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Abstract 

Background: Significant variability exists in how real-world walking has been measured in prior studies in individuals 
with stroke and it is unknown which measures are most important for cardiovascular risk. It is also unknown whether 
real-world monitoring is more informative than laboratory-based measures of walking capacity in the context of 
cardiovascular risk. The purpose of this study was to determine a subset of real-world walking activity measures most 
strongly associated with systolic blood pressure (SBP), a measure of cardiovascular risk, in people with stroke and if 
these measures are associated with SBP after accounting for laboratory-based measures of walking capacity.

Methods: This was a cross-sectional analysis of 276 individuals with chronic (≥ 6 months) stroke. Participants wore an 
activity monitor for ≥ 3 days. Measures of activity volume, activity frequency, activity intensity, and sedentary behavior 
were calculated. Best subset selection and lasso regression were used to determine which activity measures were 
most strongly associated with systolic blood pressure. Sequential linear regression was used to determine if these 
activity measures were associated with systolic blood pressure after accounting for walking capacity (6-Minute Walk 
Test).

Results: Average bout cadence (i.e., the average steps/minute across all bouts of walking) and the number of long 
(≥ 30 min) sedentary bouts were most strongly associated with systolic blood pressure. After accounting for covari-
ates (ΔR2 = 0.089, p < 0.001) and walking capacity (ΔR2 = 0.002, p = 0.48), these activity measures were significantly 
associated with systolic blood pressure (ΔR2 = 0.027, p = 0.02). Higher systolic blood pressure was associated with 
older age (β = 0.219, p < 0.001), male gender (β = − 0.121, p = 0.046), black race (β = 0.165, p = 0.008), and a slower 
average bout cadence (β = − 0.159, p = 0.022).

Conclusions: Measures of activity intensity and sedentary behavior may be superior to commonly used measures, 
such as steps/day, when the outcome of interest is cardiovascular risk. The relationship between walking activity and 
cardiovascular risk cannot be inferred through laboratory-based assessments of walking capacity.
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Introduction
Low physical activity is an important modifiable risk 
factor for stroke and future cardiovascular events 
[1–5]. In fact, low physical activity may be the second 
most important modifiable risk factor for stroke, aside 
from blood pressure [6]. Thus, controlling a person’s 
risk factors for stroke often involves modifications to 
their activity behavior to reduce these risks [2]. This is a 
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particularly salient concept in people who have already 
sustained a stroke who typically demonstrate lower 
activity levels and greater sedentary behavior compared 
to persons without stroke [7–11].

The application of sensor technology has enabled 
rehabilitation professionals to measure real-world 
activity (i.e., activity that occurs outside the clinic or 
laboratory setting) to better understand the activ-
ity levels of individuals with stroke and its effects on 
cardiovascular risk [1, 12–14]. In general, two lines of 
work have garnered significant attention in the sensor 
field, one related to the measurement of activity and 
the other focused on understanding predictors of activ-
ity. In terms of measurement, the most common way 
that real-world walking activity has been quantified in 
stroke rehabilitation studies is by calculating average 
steps/day (ASPD) [15–19]. Using this measure, a per-
son’s daily stepping activity is monitored over a period 
of time (preferably at least 7  days) [20, 21], summed 
and averaged across the number of valid recording days 
[22, 23]. Thus, ASPD is easy to calculate and interpret, 
likely contributing to its ubiquitous use in studies in 
individuals with stroke. There is, however, significant 
variability in how real-world activity is measured in 
studies in people with stroke [7, 10, 11, 14, 24–29], with 
some studies emphasizing the importance of measur-
ing sedentary behavior [11, 25, 28, 30, 31] and others 
examining measures of activity intensity using meta-
bolic equivalents of task (METS) or cadence [14, 26, 27, 
32], among other measures. Thus, it remains unknown 
which measures of real-world walking activity are most 
important for cardiovascular risk in people with stroke.

A second line of work has focused on examining pre-
dictors of real-world walking activity in people with 
stroke [15, 28, 33–35]. This line of work has revealed that 
measures of walking capacity are strongly related to real-
world walking activity after stroke. A recent meta-analy-
sis by Thilarajah and colleagues found that the 6-Minute 
Walk Test, a measure of walking capacity, explains 37% 
of the variance in physical activity in people with stroke 
[15]. This suggests that measures of walking capacity 
are critically important and could potentially serve as 
a proxy for real-world walking activity in people with 
stroke. Real-world activity monitoring can be costly and 
cumbersome [36]; thus, if rehabilitation professionals 
were able to utilize laboratory-based measures of walk-
ing capacity as a proxy for real-world walking activity, 
this could potentially save time and resources. However, 
other work suggests that performance on laboratory-
based measures of walking capacity does not necessar-
ily translate to real-world walking behavior [18, 37–39]. 
Thus, whether real-world monitoring is more informative 
than laboratory-based measures of walking capacity in 

understanding the relationship with cardiovascular risk is 
not known at this time.

These lines of work have exposed two critical knowl-
edge gaps. The first is that it remains unknown which 
measures of real-world walking activity are most impor-
tant for cardiovascular risk in people with stroke. While 
previous studies have selected measures of poten-
tial importance, the first objective of this work was to 
determine which measures of real-world activity are 
most important to identify cardiovascular risk in peo-
ple with stroke. Elevated systolic blood pressure (SBP) 
is an important cardiovascular risk factor and likely the 
strongest risk factor for stroke [3, 6, 40]. We therefore 
examined the relationship between measures of real-
world walking activity and SBP. The second knowledge 
gap is that it is not known whether real-world monitor-
ing is more informative than laboratory-based measures 
of capacity in the context of cardiovascular risk. There-
fore, our second objective was to determine if measures 
of real-world walking activity would be associated with 
SBP after accounting for measures of walking capacity 
(6-Minute Walk Test, 6MWT). We hypothesized that 
average steps/day, average number of walking bouts/
day, the percent time spent in sedentary behaviors, and 
the fragmentation index would be significantly associ-
ated with SBP and that these activity measures would be 
significantly associated with SBP after accounting for the 
6MWT.

Methods
Study design and participants
This was a cross-sectional analysis of baseline data from 
a multisite clinical trial with four sites: University of 
Delaware, University of Pennsylvania, Christiana Care 
Health System, and Indiana University (NCT02835313) 
[41]. To be included in this analysis, the following eligi-
bility criteria were employed: Inclusion: (1) Ages 21–85, 
(2) ≥ 6  months post stroke, (3) Able to walk at a self-
selected gait speed of ≥ 0.3 m/s without assistance from 
another person (assistive devices allowed), (4) Rest-
ing heart rate between 40 and 100 beats/min, (5) Rest-
ing blood pressure between 90/60 and 170/90  mmHg; 
Exclusion: (1) Evidence of cerebellar stroke, (2) Other 
potentially disabling neurologic conditions in addi-
tion to stroke, (3) Lower limb Botulinum toxin injec-
tion < 4  months earlier, (4) Current participation in 
physical therapy, (5) Inability to walk outside the home 
prior to stroke, (6) Coronary artery bypass graft, 
stent placement, or myocardial infarction within past 
3 months, (7) Musculoskeletal pain that limits activity, (8) 
Unable to provide informed consent as indicated by an 
inability to answer at least 1 orientation correctly (item 
1b on the NIH Stroke Scale) and inability to follow at 
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least one, two-step comment (item 1c on the NIH Stroke 
Scale). In addition, only participants with complete data 
for the activity measures, 6MWT and SBP were included 
in this analysis. All participants signed informed con-
sent approved by the Human Subjects Review Board 
at the University of Delaware or their respective insti-
tution prior to study participation (protocol number 
878153–50).

Theoretical framework
In order to determine which measures of real-world 
activity to include in our statistical analysis, we first con-
ducted a review of the literature in people with stroke [2, 
7–12, 14, 15, 17–19, 21, 22, 24, 25, 27, 28, 30, 34, 38, 42–
47] and other populations [26, 32, 48–58] that measured 
real-world walking activity. This literature search resulted 
in over 30 different measures of real-world activity. We 
then systematically eliminated measures that were deriv-
atives of each other (e.g., Peak 1, a measure of real-world 
activity intensity used in some studies [26, 52], is similar 
to Peak 30 [21, 52]) and measures that could be prob-
lematic in individuals with stroke. For example, METS 
is a common way that activity intensity is quantified [14, 
27, 59, 60]; however, there are limitations to using METS 
in people with stroke [61–63]. Prior work has shown 
that individuals with stroke expend greater energy dur-
ing walking compared to persons without stroke [63], 

suggesting that the use of METS in people with stroke 
may not be an accurate reflection of walking intensity. 
Once this smaller subset of measures was identified, the 
measures were then grouped under specific domains 
based on our knowledge of stroke and past literature sug-
gesting that different activity measures assess different 
constructs [11, 12, 14, 22, 26, 32, 44]. Figure 1 provides 
a visual representation of the end result of this process 
and shows our theoretical framework for conceptualizing 
activity behavior. The model shows that activity behav-
ior is comprised of four domains: activity volume, activ-
ity frequency, activity intensity, and sedentary behavior. 
Each of these domains is intended to reflect an important 
but unique aspect of a person’s overall walking activity 
behavior. Table 1 displays the activity measures of inter-
est, the domain of measurement, and how each measure 
was calculated.

Activity volume This domain is intended to capture 
a person’s overall volume of activity and encompasses 
measures such as averages steps/day (ASPD) [32] and 
time walking per day [24, 45] which provide an global 
representation of a person’s overall volume of activ-
ity over a particular period of time. Measures of activity 
volume, specifically ASPD, was associated with all-cause 
mortality in a large sample of adults living in the United 
States [52], suggesting that measures of activity volume 
may have important health implications. Furthermore, 

Activity Behavior

Activity
Volume

Sedentary
Behavior

Activity
Frequency

Activity
Intensity

Steps per Day

Time Walking
per Day

Short Walking
Bouts (<40 steps)

Long Walking
Bouts (≥300 steps)

Bouts per Day

Peak 30

Average Bout
Cadence

Percentage of
Sedentary Time

Long Sedentary
Bouts (≥ 30

minutes)

Fragmentation
Index

Fig. 1 Theoretical Model. Activity behavior is comprised of four domains: Activity Volume, Activity Frequency, Activity Intensity, and Sedentary 
Behavior. The measures listed beneath each domain were considered measures of that domain in the current work
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these measures can be readily extracted from a variety of 
step activity monitors which could facilitate their imple-
mentation in clinical settings. However, past work also 
suggests that measures of activity volume may be insuf-
ficient for understanding the relationship between activ-
ity and health and that additional or alternative measures 
are needed [12, 14, 24, 25, 30, 32].

Activity frequency Previous work suggests that the fre-
quency (i.e., bouts) in which activity is accrued through-
out the day differs in people with stroke compared to 
healthy controls [7, 24, 46]. In particular, past work has 
shown individuals with stroke engage in fewer overall 
bouts of walking activity [24, 46] and fewer long-distance 
bouts compared to older adults [24]. In addition, longi-
tudinal studies in individuals with stroke have demon-
strated that increases in activity volume (i.e., ASPD) may 
be partly explained by increases in the number of walking 
bouts [17, 64]. This suggests that the frequency in which 
activity is accrued may provide unique and important 
information beyond measures of activity volume (i.e., 
ASPD). The number of long (≥ 300 steps) [24, 46, 54] and 
short (< 40 steps) bouts [24, 46, 54] of walking activity as 
well as the overall number of walking bouts per day [24, 
45, 46] were considered measures of activity frequency.

Activity intensity Stroke prevention guidelines suggest 
that individuals with stroke should engage in moderate-
to-vigorous intensity aerobic physical activity to lower 
their risk of recurrent stroke and cardiovascular events 
[65]. This suggests that the cardiovascular intensity of 
walking activity may also be important when monitor-
ing real-world walking behavior in people with stroke. 
In support of this point, Fini and colleagues found that 
greater time spent in moderate-to-vigorous physical 
activity was associated with a reduction in some cardio-
vascular risk factors in people with stroke over a two-year 
monitoring period [14]. This study, among others [22, 25, 

43, 44], provide support that the cardiovascular intensity 
of real-world activity may be important in addition to the 
overall volume of activity. Measures of walking cadence 
have been utilized in prior studies as a proxy for the car-
diovascular intensity of walking [21, 26, 32, 47, 52]. Thus, 
Peak 30 and average bout cadence (i.e., the average steps/
minute across all bouts of walking) were considered 
measures of activity intensity in the current work [21, 32, 
47, 52]. Peak 30 captures the 30 highest, but not neces-
sarily consecutive, minutes of activity in a day and was 
previously shown to be associated with cardiometabolic 
risk factors in a large sample of adults [32]. Thus, Peak 
30 was intended to capture an individual’s highest step-
ping activity in a day. Average bout cadence, on the other 
hand, was intended to capture a slightly different aspect 
of activity intensity by quantifying an individual’s average 
rate (i.e., cadence) of stepping during bouts of walking 
[47].

Sedentary behavior There is growing consensus that 
sedentary time is an independent construct of active 
time [7, 8, 10, 25, 27, 28, 50, 66]. Previous studies have 
shown that time spent in sedentary behaviors is asso-
ciated with negative health outcomes, independent 
of active time [50, 67, 68]. Other studies have shown 
that breaking up the amount of time spent in seden-
tary behaviors has positive effects on cardiometabolic 
markers, such as blood glucose, systolic blood pres-
sure and body mass index [30, 57, 58]. Taken together, 
these findings suggest that in addition to measuring 
time spent in active behaviors, time spent in seden-
tary behaviors should also be measured when attempt-
ing to understand the relationship between activity 
and cardiovascular risk. The percentage of time spent 
in sedentary behaviors [14, 28, 55, 56], the number of 
long (≥ 30  min) sedentary bouts [11, 14, 48], and the 
fragmentation index [25, 30, 57, 58] were considered 

Table 1 Activity measure calculations

Domain Measure Calculation

Activity volume Average Steps/Day #stepstakenovervalidrecordingperiod
numberofvalidrecordingdays

Average Time Walking/Day #minuteswalkingovervalidrecordingperiod
numberofvalidrecordingdays

Activity frequency Average Number of Short Bouts/Day (< 40 steps) #shortwalkingboutsovervalidrecordingperiod
numberofvalidrecoridngdays

Average Number of Long Bouts /Day (≥ 300 steps) #longwalkingboutsovervalidrecordingperiod
numberofvalidrecordingdays

Average Number of Bouts/Day #walkingboutsovervalidrecordingperiod
numberofvalidrecordingdays

Activity intensity Peak 30 averagesteps/minfor30highestminuteseachday
numberofvalidrecordingdays

Average Bout Cadence sumofsteps/minforallactivebouts
numberofactivebouts

Sedentary behavior Percent Sedentary Time (#sedentaryminutesovervalidrecordingperiod
totalweartimeovervalidrecordingperiod )*100

Average Number of Long Sedentary Bouts/Day (≥ 30 min) #oflongsedentaryboutsovervalidrecordingperiod
numberofvalidrecordingdays

Fragmentation Index numberofsedentarybouts≥5minovervalidrecordingperiod
totalnumberofsedentaryminutesovervalidrecordingperiod
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measures of the sedentary domain. The fragmenta-
tion index is a measure that quantifies interruptions in 
sedentary behavior. Its calculation is shown in Table 1 
where a higher value indicates more interrupted sed-
entary behavior. This measure was intentionally chosen 
based on prior literature demonstrating positive effects 
of breaks in sedentary time on cardiometabolic mark-
ers of health [30, 57, 58].

Measures
During the baseline visit of the clinical trial, demo-
graphic information (i.e., age, gender, race) and stroke 
information (i.e., time since initial stroke) were col-
lected. Participants’ resting blood pressure was col-
lected in accordance with the American College of 
Sports Medicine (ACSM) guidelines [69]. Specifically, 
blood pressure readings were obtained with the par-
ticipant seated in a chair with back support for at least 
5  min, their legs uncrossed, and the arm supported at 
the level of the heart. A minimum of two readings were 
obtained with at least 1-min between readings. The two 
readings were averaged to represent the participant’s 
resting blood pressure [69]. However, if a difference 
of > 5  mmHg was observed between the first and sec-
ond readings, an additional reading was obtained, and 
the average of these multiple readings was used.

To measure walking capacity, participants completed 
the 6-Minute Walk Test (6MWT). Participants were 
instructed to walk continuously as fast as possible for 
6 min around a 42-m rectangular track [70]. Participants 
were instructed that they may stop and rest at any point 
during the test if needed but that the timer will continue. 
The 6MWT is a valid and reliable test of walking endur-
ance in people with stroke [71, 72].

To measure real-world walking activity, participants 
were provided with a Fitbit One or Fitbit Zip to wear 
on their non-paretic ankle. The Fitbit has demonstrated 
acceptable accuracy in detecting stepping activity in 
people with stroke particularly when placed at the non-
paretic ankle [73–76]. Participants were instructed to 
wear the device for 7 days; however, a minimum of 3 days 
of activity was required [20]. Participants were instructed 
to go about their usual activity while wearing the device 
and to remove it for water-based activities and sleep. 
Upon returning the device, a trained physical therapist 
inspected the data to ensure the minimum wear criteria 
was met. To determine valid recording days, the partici-
pant was queried about any inconsistencies or irregu-
larities in the data. The days in which participants were 
issued and returned the device were not counted towards 
the 3-day minimum, nor were any days in which the par-
ticipant did not wear the device during waking hours.

Data processing
Figure 2 displays a data pipeline that demonstrates how 
the data were processed and analyzed. Participants’ step 
data was exported into 60-s sampling epochs to calcu-
late the activity measures of interest [Fig.  2: “Raw Data 
(60-s epoch)”]. The first stage of data processing involved 
determining “wear” and “non-wear” time using the R 
package “accelerometry” [77]. Determining non-wear 
time is a critical decision when processing accelerometry 
data to reduce the risk of erroneously classifying seden-
tary time as non-wear time and vice-versa. We therefore 
employed a two-step process to determine an appropri-
ate “non-wear” window and increase our confidence in 
this decision (Fig. 2: “Testing non-wear intervals”). First, 
non-wear windows of 3  h through 6  h were tested, and 
the number of sedentary and non-wear minutes were 
compared using a within-subjects analysis of variance 
(ANOVA) where the non-wear window was the within 
subjects variable. Post-hoc testing was conducted if the 
model was statistically significant. Second, a clinician 
with expertise in stroke rehabilitation independently 
coded whether each minute was “non-wear”, “sedentary” 
or “active” time for a random subset of 10 participants, 
and these results were compared to those of the different 
non-wear windows. These steps revealed significant dif-
ferences (p < 0.05) in the number of sedentary and non-
wear minutes for the 3-h non-wear window compared to 
all other non-wear windows. Comparing these results to 
the clinician responses revealed the highest agreement 
with the 4-h non-wear window (> 85% agreement for all 
10 participants, mean agreement of 94.67%). We there-
fore determined the 4-h non-wear window was most 
appropriate. Under this definition, “non-wear” time was 
defined as any interval of at least 240 consecutive min-
utes (4 h) with 0 steps, allowing for 2 spurious minutes 
of activity of up to 2 steps each minute. Non-wear min-
utes were then removed from further analysis (Fig.  2: 
“Remove Non-Wear Time”). Any minutes that did not 
meet this criterion were defined as “wear” time. “Wear” 
time was further categorized as “active” or “sedentary” 
(Fig. 2: “Distinguish Wear Time as Active or Sedentary”). 
“Active” minutes were any minutes with at least 1 step, 
with the exception that a minute with only 1 step could 
not have a minute of 0 steps before and after it. All other 
“wear” minutes that did not meet this criterion were 
considered “sedentary” minutes. For example, a series 
of minutes with 0 steps, 1 step, 0 steps would be labeled: 
sedentary, sedentary, sedentary. A series of minutes with 
10 steps, 12 steps, 0 steps, 20 steps would be labeled: 
active, active, sedentary, active. The activity measures 
were calculated from the “active” and “sedentary” time 
(Fig.  2: “Processed Activity Measures”). For example, 
the average time walking/day was calculated from the 
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“active” minutes, and the percent sedentary time was cal-
culated using “sedentary” minutes (Table 1).

Statistical analysis
A two-step statistical analysis was employed to best 
address each of our study objectives. To address our first 
objective of identifying a subset of activity measures most 
strongly related to SBP, two variable selection techniques 

were utilized. For the primary analysis, lasso regression 
was employed. Lasso regression applies a penalty, con-
trolled by the parameter λ, that shrinks the regression 
coefficients closer towards zero such that some of the 
variables (i.e., activity measures) are dropped from the 
model [78, 79]. The result is a simpler model containing 
a subset of variables whose coefficients were not zero. 
Those “surviving” variables are therefore interpreted as 

Raw Data
(60-sec epoch) 

Remove Non-
Wear Time

Test non-wear
intervals 

Lasso
Regression

Best Subset
Selection 

Lowest AIC10-fold cross-
validation x 100 

Final Regression
Model with 

Covariates & 6MWT

Measures
Common among

all Models

Subset of
Activity

Measures

Lowest Residual
Sum of Squares

Highest
Adjusted R2

Identify optimal
value of λ

Optimal
value of λ
identified

Refit model using
all data and

optimal λ

Subset of
Activity

Measures

Subset of
Activity

Measures

Subset of
Activity

Measures

Distinguish Wear
Time as Active
or Sedentary

Processed
Activity Measures

Fig. 2 Data Pipeline. 6MWT 6-Minute Walk Test
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most strongly related to the outcome. For this work, the 
optimal value of λ was chosen using tenfold cross-valida-
tion which was replicated 100 times to achieve a stable 
solution (Fig.  2: “10-fold cross-validation × 100”) [78]. 
The optimal value of λ was considered the value associ-
ated with the smallest mean squared error on the test 
data [78, 79]. Once this optimal value of λ was identified, 
the model was then re-fit using all of the data and the 
optimal value of λ (Fig. 2: “Refit model using all data and 
optimal λ”). This process resulted in a subset of walking 
activity measures most strongly related to SBP. The lasso 
regression was performed using R Statistical Software 
(v3.6.1) [80] and the “glmnet” package [81].

To increase our confidence in the subset of activity 
measures retained from lasso, we also utilized the best 
subset method and compared these results to that of 
lasso. Unlike lasso, which performs variable selection by 
shrinking coefficients, the best subset method performs 
variable selection by fitting separate regression models 
for all possible combinations of predictors to determine 
which model (i.e., subset of predictors) is “best” [78, 82]. 
For this work, we determined which model was “best” 
by examining the AIC (Akaike information criterion), 
adjusted  R2, and the model with the lowest residual sum 
of squares (Fig.  2) [78]. As lower AIC values indicate a 
better model, we rank-ordered all 1024 possible models 
from lowest to highest AIC and selected the model with 
the lowest AIC value [78]. As higher adjusted  R2 values 
indicate better fit, we rank-ordered all possible mod-
els from highest to lowest adjusted  R2 and selected the 
model with the highest adjusted  R2 value [78]. As the 
residual sum of squares (RSS) always decreases as more 
variables are added to the model, we utilized the number 
of variables retained from lasso (p) and identified the best 
p-variable model with the lowest RSS. For example, if 
lasso retained 2 variables as most strongly related to SBP, 
we identified the best 2-variable model with the lowest 
RSS. The result of this step was three models (i.e., subsets 
of predictors) with the lowest AIC, highest adjusted  R2, 
and lowest RSS. The best subset models were conducted 
using the regsubsets function within the “leaps” package 
[83] in R as well as the Regression Best Subsets extension 
in SPSS Version 28.0, Armonk, NY: IBM Corp. These 
results were compared to that of lasso (Fig. 2: “Measures 
Common among all Models”). Measures that were com-
mon among all approaches were fit in a separate linear 
regression model.

Sequential linear regression was used to address our 
second objective of understanding if the subset of activity 
measures selected were significantly related to SBP after 
accounting for walking capacity (Fig. 2: “Final Regression 
Model with Covariates & 6MWT”). In this approach, 
predictors are entered in blocks and the change in  R2 

value is evaluated after each block entry to determine if 
the block is significantly related to SBP after adjusting 
for the previous blocks [84]. The first block of predic-
tors included covariates, specifically age, gender, race, 
and time since initial stroke. Gender was coded as male 
(0) or female (1). Race was categorized as white, black, 
and other which consisted of individuals who identified 
as races other than black or white (e.g., Asian) or identi-
fied as being more than one race. Race was then dummy 
coded as white compared to black and white compared 
to other. Walking capacity (i.e., 6MWT) was entered into 
the second block. The third block consisted of the com-
mon activity measures among lasso and best subset mod-
els. Thus, this two-step approach allowed us to discern 
the extent to which the activity measures were associ-
ated with SBP after accounting for covariates and walking 
capacity by evaluating the change in  R2 value associated 
with each block of predictors which would not have 
been possible with a one-step approach. All regression 
assumptions were tested and met. The sequential linear 
regression was conducted in SPSS Version 28.0, Armonk, 
NY: IBM Corp.

Results
Two-hundred and seventy-nine participants had com-
plete data for the activity measures, 6MWT and SBP 
when this analysis was conducted. Three participants 
were removed due to systolic blood pressures below eli-
gibility criteria, resulting in a final sample size of 276 par-
ticipants. Table  2 displays the demographic and clinical 
characteristics of our study sample. The ASPD [9, 14, 21, 

Table 2 Demographic and clinical characteristics of study 
sample (n = 276)*

*Continuous variables that were normally distributed are presented as mean 
(standard deviation, SD) and non-normal variables are presented as median 
(interquartile range, IQR). mmHg millimeters of mercury, kg/m2 kilograms per 
squared meters, m meters

Characteristic Participants

Age (years) 65.0 (IQR 17.0)

Gender (male/female) Male: n = 143 (51.8%)
Female: n = 133 (48.2%)

Time Since Initial Stroke (months) 23.0 (IQR 41.0)

Race White: n = 169 (61.2%)
Black: n = 64 (23.2%)
Other: n = 38 (13.8%)
Prefer Not to Respond: n = 5 (1.8%)

Systolic blood pressure (mmHg) 128.13 (SD 16.26)

Body mass index (kg/m2) 29.79 (IQR 8.19)

6-Minute Walk Test (m) 311.87 (IQR 181.85)

Number of valid step activity days 8.0 (IQR 5.0)

Average steps/day 4175.0 (IQR 3149.5)

Percent sedentary time 82.1 (IQR 11.04)
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33] and percent sedentary time [10, 27, 85–87] of partici-
pants in our sample are comparable to samples in other 
reports.

Table  3 displays the subset of measures identified for 
the lasso and best subset models. For the lasso model, a 
λ value of 0.03 resulted in the lowest mean squared error 
(0.87) on the test data (Fig. 3). Figure 4 displays how the 
coefficients shrink with increasing λ values. Scanning the 
X-axis from left to right shows that the coefficient for 
average time walking/day was shrunk to 0 first, whereas 
the coefficients for long sedentary bouts and average 
bout cadence remained above 0 the longest (note: as λ 
approaches infinity, all coefficients are shrunk to 0). Refit-
ting the model using all data and this value of λ resulted 
in only two activity measures whose coefficients were > 0, 
average bout cadence and long sedentary bouts. Thus, 
lasso regression selected average bout cadence and long 
sedentary bouts as most strongly related to SBP.

The best subset models associated with the lowest 
AIC and highest adjusted  R2 also contained only aver-
age bout cadence and long sedentary bouts (Table 3). As 
lasso identified two activity measures as most strongly 
related to SBP, we also examined the best two-variable 
model associated with the lowest RSS. This model also 
contained only average bout cadence and long seden-
tary bouts (Table 3). Thus, all models for best subset and 
lasso resulted in the same conclusion, that average bout 
cadence and long sedentary bouts were most strongly 
associated with SBP.

Average bout cadence and long sedentary bouts were 
then included in block 3 of the sequential linear regres-
sion model. Collectively, the block of covariates was 
significant (ΔR2 = 0.089, p < 0.001), suggesting the covari-
ates explained a significant amount of variance in SBP 
(Table 4). The addition of walking capacity (i.e., 6MWT) 
did not significantly improve the model (ΔR2 = 0.002, 
p = 0.480). In support of our hypothesis, the activity 
measures explained a significant amount of variance in 
SBP after accounting for covariates and walking capac-
ity (ΔR2 = 0.027, p = 0.020). The full model was signifi-
cant (p < 0.001) and explained 11.8% of the variability in 
SBP. The coefficients for age (β = 0.219, p < 0.001), gender 
(β = − 0.121, p = 0.046), black race (β = 0.165, p = 0.008), 

and average bout cadence (β = −  0.159, p = 0.022) were 
significant (Table  5). These results suggest that higher 
systolic blood pressure was associated with older age, 
male gender, black race, and a slower average bout 
cadence.

Discussion
The two primary objectives of this work were to (1) deter-
mine a subset of real-world walking activity measures 
most strongly related to SBP in people with stroke and 
(2) determine if this subset of walking activity measures 
was significantly associated with SBP after accounting for 
measures of walking capacity (i.e., 6MWT). We found 
that average bout cadence (a measure of activity inten-
sity) and the number of long sedentary bouts (a measure 

Table 3 Subset of activity measures identified using lasso regression and best subset models

Model Model Performance Subset of Activity Measures

Lasso Optimal λ: 0.03
Mean Squared Error: 0.87

Average Bout Cadence, Long Sedentary Bouts

Best Subset: Lowest AIC AIC: 1535.84 Average Bout Cadence, Long Sedentary Bouts

Best Subset: Lowest Residual Sum of Squares Residual Sum of Squares: 70,495.52 Average Bout Cadence, Long Sedentary Bouts

Best Subset: Highest Adjusted  R2 Adjusted  R2: 0.02 Average Bout Cadence, Long Sedentary Bouts
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Fig. 3 Relationship between Lambda and Mean Squared Error. The 
Y axis represents the mean squared error (MSE). The X axis represents 
values of lambda. The figure shows that as the strength of the penalty 
increases, MSE decreases to a point and then increases. The lambda 
value associated with the lowest MSE on the test data was 0.03. This 
point represents the lambda value at which model performance on 
the test data was best. The model was then refit using all data and 
this optimal value of lambda
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Fig. 4 Coefficient Shrinkage with Increasing Lambda. The Y axis represents the value of the coefficients. The X axis represents values of lambda, 
where a higher value indicates a greater penalty (i.e., greater shrinkage). As lambda increases (i.e., from left to right on the X axis), the value of the 
coefficients shrink towards zero. The coefficient for Average Time Walking/Day is shrunk to zero first, followed by Peak 30, Fragmentation Index, 
Average Number of Short Bouts, Average Steps/Day, Percent Sedentary Time, Average Number of Bouts/Day, Average Number of Long Bouts, 
Average Number of Long Sedentary Bouts, and finally Average Bout Cadence. At a lambda value of 0.03, only Average Bout Cadence and Average 
Number of Long Sedentary Bouts remained in the model

Table 4 Linear regression model predicting systolic blood 
pressure

Variables R2 Model p ΔR2 ΔR2 p

Covariates (Age, gender, race, time 
since initial stroke)

0.089 < 0.001 0.089 < 0.001

Walking capacity (6-Minute Walk Test) 0.091 < 0.001 0.002 0.480

Activity measures (Average Bout 
Cadence, Long Sedentary Bouts)

0.118 < 0.001 0.027 0.020

Table 5 Standardized regression coefficients of linear regression 
model predicting systolic blood pressure

Variable β p

Age 0.219 < 0.001

Gender − 0.121 0.046

Time Since Initial Stroke − 0.057 0.338

Race: Black 0.165 0.008

Race: Other − 0.045 0.454

6-Minute Walk Test 0.114 0.088

Average Bout Cadence − 0.159 0.022

Long Sedentary Bouts 0.090 0.129
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of sedentary behavior) were most strongly associated 
with SBP in people with stroke and that these measures 
were related to SBP after accounting for walking capac-
ity. There are two primary take-home messages from this 
work: (1) in the context of cardiovascular risk average 
bout cadence and the number of long sedentary bouts 
are important measures of walking activity, and (2) lab-
oratory-based measures of walking capacity are not suffi-
cient for understanding the relationship between walking 
activity and cardiovascular risk in people with stroke.

While previous studies have selected measures that 
represent activity domains of interest, our objective was 
to determine which measures might be most important 
among a battery of measures that have been utilized in 
previous studies [2, 7–12, 14, 15, 17–19, 21, 22, 24–28, 
30, 32, 34, 38, 42–58]. Our finding that a higher aver-
age bout cadence and less long sedentary bouts are most 
strongly associated with lower SBP suggests that these 
walking activity measures may be most important for 
cardiovascular risk in people with chronic stroke. Our 
finding that a higher average bout cadence, a measure of 
real-world walking intensity, was associated with lower 
SBP is supported by physical activity recommendations 
for people with stroke which suggest that the intensity of 
activity is important for maximal health benefits and car-
diovascular risk reduction [2, 65]. This is also supported 
by a longitudinal study by Fini and colleagues that found 
the duration and bouts of moderate-to-vigorous physical 
activity [measured using metabolic equivalents (METS)] 
was associated with cardiovascular risk factors over a 
two-year monitoring period in people with stroke [14].

We also found that a greater number of long sedentary 
bouts was associated with a higher SBP. This is supported 
by past work in individuals with stroke [14] as well as 
past work in other populations demonstrating a dose–
response relationship between the duration of bouts 
spent in sedentary behaviors and risk for cardiovascu-
lar disease [48]. This finding also supports the notion 
that sedentary time may be its own unique construct 
independent of active time [7, 8, 10, 25, 27, 28, 50, 66]. 
However, individually, long sedentary bouts was not sig-
nificant in our regression model (Table 5). Therefore, our 
finding that the block representing the activity measures 
was significant in our model (Table  4) was likely being 
driven by average bout cadence, whose individual regres-
sion coefficient was significant. This is also supported by 
the lasso model in which average bout cadence was the 
last measure to be dropped from the model (Fig. 4). Col-
lectively, this could suggest that if measurement options 
are limited, average bout cadence should be prioritized, 
followed by long sedentary bouts.

Despite its ubiquitous use in stroke rehabilitation 
clinical trials [15–19], ASPD was not found to be related 

to SBP in our sample of participants with stroke. One 
reason for this may be due to the fact that our outcome 
of interest for this work was SBP, a measure of cardio-
vascular risk. A common purpose for measuring ASPD 
in prior work has been to understand if a laboratory- or 
clinic-based intervention translates to changes in real-
world walking behavior [16, 18, 37, 38], which was not 
the outcome of interest in the current work. This could 
suggest that how real-world walking activity is quanti-
fied may need to differ based on the context. For exam-
ple, when attempting to understand how a laboratory 
or clinic-based intervention translates to real-world 
walking behavior or to obtain a global assessment of 
a stroke survivor’s walking activity levels, ASPD may 
be a reasonable choice. However, when attempting to 
understand how a stroke survivor’s real-world activity 
affects their cardiovascular risk, our results suggest that 
average bout cadence and long sedentary bouts may be 
superior measures. This suggests that careful consid-
eration should be given to which measure(s) are used to 
quantify real-world walking activity depending on the 
purpose of measuring this behavior after stroke.

The activity measures (i.e., average bout cadence and 
long sedentary bouts) explained a significant amount 
of variability in SBP after accounting for covariates and 
6MWT, which was not significantly associated with 
SBP. This result suggests that: (1) measures of real-
world walking activity are distinct from laboratory-
based measures of walking capacity, specifically the 
6-Minute Walk Test, and that the two do not measure 
the same abilities post-stroke, and (2) an individual’s 
performance on the 6-Minute Walk Test is not suf-
ficient for understanding the relationship between 
walking activity and cardiovascular risk in persons 
with stroke. Physical activity is related to important 
cardiovascular risk factors for stroke [1–5, 32], which 
is supported by the current work. Our results serve as 
an extension of prior work by demonstrating that this 
relationship cannot be inferred through laboratory-
based assessments of walking capacity. Our real-world 
walking activity measures were calculated from numer-
ous days of activity monitoring and are therefore likely 
a more accurate reflection of a person’s actual walking 
performance in the real world than a measure of walk-
ing capacity conducted at a single point in time in the 
laboratory. This is supported by our finding that the 
walking activity measures were significantly associ-
ated with SBP, whereas the 6MWT was not, and by 
previous work demonstrating that laboratory-based 
measures of walking capacity do not necessarily trans-
late to real-world walking behavior [18, 37–39]. Taken 
together, these findings suggest that when attempting 
to understand (and possibly modify) real-world walking 



Page 11 of 14Miller et al. Journal of NeuroEngineering and Rehabilitation          (2022) 19:111  

behavior as it relates to cardiovascular risk reduction, 
laboratory-based measures are likely insufficient and 
real-world monitoring is imperative.

Limitations
There are several limitations to consider when inter-
preting the results of this work. First, we made several 
assumptions when determining non-wear time of the Fit-
bit device which could have affected our activity measure 
calculations. For example, a minute with 0 steps could 
be a minute of sedentary time or a minute of non-wear 
time. To increase our confidence in these assumptions, 
we tested multiple non-wear windows and leveraged the 
opinion of an expert clinician. Despite these efforts, it is 
possible that we incorrectly identified non-wear time as 
sedentary time and vice-versa in some cases. However, 
the median percent sedentary time in our sample (82.1%, 
IQR 11.04%) is comparable to previous reports in indi-
viduals with stroke [10, 27, 85–87], increasing our confi-
dence in these assumptions. Second, we were constrained 
to a 60-s sampling epoch for our activity measure calcu-
lations which likely caused an underestimation of activity 
bouts [24, 88] and overestimation of time spent in active 
behaviors [88]. Future studies could consider replicat-
ing our procedures with a device that permits a smaller 
sampling epoch and compare results. Third, while 
cadence has been previously used to quantify the inten-
sity of real-world activity in persons with stroke [10, 22, 
29, 43] and other populations [26], this may not be the 
most appropriate measure of real-world activity intensity 
in people with stroke. Stroke often results in neuromotor 
impairments that can impact gait speed [89] and meta-
bolic efficiency of gait [62, 63] which might confound the 
relationship between cadence and heart rate, which is 
why we did not hypothesize these measures to be most 
important. Thus, additional studies are needed to deter-
mine the relationship between cadence and heart rate in 
people with stroke. Fourth, this work is cross-sectional, 
and we therefore do not know if changes in average bout 
cadence and long sedentary bouts result in changes in 
SBP in people with stroke. Future longitudinal studies 
are needed to confirm our findings. Finally, we used a 
theoretical approach based on a review of the literature 
to develop our theoretical model (Fig. 1) and determine 
which activity measures to include in our statistical anal-
ysis. Alternatively, we could have utilized a data-driven 
approach to determine which activity measures to 
include in the analysis. Thus, future work may consider 
replicating our procedures using a data-driven approach 
and compare results. In a similar vein, future studies 
could consider empirically testing our theoretical model 
using confirmatory factor analysis to better understand 

the relationships between the activity measures and their 
hypothesized measurement domains.

Conclusions
Measures of real-world walking activity, specifically aver-
age bout cadence and long sedentary bouts, were most 
strongly associated with SBP in people with chronic 
stroke. This suggests that the intensity of real-world 
walking and sedentary behavior may be important for 
cardiovascular risk in persons with stroke. These activ-
ity measures were associated with SBP after accounting 
for covariates and walking capacity, suggesting that real-
world activity monitoring is critical for understanding 
the relationship between walking activity and cardio-
vascular risk in people with stroke and this relationship 
cannot be inferred from laboratory-based measures of 
walking capacity. Longitudinal studies are needed to 
determine if changes in average bout cadence and seden-
tary bouts affect SBP and cardiovascular risk in individu-
als with stroke.

Abbreviations
ASPD: Average steps/day; SBP: Systolic blood pressure; 6MWT: 6-Minute 
Walk Test; ANOVA: Analysis of variance; AIC: Akaike information criterion; RSS: 
Residual sum of squares; MSE: Mean squared error; METS: Metabolic equiva-
lent of task; mmHg: Millimeters of mercury; kg/m2: Kilograms per squared 
meters; m: Meters.

Acknowledgements
The authors would like to acknowledge research physical therapists, Tamara 
Wright and Henry Wright, for their contributions with collecting and organ-
izing the step activity data used in this study.

Author contributions
AM and DSR conceived the idea for this project. AM analyzed the data, and 
ZC served as a statistical consultant. AM wrote first draft of manuscript. DSR 
and ZC provided edits to manuscript. All authors read and approved the final 
manuscript.

Funding
This work was supported in part by the Foundation for Physical Therapy 
Research Promotion of Doctoral Studies I and Promotion of Doctoral Studies 
II Scholarships as well as NIH Grant R01HD086362. These funding sources 
played no role in the design of this study, analysis, interpretation of data, or 
manuscript writing.

Availability of data and materials
The data associated with this analysis are available from the corresponding 
author upon request.

Declarations

Ethics approval and consent to participate
All participants signed informed consent approved by the Human Subjects 
Review Board at the University of Delaware or their respective institution prior 
to study participation (protocol number 878153-50).

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.



Page 12 of 14Miller et al. Journal of NeuroEngineering and Rehabilitation          (2022) 19:111 

Author details
1 Department of Biomechanics and Movement Science Program, University 
of Delaware, 540 South College Avenue, Newark, DE 19713, USA. 2 Department 
of Education and Human Development, University of Delaware, Newark, DE, 
USA. 3 Department of Physical Therapy, University of Delaware, Newark, DE, 
USA. 

Received: 11 May 2022   Accepted: 27 September 2022

References
 1. Kono Y, Kawajiri H, Kamisaka K, Kamiya K, Akao K, Asai C, et al. Predictive 

impact of daily physical activity on new vascular events in patients with 
mild ischemic stroke. Int J Stroke. 2015;10(2):219–23.

 2. Billinger SA, Arena R, Bernhardt J, Eng JJ, Franklin BA, Johnson CM, et al. 
Physical activity and exercise recommendations for stroke survivors: a 
statement for healthcare professionals from the American Heart Associa-
tion/American Stroke Association. Stroke. 2014;45(8):2532–53.

 3. O’Donnell MJ, Xavier D, Liu L, Zhang H, Chin SL, Rao-Melacini P, et al. 
Risk factors for ischaemic and intracerebral haemorrhagic stroke in 
22 countries (the INTERSTROKE study): a case-control study. Lancet. 
2010;376(9735):112–23.

 4. Lee CD, Folsom AR, Blair SN. Physical activity and stroke risk. Stroke. 
2003;34(10):2475–81.

 5. Kang S-M, Kim S-H, Han K-D, Paik N-J, Kim W-S. Physical activity after 
ischemic stroke and its association with adverse outcomes: a nationwide 
population-based cohort study. Topics Stroke Rehabil. 2020:1–11.

 6. Turan TN, Nizam A, Lynn MJ, Egan BM, Le NA, Lopes-Virella MF, et al. 
Relationship between risk factor control and vascular events in the 
SAMMPRIS trial. Neurology. 2017;88(4):379–85.

 7. Hassett L, Ada L, Hellweg S, Paul S, Alzahrani M, Dean C. Active and sed-
entary bouts in people after stroke and healthy controls: an observational 
study. Physiother Res Int. 2020;25: e1845.

 8. Butler EN, Evenson KR. Prevalence of physical activity and sedentary 
behavior among stroke survivors in the United States. Top Stroke Rehabil. 
2014;21(3):246–55.

 9. Fini NA, Holland AE, Keating J, Simek J, Bernhardt J. How physically active 
are people following stroke? Systematic review and quantitative synthe-
sis. Phys Ther. 2017;97(7):707–17.

 10. Paul L, Brewster S, Wyke S, Gill JM, Alexander G, Dybus A, et al. Physical 
activity profiles and sedentary behaviour in people following stroke: a 
cross-sectional study. Disabil Rehabil. 2016;38(4):362–7.

 11. English C, Healy GN, Coates A, Lewis L, Olds T, Bernhardt J. Sitting and 
activity time in people with stroke. Phys Ther. 2016;96(2):193–201.

 12. Fini NA, Holland AE, Keating J, Simek J, Bernhardt J. How is physi-
cal activity monitored in people following stroke? Disabil Rehabil. 
2015;37(19):1717–31.

 13. Gebruers N, Vanroy C, Truijen S, Engelborghs S, De Deyn PP. Monitoring of 
physical activity after stroke: a systematic review of accelerometry-based 
measures. Arch Phys Med Rehabil. 2010;91(2):288–97.

 14. Fini NA, Bernhardt J, Churilov L, Clark R, Holland AE. A 2-year longitudinal 
study of physical activity and cardiovascular risk in survivors of stroke. 
Phys Ther. 2020;101(2).

 15. Thilarajah S, Mentiplay BF, Bower KJ, Tan D, Pua YH, Williams G, et al. Fac-
tors associated with post-stroke physical activity: a systematic review and 
meta-analysis. Arch Phys Med Rehabil. 2018;99(9):1876–89.

 16. Moore JL, Roth EJ, Killian C, Hornby TG. Locomotor training improves 
daily stepping activity and gait efficiency in individuals poststroke who 
have reached a “plateau” in recovery. Stroke. 2010;41(1):129–35.

 17. Danks KA, Roos MA, McCoy D, Reisman DS. A step activity monitoring 
program improves real world walking activity post stroke. Disabil Rehabil. 
2014;36(26):2233–6.

 18. Hornby TG, Holleran CL, Hennessy PW, Leddy AL, Connolly M, Camardo 
J, et al. Variable intensive early walking poststroke (VIEWS): a randomized 
controlled trial. Neurorehabil Neural Repair. 2016;30(5):440–50.

 19. Duncan PW, Sullivan KJ, Behrman AL, Azen SP, Wu SS, Nadeau SE, et al. 
Body-weight-supported treadmill rehabilitation after stroke. N Engl J 
Med. 2011;364(21):2026–36.

 20. Tudor-Locke C, Burkett L, Reis JP, Ainsworth BE, Macera CA, Wilson DK. 
How many days of pedometer monitoring predict weekly physical activ-
ity in adults? Prev Med. 2005;40(3):293–8.

 21. Holleran CL, Bland MD, Reisman DS, Ellis TD, Earhart GM, Lang CE. 
Day-to-day variability of walking performance measures in individuals 
poststroke and individuals with Parkinson disease. J Neurol Phys Ther. 
2020;44(4):241–7.

 22. Manns PJ, Baldwin E. Ambulatory activity of stroke survivors: meas-
urement options for dose, intensity, and variability of activity. Stroke. 
2009;40(3):864–7.

 23. Tudor-Locke C, Craig CL, Aoyagi Y, Bell RC, Croteau KA, De Bourdeaudhuij 
I, et al. How many steps/day are enough? For older adults and special 
populations. Int J Behav Nutr Phys Act. 2011;8:80.

 24. Roos MA, Rudolph KS, Reisman DS. The structure of walking activity in 
people after stroke compared with older adults without disability: a 
cross-sectional study. Phys Ther. 2012;92(9):1141–7.

 25. Wondergem R, Veenhof C, Wouters EMJ, de Bie RA, Visser-Meily JMA, 
Pisters MF. Movement Behavior Patterns in People With First-Ever Stroke. 
Stroke. 2019;50(12):3553–60.

 26. Tudor-Locke C, Han H, Aguiar EJ, Barreira TV, Schuna JM Jr, Kang M, et al. 
How fast is fast enough? Walking cadence (steps/min) as a practi-
cal estimate of intensity in adults: a narrative review. Br J Sports Med. 
2018;52(12):776–88.

 27. Fini NA, Bernhardt J, Holland AE. Low gait speed is associated with low 
physical activity and high sedentary time following stroke. Disabil Reha-
bil. 2019:1–8.

 28. Hendrickx W, Riveros C, Askim T, Bussmann JBJ, Callisaya ML, Chastin SFM, 
et al. Identifying factors associated with sedentary time after stroke. Sec-
ondary analysis of pooled data from nine primary studies. Topics Stroke 
Rehabil. 2019;26(5):327–34.

 29. Ezeugwu VE, Manns PJ. Sleep duration, sedentary behavior, physical 
activity, and quality of life after inpatient stroke rehabilitation. J Stroke 
Cerebrovasc Dis. 2017;26(9):2004–12.

 30. English C, Janssen H, Crowfoot G, Bourne J, Callister R, Dunn A, et al. Fre-
quent, short bouts of light-intensity exercises while standing decreases 
systolic blood pressure: breaking up sitting time after stroke (BUST-
Stroke) trial. Int J Stroke. 2018;13(9):932–40.

 31. Hall J, Morton S, Fitzsimons CF, Hall JF, Corepal R, English C, et al. Factors 
influencing sedentary behaviours after stroke: findings from qualitative 
observations and interviews with stroke survivors and their caregivers. 
BMC Public Health. 2020;20(1):967.

 32. Tudor-Locke C, Schuna JM Jr, Han HO, Aguiar EJ, Green MA, Busa MA, 
et al. Step-based physical activity metrics and cardiometabolic risk: 
NHANES 2005–2006. Med Sci Sports Exerc. 2017;49(2):283–91.

 33. Danks KA, Pohlig RT, Roos M, Wright TR, Reisman DS. Relationship 
between walking capacity, biopsychosocial factors, self-efficacy, 
and walking activity in persons poststroke. J Neurol Phys Ther. 
2016;40(4):232–8.

 34. Fulk GD, He Y, Boyne P, Dunning K. Predicting home and community 
walking activity poststroke. Stroke. 2017;48(2):406–11.

 35. Fulk GD, Reynolds C, Mondal S, Deutsch JE. Predicting home and com-
munity walking activity in people with stroke. Arch Phys Med Rehabil. 
2010;91(10):1582–6.

 36. Lang CE, Barth J, Holleran CL, Konrad JD, Bland MD. Implementation of 
wearable sensing technology for movement: pushing forward into the 
routine physical rehabilitation care field. Sensors (Basel). 2020;20(20):5744.

 37. Michael K, Goldberg AP, Treuth MS, Beans J, Normandt P, Macko RF. Pro-
gressive adaptive physical activity in stroke improves balance, gait, and 
fitness: preliminary results. Top Stroke Rehabil. 2009;16(2):133–9.

 38. Mudge S, Barber PA, Stott NS. Circuit-based rehabilitation improves gait 
endurance but not usual walking activity in chronic stroke: a randomized 
controlled trial. Arch Phys Med Rehabil. 2009;90(12):1989–96.

 39. Pang MY, Eng JJ, Dawson AS, McKay HA, Harris JE. A community-based 
fitness and mobility exercise program for older adults with chronic stroke: 
a randomized, controlled trial. J Am Geriatr Soc. 2005;53(10):1667–74.

 40. Arnett DK, Blumenthal RS, Albert MA, Buroker AB, Goldberger ZD, 
Hahn EJ, et al. 2019 ACC/AHA Guideline on the Primary Prevention of 
Cardiovascular Disease: a Report of the American College of Cardiology/
American Heart Association Task Force on Clinical Practice Guidelines. 
Circulation. 2019;140(11):e596–646.



Page 13 of 14Miller et al. Journal of NeuroEngineering and Rehabilitation          (2022) 19:111  

 41. Wright H, Wright T, Pohlig RT, Kasner SE, Raser-Schramm J, Reisman D. 
Protocol for promoting recovery optimization of walking activity in stroke 
(PROWALKS): a randomized controlled trial. BMC Neurol. 2018;18(1):39.

 42. Hendrickx W, Riveros C, Askim T, Bussmann JBJ, Callisaya ML, Chastin 
SFM, et al. An exploration of sedentary behavior patterns in community-
dwelling people with stroke: a cluster-based analysis. J Neurol Phys Ther. 
2021.

 43. Michael K, Macko RF. Ambulatory activity intensity profiles, fitness, and 
fatigue in chronic stroke. Top Stroke Rehabil. 2007;14(2):5–12.

 44. Braakhuis HEM, Roelofs JMB, Berger MAM, Ribbers GM, Weerdesteyn V, 
Bussmann JBJ. Intensity of daily physical activity—a key component for 
improving physical capacity after minor stroke? Disabil Rehabil. 2020:1–6.

 45. Handlery R, Fulk G, Pellegrini C, Stewart JC, Monroe C, Fritz S. Stepping 
after stroke: walking characteristics in people with chronic stroke differ 
on the basis of walking speed, walking endurance, and daily steps. Phys 
Ther. 2020;100(5):807–17.

 46. Nakano W, Ohashi Y, Saito Y, Maezawa T, Kohno Y. Walking activity in 
community-dwelling stroke survivors within 1 month after discharge 
from a rehabilitation setting. Disabil Rehabil. 2018:1–6.

 47. Mansfield A, Wong JS, Bryce J, Brunton K, Inness EL, Knorr S, et al. Use of 
accelerometer-based feedback of walking activity for appraising progress 
with walking-related goals in inpatient stroke rehabilitation: a rand-
omized controlled trial. Neurorehabil Neural Repair. 2015;29(9):847–57.

 48. Bellettiere J, LaMonte MJ, Evenson KR, Rillamas-Sun E, Kerr J, Lee IM, et al. 
Sedentary behavior and cardiovascular disease in older women: the 
Objective Physical Activity and Cardiovascular Health (OPACH) Study. 
Circulation. 2019;139(8):1036–46.

 49. Block VA, Pitsch E, Tahir P, Cree BA, Allen DD, Gelfand JM. Remote physical 
activity monitoring in neurological disease: a systematic review. PLoS 
ONE. 2016;11(4): e0154335.

 50. van der Ploeg HP, Chey T, Korda RJ, Banks E, Bauman A. Sitting time and 
all-cause mortality risk in 222 497 Australian adults. Arch Intern Med. 
2012;172(6):494–500.

 51. Tudor-Locke C, Sisson SB, Collova T, Lee SM, Swan PD. Pedometer-deter-
mined step count guidelines for classifying walking intensity in a young 
ostensibly healthy population. Can J Appl Physiol. 2005;30(6):666–76.

 52. Saint-Maurice PF, Troiano RP, Bassett DR Jr, Graubard BI, Carlson SA, 
Shiroma EJ, et al. Association of daily step count and step intensity with 
mortality among US adults. JAMA. 2020;323(12):1151–60.

 53. Saint-Maurice PF, Troiano RP, Matthews CE, Kraus WE. Moderate-to-vigor-
ous physical activity and all-cause mortality: do bouts matter? J Am Heart 
Assoc. 2018;7(6).

 54. Orendurff MS. How humans walk: bout duration, steps per bout, and rest 
duration. J Rehabil Res Dev. 2008;45(7):1077–90.

 55. Willey JZ, Moon YP, Sacco RL, Greenlee H, Diaz KM, Wright CB, et al. Physi-
cal inactivity is a strong risk factor for stroke in the oldest old: Findings 
from a multi-ethnic population (the Northern Manhattan Study). Int J 
Stroke. 2017;12(2):197–200.

 56. Yu L, Liang Q, Zhou W, Huang X, Hu L, You C, et al. Sedentary behavior 
and the risk of cardiac-cerebral vascular diseases in southern China. Medi-
cine. 2018;97(44): e12838.

 57. Healy GN, Dunstan DW, Salmon J, Cerin E, Shaw JE, Zimmet PZ, et al. 
Breaks in sedentary time: beneficial associations with metabolic risk. 
Diabetes Care. 2008;31(4):661–6.

 58. Dunstan DW, Kingwell BA, Larsen R, Healy GN, Cerin E, Hamilton MT, et al. 
Breaking up prolonged sitting reduces postprandial glucose and insulin 
responses. Diabetes Care. 2012;35(5):976–83.

 59. Jette M, Sidney K, Blumchen G. Metabolic equivalents (METS) in exercise 
testing, exercise prescription, and evaluation of functional capacity. Clin 
Cardiol. 1990;13(8):555–65.

 60. Serra MC, Balraj E, DiSanzo BL, Ivey FM, Hafer-Macko CE, Treuth MS, et al. 
Validating accelerometry as a measure of physical activity and energy 
expenditure in chronic stroke. Top Stroke Rehabil. 2017;24(1):18–23.

 61. Tompuri TT. Metabolic equivalents of task are confounded by adiposity, 
which disturbs objective measurement of physical activity. Front Physiol. 
2015;6:226.

 62. Reisman DS, Rudolph KS, Farquhar WB. Influence of speed on walking 
economy poststroke. Neurorehabil Neural Repair. 2009;23(6):529–34.

 63. Kramer S, Johnson L, Bernhardt J, Cumming T. Energy expenditure and 
cost during walking after stroke: a systematic review. Arch Phys Med 
Rehabil. 2016;97(4):619-32.e1.

 64. Mahendran N, Kuys SS, Brauer SG. Recovery of ambulation activity across 
the first six months post-stroke. Gait Posture. 2016;49:271–6.

 65. Kleindorfer DO, Towfighi A, Chaturvedi S, Cockroft KM, Gutierrez J, 
Lombardi-Hill D, et al. 2021 Guideline for the prevention of stroke in 
patients with stroke and transient ischemic attack: a Guideline from 
the American Heart Association/American Stroke Association. Stroke. 
2021;52(7):e364–467.

 66. English C, Manns PJ, Tucak C, Bernhardt J. Physical activity and sedentary 
behaviors in people with stroke living in the community: a systematic 
review. Phys Ther. 2014;94(2):185–96.

 67. Biswas A, Oh PI, Faulkner GE, Bajaj RR, Silver MA, Mitchell MS, et al. Sed-
entary time and its association with risk for disease incidence, mortality, 
and hospitalization in adults: a systematic review and meta-analysis. Ann 
Intern Med. 2015;162(2):123–32.

 68. Ekelund U, Tarp J, Steene-Johannessen J, Hansen BH, Jefferis B, Fagerland 
MW, et al. Dose-response associations between accelerometry measured 
physical activity and sedentary time and all cause mortality: systematic 
review and harmonised meta-analysis. BMJ. 2019;366: l4570.

 69. Whelton PK, Carey RM, Aronow WS, Casey DE, Collins KJ, Himmelfarb 
CD, et al. 2017 ACC/AHA/AAPA/ABC/ACPM/AGS/APhA/ASH/ASPC/NMA/
PCNA Guideline for the Prevention, Detection, Evaluation, and Manage-
ment of High Blood Pressure in Adults: a Report of the American College 
of Cardiology/American Heart Association Task Force on Clinical Practice 
Guidelines. Hypertension. 2018;71(6):e13–115.

 70. ATS statement: guidelines for the six-minute walk test. Am J Respir Crit 
Care Med. 2002;166(1):111–7.

 71. Flansbjer UB, Holmback AM, Downham D, Patten C, Lexell J. Reliability of 
gait performance tests in men and women with hemiparesis after stroke. 
J Rehabil Med. 2005;37(2):75–82.

 72. Eng JJ, Dawson AS, Chu KS. Submaximal exercise in persons with stroke: 
test-retest reliability and concurrent validity with maximal oxygen con-
sumption. Arch Phys Med Rehabil. 2004;85(1):113–8.

 73. Duclos NC, Aguiar LT, Aissaoui R, Faria C, Nadeau S, Duclos C. Activity 
monitor placed at the nonparetic ankle is accurate in measuring step 
counts during community walking in poststroke individuals: a validation 
study. PM R. 2019;11(9):963–71.

 74. Hui J, Heyden R, Bao T, Accettone N, McBay C, Richardson J, et al. Validity 
of the fitbit one for measuring activity in community-dwelling stroke 
survivors. Physiother Can. 2018;70(1):81–9.

 75. Klassen TD, Semrau JA, Dukelow SP, Bayley MT, Hill MD, Eng JJ. Consumer-
based physical activity monitor as a practical way to measure walking 
intensity during inpatient stroke rehabilitation. Stroke. 2017;48(9):2614–7.

 76. Klassen TD, Simpson LA, Lim SB, Louie DR, Parappilly B, Sakakibara 
BM, et al. “Stepping Up” activity poststroke: ankle-positioned acceler-
ometer can accurately record steps during slow walking. Phys Ther. 
2016;96(3):355–60.

 77. Domelen DRV. accelerometry: Functions for Processing Accelerometer 
Data. 2018.

 78. James G, Witten D, Hastie T, Tibshirani R. An introduction to statistical 
learning: Springer; 2013.

 79. Tibshirani R. Regression shrinkage and selection via the Lasso. J Roy Stat 
Soc: Ser B (Methodol). 1996;58(1):267–88.

 80. Team RC. R: A language and environment for statistical computing. 
Vienna, Austria: R Foundation for Statistical Computing; 2013.

 81. Simon N, Friedman JH, Hastie T, Tibshirani R. Regularization paths for 
Cox’s proportional hazards model via coordinate descent. J Stat Softw. 
2011;39(5):1–13.

 82. Hastie T, Tibshirani R, Tibshirani R. Best subset, forward stepwise or Lasso? 
Analysis and recommendations based on extensive comparisons. Stat Sci. 
2020;35(4):579–92.

 83. Lumley T, Miller A. leaps: Regression Subset Selection. R package version 
31. 2020.

 84. Tabachnick B, Fidell L. Using multivariate statistics. 6th ed. Boston: Pear-
son Education; 2013.

 85. Moore SA, Hallsworth K, Plötz T, Ford GA, Rochester L, Trenell MI. Physical 
activity, sedentary behaviour and metabolic control following stroke: a 
cross-sectional and longitudinal study. PLoS ONE. 2013;8(1): e55263.

 86. Sakamoto K, Nakamura T, Sajima Y, Miyake T, Yamanaka M, Tajima F. Physi-
cal activities and steps in daily living after stroke. J Wakayama Med Soc. 
2008;59:67–72.



Page 14 of 14Miller et al. Journal of NeuroEngineering and Rehabilitation          (2022) 19:111 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

 87. Tieges Z, Mead G, Allerhand M, Duncan F, van Wijck F, Fitzsimons C, et al. 
Sedentary behavior in the first year after stroke: a longitudinal cohort 
study with objective measures. Arch Phys Med Rehabil. 2015;96(1):15–23.

 88. Knarr B, Roos MA, Reisman DS. Sampling frequency impacts 
measurement of walking activity after stroke. J Rehabil Res Dev. 
2013;50(8):1107–12.

 89. Lord SE, McPherson K, McNaughton HK, Rochester L, Weatherall M. 
Community ambulation after stroke: how important and obtainable 
is it and what measures appear predictive? Arch Phys Med Rehabil. 
2004;85(2):234–9.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


	Beyond steps per day: other measures of real-world walking after stroke related to cardiovascular risk
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Introduction
	Methods
	Study design and participants
	Theoretical framework
	Measures
	Data processing
	Statistical analysis

	Results
	Discussion
	Limitations

	Conclusions
	Acknowledgements
	References


