy platform data set. Front Neurol 2019;10:140 [FREE Full text] [doi:
10.3389/fneur.2019.00140] [Medline: 30858819]

17. Pugliese M, Ramsay T, Shamloul R, Mallet K, Zakutney L, Corbett D, et al. RecoverNow: a mobile tablet-based therapy
platform for early stroke rehabilitation. PLoS One 2019;14(1):e0210725 [FREE Full text] [doi: 10.1371/journal.pone.0210725]
[Medline: 30682076]

18. Anderson M, Perrin A. Pew Research Center. 2017. Technology use among seniors URL: https://www.pewresearch.org/
internet/2017/05/17/technology-use-among-seniors/ [accessed 2019-10-01]

19. Perrin A. Pew Research Center. 2019. Digital gap between rural and nonrural America persists URL: https://www.
pewresearch.org/fact-tank/2019/05/31/digital-gap-between-rural-and-nonrural-america-persists/ [accessed 2019-10-01]

20. Kiran S, Roches CD, Balachandran I, Ascenso E. Development of an impairment-based individualized treatment workflow
using an iPad-based software platform. Semin Speech Lang 2014 Feb;35(1):38-50. [doi: 10.1055/s-0033-1362995] [Medline:
24449464]

21. Seabold S, Perktold J. Statsmodels: econometric and statistical modeling with Python. 2010 Presented at: 9th Python Sci
Conf 2010; June 28-July 3, 2010; Austin, Texas. [doi: 10.1002/9781119126805.ch5]

22. Cohen J. Statistical Power Analysis of the Behavioral Sciences. Hillsdale, NJ: Erlbaum Associates; 1988:1-567.
23. R Found Stat Comput. 2011. R: A Language and Environment for Statistical Computing URL: https://www.r-project.org/
24. Seel RT, Corrigan JD, Dijkers MP, Barrett RS, Bogner J, Smout RJ, et al. Patient effort in traumatic brain injury inpatient

rehabilitation: course and associations with age, brain injury severity, and time postinjury. Arch Phys Med Rehabil 2015
Aug;96(8 Suppl):S235-S244 [FREE Full text] [doi: 10.1016/j.apmr.2014.10.027] [Medline: 26212400]

25. Rapolienė J, Endzelytė E, Jasevičienė I, Savickas R. Stroke patients motivation influence on the effectiveness of occupational
therapy. Rehabil Res Pract 2018;2018:9367942 [FREE Full text] [doi: 10.1155/2018/9367942] [Medline: 30155309]

26. Palmer R, Witts H, Chater T. What speech and language therapy do community dwelling stroke survivors with aphasia
receive in the UK? PLoS One 2018;13(7):e0200096 [FREE Full text] [doi: 10.1371/journal.pone.0200096] [Medline:
29990345]

27. Kwakkel G, Kollen B, Lindeman E. Understanding the pattern of functional recovery after stroke: facts and theories. Restor
Neurol Neurosci 2004;22:281-299. [Medline: 15502272]

28. Simmons-Mackie N, Raymer A, Cherney LR. Communication partner training in aphasia: an updated systematic review.
Arch Phys Med Rehabil 2016 Dec;97(12):2202-2221.e8. [doi: 10.1016/j.apmr.2016.03.023] [Medline: 27117383]

29. Plowman E, Hentz B, Ellis C. Post-stroke aphasia prognosis: a review of patient-related and stroke-related factors. J Eval
Clin Pract 2012 Jun;18(3):689-694. [doi: 10.1111/j.1365-2753.2011.01650.x] [Medline: 21395923]

30. Lazar RM, Speizer AE, Festa JR, Krakauer JW, Marshall RS. Variability in language recovery after first-time stroke. J
Neurol Neurosurg Psychiatry 2008 May;79(5):530-534. [doi: 10.1136/jnnp.2007.122457] [Medline: 17846113]

31. Kiran S. How does severity of aphasia influence individual responsiveness to rehabilitation? Using big data to understand
theories of aphasia rehabilitation. Semin Speech Lang 2016 Feb;37(1):48-60. [doi: 10.1055/s-0036-1571358] [Medline:
26882364]

32. Doogan C, Dignam J, Copland D, Leff A. Aphasia recovery: when, how and who to treat? Curr Neurol Neurosci Rep 2018
Oct 15;18(12):90 [FREE Full text] [doi: 10.1007/s11910-018-0891-x] [Medline: 30324233]

J Med Internet Res 2020 | vol. 22 | iss. 2 | e16286 | p. 10https://www.jmir.org/2020/2/e16286
(page number not for citation purposes)

Munsell et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://europepmc.org/abstract/MED/28933211
http://dx.doi.org/10.1177/0963689717714102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28933211&dopt=Abstract
http://dx.doi.org/10.1044/2014_AJSLP-13-0081
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24686830&dopt=Abstract
http://europepmc.org/abstract/MED/29710115
http://dx.doi.org/10.1044/2018_JSLHR-L-17-0277
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29710115&dopt=Abstract
http://dx.doi.org/10.1161/STROKEAHA.112.650671
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22733794&dopt=Abstract
http://dx.doi.org/10.1080/09602011.2016.1146150
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26926872&dopt=Abstract
http://dx.doi.org/10.1177/0269215515582074
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25911523&dopt=Abstract
https://dx.doi.org/10.3389/fnhum.2014.01015
http://dx.doi.org/10.3389/fnhum.2014.01015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25601831&dopt=Abstract
https://doi.org/10.3389/fneur.2019.00140
http://dx.doi.org/10.3389/fneur.2019.00140
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30858819&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0210725
http://dx.doi.org/10.1371/journal.pone.0210725
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30682076&dopt=Abstract
https://www.pewresearch.org/internet/2017/05/17/technology-use-among-seniors/
https://www.pewresearch.org/internet/2017/05/17/technology-use-among-seniors/
https://www.pewresearch.org/fact-tank/2019/05/31/digital-gap-between-rural-and-nonrural-america-persists/
https://www.pewresearch.org/fact-tank/2019/05/31/digital-gap-between-rural-and-nonrural-america-persists/
http://dx.doi.org/10.1055/s-0033-1362995
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24449464&dopt=Abstract
http://dx.doi.org/10.1002/9781119126805.ch5
https://www.r-project.org/
http://europepmc.org/abstract/MED/26212400
http://dx.doi.org/10.1016/j.apmr.2014.10.027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26212400&dopt=Abstract
https://dx.doi.org/10.1155/2018/9367942
http://dx.doi.org/10.1155/2018/9367942
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30155309&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0200096
http://dx.doi.org/10.1371/journal.pone.0200096
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29990345&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15502272&dopt=Abstract
http://dx.doi.org/10.1016/j.apmr.2016.03.023
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27117383&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2753.2011.01650.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21395923&dopt=Abstract
http://dx.doi.org/10.1136/jnnp.2007.122457
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17846113&dopt=Abstract
http://dx.doi.org/10.1055/s-0036-1571358
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26882364&dopt=Abstract
http://europepmc.org/abstract/MED/30324233
http://dx.doi.org/10.1007/s11910-018-0891-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30324233&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


33. Palmer R, Cooper C, Enderby P, Brady M, Julious S, Bowen A, et al. Clinical and cost effectiveness of computer treatment
for aphasia post stroke (Big CACTUS): study protocol for a randomised controlled trial. Trials 2015 Jan 27;16:18 [FREE
Full text] [doi: 10.1186/s13063-014-0527-7] [Medline: 25623162]

34. Palmer R, Dimairo M, Cooper C, Enderby P, Brady M, Bowen A, et al. Self-managed, computerised speech and language
therapy for patients with chronic aphasia post-stroke compared with usual care or attention control (Big CACTUS): a
multicentre, single-blinded, randomised controlled trial. Lancet Neurol 2019 Sep;18(9):821-833. [doi:
10.1016/s1474-4422(19)30192-9]

35. U.S. Census Bureau. 2016. New Census Data Show Differences Between Urban and Rural Populations URL: https://www.
census.gov/newsroom/press-releases/2016/cb16-210.html [accessed 2019-08-28]

Abbreviations
ANOVA: analysis of variance
IP: Internet Protocol
IRB: Institutional Review Board
SLT: speech and language therapy
TBI: traumatic brain injury

Edited by G Eysenbach; submitted 17.09.19; peer-reviewed by T Langford, M Dutta, R Palmer, E Guo; comments to author 04.10.19;
revised version received 29.10.19; accepted 16.12.19; published 11.02.20

Please cite as:
Munsell M, De Oliveira E, Saxena S, Godlove J, Kiran S
Closing the Digital Divide in Speech, Language, and Cognitive Therapy: Cohort Study of the Factors Associated With Technology
Usage for Rehabilitation
J Med Internet Res 2020;22(2):e16286
URL: https://www.jmir.org/2020/2/e16286
doi: 10.2196/16286
PMID:

©Michael Munsell, Emily De Oliveira, Sadhvi Saxena, Jason Godlove, Swathi Kiran. Originally published in the Journal of
Medical Internet Research (http://www.jmir.org), 11.02.2020. 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 the Journal of Medical Internet Research, is
properly cited. The complete bibliographic information, a link to the original publication on http://www.jmir.org/, as well as this
copyright and license information must be included.

J Med Internet Res 2020 | vol. 22 | iss. 2 | e16286 | p. 11https://www.jmir.org/2020/2/e16286
(page number not for citation purposes)

Munsell et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://trialsjournal.biomedcentral.com/articles/10.1186/s13063-014-0527-7
https://trialsjournal.biomedcentral.com/articles/10.1186/s13063-014-0527-7
http://dx.doi.org/10.1186/s13063-014-0527-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25623162&dopt=Abstract
http://dx.doi.org/10.1016/s1474-4422(19)30192-9
https://www.census.gov/newsroom/press-releases/2016/cb16-210.html
https://www.census.gov/newsroom/press-releases/2016/cb16-210.html
https://www.jmir.org/2020/2/e16286
http://dx.doi.org/10.2196/16286
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/

