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Abstract
Introduction: An active lifestyle may protect older adults 
from cognitive decline. Yet, due to the complex nature of 
outdoor environments, many people living with dementia 
experience decreased access to outdoor activities. In this 
context, conceptualizing and measuring outdoor mobility is 
of great significance. Using the global positioning system 
(GPS) provides an avenue for capturing the multi-dimen-
sional nature of outdoor mobility. The objective of this study 
is to develop a comprehensive framework for comparing 
outdoor mobility patterns of cognitively intact older adults 
and older adults with dementia using passively collected 
GPS data. Methods: A total of 7 people with dementia (PwD) 
and 8 cognitively intact controls (CTLs), aged 65 years or old-

er, carried a GPS device when travelling outside their homes 
for 4 weeks. We applied a framework incorporating 12 GPS-
based indicators to capture spatial, temporal, and semantic 
dimensions of outdoor mobility. Results: Despite a small 
sample size, the application of our mobility framework iden-
tified several significant differences between the 2 groups. 
We found that PwD participated in more medical-related 
(Cliff’s Delta = 0.71, 95% CI: 0.34–1) and fewer sport-related 
(Cliff’s Delta = −0.78, 95% CI: −1 to −0.32) activities compared 
to the cognitively intact CTLs. Our results also suggested that 
longer duration of daily walking time (Cliff’s Delta = 0.71, 
95% CI: 0.148–1) and longer outdoor activities at night, after 
8 p.m. (Hedges’ g = 1.42, 95% CI: 0.85–1.09), are associated 
with cognitively intact individuals. Conclusion: Based on the 
proposed framework incorporating 12 GPS-based indica-
tors, we were able to identify several differences in outdoor 
mobility in PwD compared with cognitively intact CTLs.
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Introduction

Outdoor mobility is fundamental for healthy ageing. In 
fact, preserving mobility contributes to various health ben-
efits including reduced risk of depression [1, 2], improved 
functional ability including instrumental activities of daily 
living [3], and preserved cognitive functions for older adults 
[4, 5]. Unfortunately, maintaining a mobile lifestyle be-
comes more challenging with advancing age. A major threat 
to maintaining outdoor mobility is dementia [6], particu-
larly Alzheimer’s type, because it impairs cognitive and 
functional abilities that affect complex activities such as 
spatial navigation and driving [7, 8]. As a result of naviga-
tional impairment, people with dementia (PwD) may be-
come lost in familiar or unfamiliar environments [9]. Thus, 
despite the benefits of outdoor environments, PwD fre-
quently experience loss of confidence or anxiety in relation 
to going outdoors [10]. These effects may lead them to grad-
ually move within smaller areas as their cognitive abilities 
decline, or may even stop them from going outside alto-
gether [10]. Furthermore, older adults who have been diag-
nosed with dementia may eventually stop driving for their 
personal and the public’s safety [11]. Given that driving is 
the most common form of transportation for older adults 
[12], the loss of driving privileges makes it even more chal-
lenging for PwD to maintain a mobile lifestyle. For instance, 
in the USA, older non-drivers are on average 65% less like-
ly to participate in social, family, and religious activities, 
59% less likely to go shopping or visit a restaurant, and 15% 
less likely to visit a doctor compared to older drivers [13]. 
Considering these challenges and the impact of reduced 
outdoor mobility on the daily lives of PwD, there is an in-
creased need for conceptualizing and measuring mobility.

A commonly used mobility measure for older adults is 
life space, defined as the spatial area through which an 
individual moves within a specific period [14]. Life space 
is an important indicator of older adults’ physical and 
cognitive health, as well as mental wellbeing, because it 
provides some insight into a person’s level of engagement 
with the environment. Previous studies have demonstrat-
ed associations between life space and observed physical 
performance and self-reported function [15]. Reduced 
life space mobility is also interrelated with a higher prev-
alence of depressive symptoms [16], lower health-related 
quality of life [17], and increased fear of falling [18]. Fur-
thermore, previous studies have reported that life space is 
a significant predictor of cognitive decline, and a larger 
life space is associated with reduced cognitive decline in 
older adults [19]. Considering that a larger life space, 
which generally indicates that an older adult is more ac-

tive and engaged, may protect against cognitive decline in 
older adults, it is important to accurately and objectively 
examine the relationship between environmental move-
ments and cognitive function.

Traditional Life Space Assessments
May et al. [20] introduced the first measurement of life 

space, the life space diary. In this method, life space is di-
vided into 5 concentric zones: (1) the bedroom, (2) the 
rest of the house, (3) the garden or yard, or the pavement 
surrounding the house, (4) the “block” where the house 
is located at, and (5) the area across a traffic-bearing 
street. This method requires the participants to keep re-
cords of the zones in which they moved during the day, 
every day for 1 month.

To reduce the burden of recording the movements ev-
ery day, the Life Space Assessment Questionnaire (LSA-
Q) was introduced [14]. LSA-Q consists of 9 questions 
and asks participants whether they have been to certain 
zones within their environment in the past 3 days and 
captures a broader range of environmental regions com-
pared to the life space diary. However, the time period of 
3 days in LSA-Q may underrepresent the mobility of old-
er adults, and since it again relies on self-report, it may be 
influenced by recall bias [21].

Later, the University of Alabama at Birmingham Life-
Space Assessment (UAB-LSA) was introduced, which 
was a more detailed life space measure [22]. This tool 
evaluates mobility of participants during the 4 weeks be-
fore the assessment and provides a single number ranging 
from 0 to 120 to reflect the lifestyle of a person (a higher 
score shows a more active lifestyle) and their frequency of 
movement as well as the level of assistance they require 
for movement. UAB-LSA involves a single interview re-
quiring the individuals to recall their past daily activities; 
thus, it may also be influenced by recall bias.

These self-reported life space measures are especially 
limited among the cognitively impaired population. Indi-
viduals with dementia may not be able to reliably recall 
their prior movements due to memory impairment [23], 
and proxy assessments completed by care partners may 
be prone to bias [24]. In addition, these measures are usu-
ally completed only a few times with each individual; 
therefore, it is not possible to continuously monitor the 
changes in life space and relate them to the progress of 
dementia or changes in cognitive functioning over time.

GPS-Based Life Space Measures
To eliminate the various limitations of the self-report 

measures, mobility monitoring systems that use the glob-
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al positioning system (GPS) to track locations are recom-
mended as a tool to record movement in the environment 
[25]. In a proof-of-principal study [26], the life space of 3 
adults aged 48 years or younger was measured using a 
combination of GPS sensors and in-home Bluetooth 
transmitters and the scoring scheme from UAB-LSA. Lat-
er, another study proposed using the area of an ellipse 
covering all the GPS coordinates tracked, total distance 
travelled, and the maximum distance travelled from 
home as qualitative measures for life space to compare life 
space of an older adult and a university student for 5 con-
secutive days [27]. Both of these initial studies were con-
ducted on a small sample size (n < 4) of healthy individu-
als. In the context of cognitively impaired populations, to 
the best of our knowledge, only 1 study has assessed the 
utility of a GPS-based life space measure. This study used 
a small set of GPS-based indicators including area and 
perimeter of the smallest polygon containing all the 
tracked GPS coordinates, percentage of time away from 
home, and average travelled distance to provide quantita-
tive measures for life space of older adults with mild-to-
moderate Alzheimer’s disease over a relatively short 3- to 
5-day period [24].

These previous studies only focus on quantifying life 
space using passively collected GPS data. It is unlikely that 
life space alone captures the entire complexity of living in 
the environment. Rather, life space measures only cap-
ture the extent and, in some cases, the frequency of excur-
sions into the outdoor environment. To provide a better 
understanding of different dimensions of outdoor mobil-
ity in health and ageing research, a few studies have at-
tempted to categorize and classify mobility indicators 
[28–31]. Of note is the study conducted by Fillekes et al. 
[31] in which a framework for classification of GPS-based 
mobility indicators is introduced. This framework cate-
gorizes indicators based on their characteristic aspects 
(i.e., indicators’ content relevant to space, time, and 
movement scope), as well as analytical aspects (i.e., how 
a mobility indicator is summarized with respect to tem-
poral scale and statistics). Although this framework com-
plements existing life space studies that underrepresent 
temporal characteristics of mobility, it does not capture 
more complex out-of-home behaviours of older adults 
(e.g., activity types). Capturing these higher complexity 
behaviours is particularly important for PwD because 
they can be indicative of the cognitive status of a person 
[32]. Furthermore, Fillekes et al.’s [31] framework was 
designed for healthy older adults. However, in the context 
of the cognitively impaired population, it may be the case 
that different dimensions of outdoor mobility display dif-

ferent strengths of relationship with cognitive status. Fur-
thermore, in another framework proposed by Wettstein 
et al. [32], the outdoor mobility behaviours of communi-
ty-dwelling older adults with and without cognitive im-
pairment were investigated. Although this work extends 
the available literature on the life space of PwD to include 
walking behaviour and high complexity activities, it relies 
on both GPS devices and questionnaires to collect mobil-
ity data and explore outdoor behaviours. Thus, there are 
no studies, to date, that rely solely on GPS technology to 
provide a holistic overview of outdoor mobility of cogni-
tively impaired populations. In light of the limitations of 
the previous studies, the goal of the present study is to 
further investigate the application of GPS technology to 
develop and apply a framework for comparing outdoor 
mobility patterns of cognitively intact older adults and 
older adults with dementia based on a comprehensive set 
of indicators reflecting different dimensions of outdoor 
mobility.

Materials and Methods

The feasibility of using GPS technology to quantify outdoor 
mobility patterns was evaluated by comparing the everyday behav-
iour of a group of individuals with dementia (PwD) to a group of 
cognitively intact older adults (CTL).

Data Collection
Participants
Participants included 7 PwD diagnosed by a specialist and who 

lived with a family care partner (e.g., spouse or family member) 
and 8 cognitively intact community-dwelling older adult controls 
(CTLs) [33]. The participants were recruited through the Baycrest 
Health Sciences database of research volunteers as well as printed 
and electronic advertisements on flyers, magazines, social media 
sites, and the University of Toronto alumni email list. Both groups 
were drawn from the Greater Toronto Area, predominantly urban 
areas with similar infrastructure (i.e., access to public transit and 
roads) and weather. Candidates for inclusion in the CTL group 
were screened for cognitive impairment using the Montreal Cog-
nitive Assessment (MoCA). The recommended cutoff score for 
normal cognition of 26 was adopted [34]. All participants were 65 
years or older, lived in their own homes, and were independent in 
their functioning (assessed using Older Americans Resources and 
Services [OARS] ADL Scale [35]). Informed consent was obtained 
from all participants. Ethical approval was obtained from the Bay-
crest Health Sciences Ethics Committee and the University Health 
Network Ethics Committee.

Potential CTL participants were screened for cognitive impair-
ment over the telephone using the self-rated memory complaint 
questionnaire (MAC-Q) [36]. Individuals who fulfilled the initial 
criteria were then invited for an in-person meeting to obtain writ-
ten consent and administer assessment tools including the MoCA. 
Inclusion and exclusion criteria for the study are shown in Ta-
ble 1.
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GPS Data Collection
Upon enrolment in the study, participants were introduced to 

the SafeTracks Prime Mobile GPS device (SafeTracks GPS Canada, 
Red Deer, AB, CA) and instructed on how to use and charge it. 
Participants were asked to carry these devices with them during 
every excursion outside their home. Care partners of the partici-
pants with dementia were also provided with instructions about 
use and maintenance of the device so that they could assist their 
partners throughout the study. To increase compliance, the par-
ticipants received regular reminders in the form of emails and 
phone calls. Participants in both groups had at most 1 day of 
missed data during the 4-week period.

In addition, participants were provided with a small booklet 
and were instructed to record details describing their daily mobil-
ity patterns, including time and destination information. For indi-
viduals with dementia, their care partners were asked to complete 
the travel diary recording. All participants completed 4 weeks of 
GPS data collection and travel diary recording. The 4-week study 
period was selected based on the time period used in the tradition-
al life space assessments including UAB-LSA [20, 22].

Measures
A questionnaire was administered to collect information about 

demographics, living arrangements, driving history, and current 
transportation patterns of the participants. In addition, the UAB-
LSA was administered at baseline and the end of data collection to 
provide an additional measure of the extent of participants’ com-
munity mobility. Participant’s physical and instrumental activities 
of daily living were assessed using the OARS ADL scale [35]. Par-
ticipants were also assessed for comorbid conditions using the 
Charlson Comorbidity Index (CCI) [37]. Finally, participants’ 
neighbourhood walkability was assessed using the “Walk Score” 
measure [38].

GPS-Based Outdoor Mobility Classification Framework
The framework presented is an extension of the classification 

framework described by Fillekes et al. [31]. First, each individual’s 
overall trajectory was segmented into stops (i.e., destinations) and 
moves (i.e., trips between destinations). The trajectory segmenta-
tion method is described by Bayat et al. [39]. In this approach, the 
periods during which a participant did not move for at least 3 min 

Table 1. Inclusion and exclusion criteria for the dementia group and the control group

Dementia group Control group

Inclusion criteria Inclusion criteria
Be aged 65 years or older
Have diagnosis of dementia by a specialist (Geriatric 

Psychiatrist, Neurologist, or Geriatrician)
Have a live-in caregiver
Live in their own homes
Live in the Greater Toronto Area

Exclusion criteria
Wear a pacemaker

Be aged 65 years or older
Have a Montreal Cognitive Assessment (MoCA) score of 26 or higher
Live independently in their own home (assessed using ADL scale)
Have an absence of morbidity that significantly impacts mobility 

(assessed using Charlson Comorbidity assessment)
Live in the Greater Toronto Area

Exclusion criteria
Wear a pacemaker

Table 2. Proposed set of GPS-based mobility indicators

Mobility indicators Spatial Temporal Semantic Movement scope Temporal 
scale

name abbreviation count extent duration timing stop move

1 Maximum distance from home MaxDist ✓ ✓ Daily
2 Radius of gyration RG ✓ ✓ Global
3 Life space area LSArea ✓ ✓ Daily
4 Destinations, n nDest ✓ ✓ Global
5 New destinations, n nNewDest ✓ ✓ Global
6 Time at home TH ✓ ✓ Daily
7 Time doing out-of-home activities TOA ✓ ✓ Daily
8 Time on foot ToF ✓ ✓ ✓ Daily
9 Time in vehicle TiV ✓ ✓ ✓ Daily

10 Trip time period TTP ✓ ✓ Daily
11 Outdoor activity duration time period OADurTP ✓ ✓ Daily
12 Types of activities ActivityType ✓ ✓ Global

Global indicators are assessed over the entire period of the study (4 weeks). GPS, global positioning system.
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were detected and labelled as “destinations,” and periods of move-
ment with a distance of >150 m were identified and extracted as 
“trips.” If a participant’s GPS signal was unavailable, the last known 
location of the user was compared against a list of subway station 
locations to identify potential underground transit trips. Then, 
similar to [31], we identified GPS-based mobility indicators that 
describe the spatial distribution of GPS data or temporal dimen-
sions of mobility. Spatial indicators either refer to the number of 
mobility-related events (i.e., count) or the spatial size of mobility-
related events (i.e., extent) [31]. Temporal indicators, on the other 
hand, either reflect the time spent at a mobility-related event (i.e., 
duration) or the time of occurrence of a mobility-related event (i.e., 
timing). We also added indicators that describe the semantic di-

mensions of outdoor mobility. These indicators enable an explora-
tion of the reasons behind the patterns that emerge in space and 
time (i.e., motivations and intentions). For example, using seman-
tic dimensions, we can explain that the motivation behind a trip to 
a particular destination (i.e., activity type) was to visit a doctor. To 
infer activity types, we used the activity inference approach de-
scribed by Bayat et al. [39]. In this approach, a distance-based 
probabilistic model is utilized based on Google Places Application 
Programming Interface [31] to retrieve information about a par-
ticular place. Using this information, places were mapped to 7 cat-
egories: food, shopping, services, leisure, medical services, reli-
gious, and sport. Finally, all GPS-based indicators are used to de-
scribe stops or moves and are either assessed over the entire study 

Table 3. Description of the GPS-based mobility indicators

Mobility 
indicator

Description

1 MaxDist Length of the straight-line connecting home to the furthest destination away from home. For each participant, MaxDist is computed 
daily and then averaged over the entire study period

2 RG Typical distance travelled by an individual, defined as [40]:
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where L is the set of destinations by the individual, ri is a 2-dimensional vector describing the latitude and longitude coordinates of 
location I, ni is the visitation frequency of location i,

1
i

i
N n

=
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is the total number of visits of the individual, and rm is the centre of mass of the individual defined as the mean weighted point of the 
visited locations. RG is assessed over the entire study period

3 LSArea Area of the smallest polygon containing an individual’s stop locations. To find the life space area, an envelope is built around all stop 
points user visits in a given time. The area of this envelop is computed daily and then averaged over the entire study period

4 nDest The total number of destinations that an individual visited during the entire study period. To detect each individual’s stop locations, 
the method presented in [39] was implemented

5 nNewDest The total number of distinct destinations that an individual visited during the entire study period. To identify each individual’s 
distinct destinations, the density-based clustering algorithm presented in [39] was implemented

6 TH TH is the time spent at home in a day. For each participant, TH is computed daily and then averaged over the entire study period

7 TOA TOA is the time spent at out-of-home destinations (i.e., outdoor activities). Similar to TH, TOA is computed daily and then averaged 
over the entire study period

8 ToF Average time spent walking (min). ToF is computed daily and then averaged over the entire study period

9 TiV Average time spent in vehicles (min). TiV is computed daily and then averaged over the entire study period

10 OADurTP Outdoor activities are assigned to 6 categories based on their start time. The categories are early morning (4:00 a.m.–8:00 a.m.), 
morning (8:00 a.m.–12:00 p.m.), afternoon (12:00 p.m.–4:00 p.m.), evening (4:00 p.m.–8:00 p.m.), night (8:00 p.m.–12:00 a.m.), and 
late night (12:00 a.m.–4:00 a.m.). For each participant, the activity duration in each time period is determined daily and then 
averaged over the entire study period

11 TTP Trips are assigned to the 6 categories described above based on their end time. For each participant, the total number of trips made 
in each time period is determined daily and then averaged over the entire study period

12 ActivityType The outdoor destinations are mapped to 7 classes based on the inferred activity intentions. The classes include food, shopping, 
services, leisure, medical services, religious, and sport. The activity inference method described in [39] was implemented. The 
proportion of stops that fall into each class is then determined over the entire study period

GPS, global positioning system; MaxDist, maximum distance from home; RG, radius of gyration; LSArea, life space area; nDest, number of destinations; 
nNewDest, number of new destinations; TH, time at home; TOA, time doing out-of-home activities; ToF, time on foot; TiV, time in vehicle; TTP, trip time 
period; OADurTP, outdoor activity duration time period; ActivityType, types of activities.
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period (i.e., global) or daily. The global indicators can reveal how 
participants’ mobility patterns relate to their overall health, while 
the daily indicators can identify the magnitude of variability in 
both outdoor mobility and health outcomes over time [31]. Thus, 
a combination of daily and global indicators is considered in the 
proposed framework.

We propose a comprehensive set of GPS-based indicators that 
measure different dimensions of outdoor mobility as described 
above (shown in Table 2) [39, 40]. The definitions of our proposed 
GPS-based indicators are presented in Table 3. To select these in-
dicators, we searched the literature for articles that used GPS tech-
nology to measure older adults’ outdoor mobility. We selected the 
indicators that were most frequently used in these articles (i.e., 
maximum distance, life space area, number of destinations, time 
spent at home, and time in vehicle). These common indicators 
were complemented with another 6 that we hypothesized are re-
lated to health outcomes in the dementia population (number of 
unique destinations, time doing out-of-home activities, time spent 
on foot, trip time period, outdoor activity duration timing, and 
activity types). For instance, the timing indicators (trip time period 
and activity duration timing) can be indicative of participation in 
day programs, and activity types can provide information about a 
person’s current cognitive and physical abilities [41]. Finally, we 
included “radius of gyration,” which is a common indicator used 
to measure typical distance travelled in human mobility research 
[40].

Statistical Analysis
To assess the differences in GPS-based indicators between PwD 

and cognitively intact CTLs, first, the Shapiro-Wilk test was per-
formed to check the normality of the data. If the data were nor-
mally distributed in both groups, differences were examined using 
the Welch 2-sample t test. Otherwise, the non-parametric Mann-
Whitney test was performed. A p value <0.05 was considered sta-
tistically significant between variables. For normally distributed 
indicators, to examine the between-group differences, we deter-
mined Hedges g, which is a corrected effect size estimate, rather 

than Cohen d, because it corrects biases due to small sample size. 
Hedge’s g of 0.2–0.5 is small, 0.5–0.8 is moderate, and >0.8 is 
strong effect. For indicators that were not normally distributed, 
Cliff’s Delta was chosen as a non-parametric estimate of effect size 
and calculated for each group [42]. Cliff’s Delta values fall in the 
interval from −1 to +1, where a Cliff’s Delta of +1 or −1 indicates 
no overlap between the 2 groups, whereas a 0 Cliff’s Delta indicates 
that group distributions overlap completely [43]. An absolute val-
ue of Cliff’s Delta of 0.11–0.28 is considered a small, 0.28–0.43 is 
considered a medium, and >0.43 is considered a large effect.

Results

Group Characteristics
The participants completed 27–28 days of GPS data 

collection (PwD vs. CTL: 27.4 ± 0.49 vs. 27.8 ± 0.43 days). 
The characteristics of the individuals in each group are 
described in Table 4. The group differences in age (PwD 
vs. CTL: 79.3 ± 6.3 vs. 72.9 ± 5.9 years) and education 
level (PwD vs. CTL: 14.1 ± 3.4 vs. 16.5 ± 3.6 years), al-
though not statistically significant, were large. These dif-
ferences may be due to the small sample size. PwD had a 
smaller proportion of females (43 vs. 50% females). The 
MoCA scores demonstrated cognitive impairment in 
PwD and normal cognitive function in the CTLs (MoCA 
scores: 19.4 ± 2.4 vs. 27.5 ± 1.2). PwD demonstrated a 
higher number of comorbidities compared to the CTLs 
(CCI: 2.14 ± 1.6 vs. 1.13 ± 1.4).

PwD displayed lower levels of instrumental ADL com-
pared to the CTLs (8.9 ± 5.1 vs. 14.0 ± 0.0), but similar 
levels of ability to perform physical ADLs (11.9 ± 2.5 vs. 

Table 4. Participants’ demographics and assessed characteristics

CTL group 
(n = 8)

PwD group 
(n = 7)

p value t

Age, years 72.9±5.9 79.3±6.3 0.06 −2.05
MoCAa 27.5±1.2 19.4±2.4 0.004* 4.68
Education, years 16.5±3.6 14.1±3.4 0.16 1.49
Female gender, n 4 3
CCI 1.13±1.4 2.14±1.6 0.21 −1.33
UAB-LSA (1)b 75.5±13.2 54.9±28.7 0.12 1.75
UAB-LSA (2)b 74.0±12.3 52.5±21.0 0.06 2.16
Physical ADL 13.8±0.7 11.9±2.5 0.09 1.95
Instrumental ADL 14.0±0.0 8.9±5.1 0.04* 2.66
Walk score of Home 73.3±22.3 61.0±33.5 0.4 0.82

* p < 0.05. a Two participants in the dementia group, with a diagnosis of dementia by a specialist, refused to 
complete the MoCA assessment; MoCA scores were only available for 5 PwD. b UAB-LSA was conducted twice 
with each participant, once at baseline, UAB-LSA (1), and once after 4 weeks of data collection, UAB-LSA (2). 
Two CTLs refused to complete the UAB-LSA (2); scores were only available for 6 CTLs.
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13.8 ± 0.7). PwD had lower levels of outdoor mobility 
compared to the CTLs, as measured by UAB-LSA con-
ducted 2 times during the study period, but the differ-
ences were not statistically significant (UAB-LSA [1]: 
54.9 ± 28.7 vs. 75.5 ± 13.2; UAB-LSA [2]: 52.5 ± 21.0 vs. 
74.0 ± 12.3). Finally, there was no difference between the 
neighbourhood walk score of the 2 groups [38].

Group Comparisons in Mobility
Spatial Dimensions
Extent. Since the distributions of radius of gyration 

and life space area were not normal, the Mann-Whitney 
test was conducted, which indicated no statistically sig-
nificant differences in the medians of radius of gyration 
(PwD vs. CTL: Mdn = 7.60 vs. Mdn = 3.22, U = 16, p = 
0.18) and daily life space area (Mdn = 10.01 km vs.  
Mdn = 5.46 km, p = 0.46, U = 15, p = 0.33) between PwD 
and the CTLs. Analysis of between-group effects yielded 
an overall Cliff’s Delta of −0.42 (95% CI: −0.88 to 0.22) 
for radius of gyration and −0.32 (95% CI: −0.86 to 0.33) 
for daily life space area. Furthermore, the maximum dis-
tance travelled was normally distributed according to the 
Shapiro-Wilk test, and the Welch 2-sample t test indi-
cated no statistically significant difference in the maxi-

mum distance travelled (PwD vs. CTL: 4.54 ± 2.62 vs. 4.40 
± 3.28, t [13] = −0.23, p = 0.83) between the 2 groups. The 
Hedge’s g of −0.04 (95% CI: −1.32 to 1) for maximum 
distance travelled indicates negligible effect size between 
the 2 groups. The group comparison results for these in-
dicators are plotted in Figure 1.

Count. No count indicator significantly deviated from 
normality based on the Shapiro-Wilk test. The Welch 
2-sample t test indicated no statistically significant differ-
ences in the total number of destinations (nDest: 100.29 ± 
58.86 vs. 124.5 ± 34.87, t [10] = 0.95, p = 0.36) and the num-
ber of new destinations (nNewDest: 6.86 ± 3.34 vs. 10.38 ± 
4.98, t [13] = 1.62, p = 0.13) between groups. We obtained 
a small Hedge’s g of 0.48 (95% CI: −0.48 to 2.1) and a mod-
erate Hedge’s g 0.77 of (95% CI: −0.12 to 2.1) for in between 
group analyses for the total number of destinations and 
number of new destinations, respectively. The group com-
parison results for count indicators are plotted in Figure 2.

Temporal Dimensions
Duration. Shapiro-Wilk tests only identified non-nor-

mal distributions for the walking time indicator; the re-
maining duration indicators did not significantly deviate 
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Fig. 1. Group comparison for the GPS measures describing the extent of outdoor mobility. GPS, global positioning system.
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from normality. Although PwD trended toward spending 
more time in home (Welch 2-sample t test) (1,301.92 ± 
64.10 vs. 1,221.08 ± 83.71 min, t [13] = −2.11, p = 0.06) 
and reduced time in outdoor activities compared to the 
CTL group (112.64 ± 32.48 vs. 149.21 ± 66.48 min,  
t [11] = 1.38, p = 0.2), these trends did not reach statistical 
 significance. Analysis of between-group effects yielded an 
overall Hedge’s g of −1.02 (95% CI: −2.93 to −0.01) for 
time spent in home and 0.66 (95% CI: −0.27 to 1.8) for 
time spent participating in outdoor activities.

The average daily walking time was significantly lower 
for PwD than for the CTL group (Mann-Whitney test) 
(PwD vs. CTL: Mdn = 3.27 vs. Mdn = 10.80, U = 48, p = 
0.02). Finally, no significant difference was exhibited in 
the average time spent in vehicles between the 2 groups 
(Welch 2-sample t test) (PwD vs. CTL: 28.64 ± 12.45 vs. 
21.49 ± 10.38 min, t [12] = −1.20, p = 0.24). We obtained 
a large Cliff’s Delta effect of 0.71 (95% CI: 0.148–1) and a 
moderate Hedge’s g effect of −0.59 (95% CI: −1.62 to 0.48) 

for average time spent walking and in vehicles, respec-
tively. The group comparison results for these indicators 
are plotted in Figure 3.1

Timing. Since only one late-night trip was recorded for 
both groups, this time period was not included in the be-
tween-group comparison analysis. Shapiro-Wilk tests 
identified non-normal distributions for early morning 
and night trips and normal distributions for the remain-
ing timeframes. The “morning” and “noon” periods were 
when both PwD and the cognitively intact CTLs were 
most active. PwD showed a slight preference for trips that 
started at “noon.” Although PwD displayed fewer early 
morning, morning, and evening trips compared to the 
CTL group, the differences were not statistically signifi-
cant in the early morning group (Mann-Whitney test) 
(PwD vs. CTL: Mdn = 3.0 vs. Mdn = 9.5, U = 48, p = 0.02), 
morning (Welch 2-sample t test) (PwD vs. CTL: 34.1 ± 
23.2 vs. 42.1 ± 10.0, t [8] = 0.85, p = 0.42), noon (Welch 
2-sample t test) (PwD vs. CTL: 43.1 ± 32.4 vs. 50.6 ± 18.6, 
t [9] = 0.54, p = 0.60), evening (Welch 2-sample t test) 
(PwD vs. CTL: 14.14 ± 15.0 vs. 26.12 ± 13.7, t [13] = 1.60, 

To
ta

l n
um

be
r o

f t
rip

s

100

60

80

40

0

20

Early morning Morning Noon Eve Night Late night
Time period

Mean
Outlier
Median
Participants’ data

■ CTL
■ PwD

Fig. 4. Total number of trips by group in each time period.

1 The findings remained unchanged when the suspected outliers in the fig-
ures were excluded from the analyses.



Mobility Patterns of Older Adults with 
Dementia

115Gerontology 2022;68:106–120
DOI: 10.1159/000515391

p = 0.13), and night (Mann-Whitney test) (PwD vs. CTL: 
Mdn = 1.00 vs. Mdn = 3.00, U = 33, p = 0.60). Further-
more, effect size analyses yielded a Cliff’s Delta effect of 
0.39 (95% CI: −0.24 to 0.911) for early morning trips, and 
Hedge’s g effects of 0.42 (95% CI: −0.61 to 2.88), 0.27 
(95% CI: −0.71 to 1.85), and 0.79 (95% CI: −0.17 to 2.55) 
for morning, noon, and evening trips. We also obtained 
a Cliff’s Delta effect size of 0.18 (95% CI: −0.48 to 2.42) 
for night trips. The group comparison results for the ac-
tive time period indicator are provided in Figure 4.

Since only a few early morning, morning, and late-
night outdoor activities were recorded, these time peri-
ods were not considered for between-group compari-
sons. Shapiro-Wilk tests identified normal distribu-
tions for noon, evening, and night periods. The duration 
of the outdoor activities starting at “noon” was highest 
for PwD, while the duration of outdoor activities start-
ing in the “evening” was highest for the CTL group. 
PwD demonstrated reduced activity duration for activ-
ities that were initiated at “night” compared to the CTLs 
(Welch 2-sample t test) (PwD vs. CTL: 6.72 ± 5.03 vs. 
28.27.1 ± 19.51, t [9] = 3.02, p < 0.05), with a large 
Hedge’s g effect of 1.42 (95% CI: 0.85–1.09). However, 
the differences for “noon” or “evening” timeframes 

were not statistically significant (Welch 2-sample t test) 
(PwD vs. CTL: noon: 32.50 ± 25.28 vs. 26.4 ± 12.35,  
t [8] = −0.57, p = 0.58; evening: 26.0 ± 11.48 vs. 39.61 ± 
25.32, t [11] = 1.37, p = 0.21). Analysis of between-
group effects yielded a small Hedge’s g of −0.29 (95% 
CI: −1.85 to 0.92) and a moderate Hedge’s g of 0.65 
(95% CI: −0.29 to 1.66) for average activity durations in 
“noon” and “evening,” respectively. The group compar-
ison results for outdoor activity duration by the time 
period are provided in Figure 5.

Semantic Dimensions
The group comparison results for activity types are 

plotted in Figure 6. Shapiro-Wilk tests identified non-
normal distributions for medical, religious, and sport ac-
tivities and normal distributions for the remaining activ-
ity types. PwD attended a higher proportion of medical- 
and health-related activities (Mann-Whitney test) (PwD 
vs. CTL: Mdn = 0.23 vs. Mdn = 0.11, U = 6, p = 0.01) with 
strong a Cliff’s d effect of 0.71 (95% CI: 0.34–1) and a low-
er proportion of sport activities (Mann-Whitney test) 
(PwD vs. CTL: Mdn = 0.0 vs. Mdn = 0.08, U = 48, p = 0.01) 
with a strong Cliff’s d effect of −0.78 (95% CI: −1 to −0.32) 
compared to the CTL group. The differences between re-
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maining activity types were not statistically significant. 
Furthermore, effect size analyses yielded a large Hedge’s g 
effect of 0.83 (95% CI: −0.09 to 2.72) for food activities and 
negligible to small effects for the remaining activity types.

Discussion

This study presents a framework for comparing out-
door mobility patterns of cognitively intact older adults 
and older adults with dementia based on a comprehen-
sive set of GPS-based indicators. To provide an objective 
and inclusive view of the outdoor mobility of older adults 
with dementia, we focused on mobility indicators deriv-
able from GPS data and domain knowledge.

Our proposed framework extends the available litera-
ture on life space patterns of older adults with dementia 
by introducing GPS-based indicators that measure vari-
ous dimensions of mobility that may be impacted by cog-
nitive decline. Although previous studies have shown that 
greater complexity of living environments can protect 

against cognitive decline [22], no study, to date, has at-
tempted to capture this complexity. Tung et al. [24] pro-
posed indicators to measure the extent of movements in 
the environment of older adults with Alzheimer’s disease 
using GPS. Our framework builds on previous findings 
by introducing GPS-based indicators that measure more 
in-depth characteristics of mobility. For instance, in ad-
dition to spatial dimensions, our framework examines 
temporal and semantic dimensions of outdoor mobility 
and provides evidence for associations between all as-
pects of outdoor mobility and cognitive function. It is, in 
fact, important to consider these different dimensions si-
multaneously in order to gain a comprehensive under-
standing of outdoor mobility behaviours of older adults 
with dementia. For instance, although previous studies 
show that the larger extent of outdoor mobility (e.g., life 
space area) could be indicative of improved cognition 
[24], in our small sample, no statistically significant dif-
ferences were observed in indicators measuring the spa-
tial dimensions of outdoor mobility. This, however, does 
not imply similar levels of outdoor mobility between 
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PwD and cognitively intact CTLs. In fact, the application 
of our proposed framework demonstrates several other 
significant differences. For instance, our results suggest 
that longer duration of outdoor walking time is associ-
ated with intact cognition (p < 0.05) with large effect 
(Cliff’s delta = −0.71), meaning there is a 71% chance that 
an individual with dementia has a lower daily walking 
time than a cognitively intact individual. This may be at 
least partly due to spatial disorientation, which is a com-
mon symptom of dementia influencing outdoor wayfind-
ing performance of individuals and increasing their risk 
of getting lost [10]. Furthermore, our sample of PwD also 
demonstrated a slight trend toward spending more time 
at home (p < 0.10) compared to the CTLs with a large ef-
fect (Hedge’s g = −1.02); thus, someone from the demen-
tia group is more likely to spend more time at home than 
84% of the cognitively intact CTLs. This finding, consis-
tent with the available literature [10], highlights the need 
to support PwD such that they can continue living at 
home but not be confined to it. Looking further into the 
timing indicators, we observed that the 2 individuals in 
the dementia group, who participated in regular adult day 
programs, also exhibited the highest duration of activities 
in the timeframe from 12 to 4 p.m., which also matched 
the timing of their programs. Our results also suggest that 
longer outdoor activities at night (i.e., after 8 p.m.) are as-
sociated with individuals with intact cognition (p < 0.05) 
and that PwD tend to participate in more medical-related 
activities (p < 0.05) and fewer sports activities compared 
to the cognitively intact CTLs (p < 0.05). Overall, we hy-
pothesize that with a larger sample, these differences be-
tween mobility behaviours would become more appar-
ent.

Another novelty of our framework is the explicit and 
detailed categorization of semantic aspects related to an 
individual’s motivations and intentions such as activity 
types and transportation modes. Most previous classifica-
tion frameworks for mobility indicators do not character-
ize older adults’ outdoor mobility according to its seman-
tic aspects [30]. The few studies that investigate semantic 
indicators consider only a few indicators and categories 
[28]. For example, they only distinguish between physi-
cally demanding activities and cognitively demanding ac-
tivities [28]. These studies also require the participants to 
recall and report their activity types and are thus subject 
to recall bias among cognitively impaired populations 
[28, 29]. Considering activity types is of particular impor-
tance in the context of cognitive impairment because old-
er adults’ specific types of destinations and activities are 
influenced by their cognitive status [44]. For instance, in 

our sample, the 2 PwD with the largest life space areas 
(LSA: 69.9 and 31.1 km2) visited the fewest number of 
destinations (nDest: 36 and 46). However, their furthest 
destinations leading to larger life space areas were to med-
ical locations outside their immediate environments. 
Therefore, one can presume that, for PwD, a smaller life 
space in a dense age-friendly environment with more di-
verse activities can be advantageous. To make this dis-
tinction, it is important to transition from traditional life 
space constructs that only consider the extent of outdoor 
movements to constructs that capture more complex di-
mensions of outdoor mobility to be able to promote 
PwD’s engagement in trips and activities that improve 
their health and social connection. Overall, looking at the 
contextual information inferred from GPS trajectories, 
our results suggest that PwD participated in significantly 
more medical- and health-related activities (p < 0.05) and 
fewer sport activities (p < 0.05) compared to cognitively 
intact CTLs. The observed effect of −0.78 in medical-re-
lated activities may be at least partly due to participation 
of PwD in day programs that are often located in health 
centres. Another semantic indicator included in our 
framework is the transportation mode. With respect to 
transportation modes, we distinguished between walking 
and passive modes (i.e., trips in vehicles). This distinction 
is important because walking is a major contributor of 
physical activity among older adults and may help main-
tain cognitive function [45]. To the best of our knowl-
edge, the detailed and fully autonomous categorization of 
semantic dimensions from GPS data as a part of the pro-
posed classification framework has not been represented 
in previous mobility frameworks presented in the geron-
tology literature.

Our proposed GPS-based framework offers new per-
spectives on the development of assistive technology 
devices that support the unmet outdoor mobility needs 
of people living with dementia. By characterizing and 
learning mobility patterns of PwD, we can explore the 
possibility of using machine-learning algorithms to cre-
ate personalized models that predict the whereabouts of 
PwD and detect movements that may correspond to 
geographic disorientation. These personalized predic-
tive models can support PwD to safely and freely navi-
gate in the outdoor environment and locate them in 
case they go missing; thus, providing both the person 
with dementia and their caregiver more confidence in 
using the outdoor environment independently. How-
ever, despite all the advantages and promises of track-
ing devices for PwD and their caregivers, 3 key limita-
tions should be considered before their use. First, the 
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power of these devices in providing continuous and re-
mote monitoring of PwD has privacy implications for 
the older adult and can lead to potential information 
leakage about users’ whereabouts. Second, GPS signals 
are less accurate in some areas and unavailable in in-
door environments because of signal interference and 
obstruction. Third, PwD may lose, remove, or forget to 
charge these tracking devices.

Finally, the findings of the current study need to be 
considered in light of a number of limitations, which can 
be addressed in future research. First, the small sample in 
this study, though effective for establishing the feasibility 
of the presented framework, lacks generalizability. Future 
studies should seek to achieve statistical power to allow 
for generalizable findings. The results obtained in this 
study could be skewed because of the unmatched age in 
dementia and control groups. Future studies with a larger 
sample should investigate the role of age and gender in 
the travel patterns of the 2 groups, since gender and age 
may contribute to various factors, including social and 
cultural norms regarding daily mobility behaviour. Sec-
ond, no corrections were made for multiple comparisons 
between the 2 groups. Thus, further studies on larger 
sample sizes are required to provide a comprehensive 
analysis of outdoor mobility behaviours of older adults 
with dementia. Third, since individuals at different stages 
of dementia have different mobility characteristics, future 
studies should consider investigating mobility profiles of 
individuals with mild, moderate, and severe dementia 
separately. Fourth, our proposed set of indicators was 
limited to mobility patterns that were derivable from GPS 
data and domain knowledge. Therefore, additional se-
mantic aspects related to others who accompanied indi-
viduals on their trips were not included. The inclusion of 
social network measures in the outdoor mobility con-
struct could further extend the current framework. This 
could be done by combing various sensors including au-
dio data or accelerometers, or by incorporating location 
data from family members. For older adults with demen-
tia who have lost their driving privileges, data about with 
whom they are travelling can yield a better understanding 
of their access to the available transportation and depen-
dence on their caregivers.

Conclusion

The present study suggests that to overcome the ap-
parent limitations of traditional life space measures and 
to objectively assess mobility behaviours of cognitively 

impaired populations, GPS technology can be used. 
This study presents a framework that allows a thorough 
comparison of outdoor mobility patterns of older adults 
with dementia and cognitively intact older adults using 
a set of indicators reflecting different dimensions of 
outdoor mobility. The proposed framework finds that 
in addition to determining the extent of the movements 
in the environment, which has been a primary focus of 
articles on older adult GPS-based life space assess-
ments, GPS tracking devices can be used to automati-
cally infer more in-depth information about the user’s 
mobility behaviour. This information ranges from se-
mantic characteristics such as the user’s activity types 
to temporal characteristics indicating the timing of the 
user’s out-of-home trips. By moving from life space 
constructs that focus on the extent of mobility to multi-
dimensional outdoor mobility constructs, we can better 
promote active lifestyles and social connections among 
the population of older adults with dementia. Further-
more, the proposed framework demonstrates the infor-
mation that can be derived from raw trajectory data, 
and its application to a larger sample can help discrim-
inate against aspects of mobility that are more relevant 
to cognitive health. Future work will focus on the devel-
opment of predictive machine-learning mobility mod-
els that learn mobility habits of PwD from the proposed 
framework, using a larger sample that achieves statisti-
cal power, and then infer their future destinations and 
intentions. By predicting future mobility patterns, we 
can identify when a user diverges from a predefined 
destination and assist them appropriately, if required; 
thus, we can move toward intelligent navigation assis-
tance systems that support outdoor mobility needs of 
PwD to improve safety and autonomy.
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