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A variety of procedures have been used to 
identify irregularities in gait in elderly per-
sons with cognitive declines and dementia. 
The present paper describes an automatic 

indoor movement tracking system that 
measures changes in path direction as well 
as rate and duration of movement. Gait ir-
regularities have been observed to distin-
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gt.2011.10.2.004.00  Objective We hypothesized path tortuosity (an index of casual 
locomotor variability) measured by a movement telesurveillance system would 
be suitable for assisted living facility residents clinically diagnosed with dementia. 
Background We examined the relationship of dementia to path tortuosity and to 
movement speed and path length variability, both of which increase in dementia. 
Methods Daytime movements of 25 elders (19 female; 14 with dementia; average 
age 80.6) were monitored for 30 days using radio transponders measuring loca-
tion with a maximum accuracy of 20 cm. After 30 days, the Mini Mental State 
Exam (MMSE) and Revised Algase Wandering Scale-Community Version (RAWS-
CV) were administered. Results Fractal Dimension (Fractal D), a measure of path 
tortuosity, correctly classified all but 2 residents with dementia; sensitivity 0.857, 
specificity 0.818 while the MMSE had 6 misclassifications, a sensitivity of 0.857 
and a specificity of 0.727. Individual logistic regressions of dementia diagnosis on 
predictors MMSE and Fractal D were significant, but a logistic regression using 
both predictors found Fractal D marginally predictive of dementia (p=0.055) while 
the MMSE was not (p=0.168). Although significantly correlated with Fractal D, rate 
of travel and mean path distance were not predictive of dementia. Fractal D cor-
related negatively with overall MMSE (r= -0.44, n=25, p<0.05) but the relationship 
was mediated by MMSE Geographical Orientation items. Fractal D was unrelated 
to the RAWS-CV. Conclusions Telesurveillance-measured path tortuosity is greater 
in persons diagnosed with dementia. Persons with dementia have relatively more 
impaired spatial memory which is required for successful navigation. Application 
Automatic monitoring of direction, length and speed of unconstrained movements.

Keywords: dementia, wandering, tracking technology, path tortuosity 

Wireless telesurveillance system for
detecting dementia
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guish ‘normal’ or benign memory problems 
associated with normal aging from those 
linked to a clinical diagnosis of dementia. 
Changes in gait and movement patterns 
have been observed before and after clini-
cal diagnoses of dementia1. In a study of five 
years of clinical records of symptoms iden-
tified in patients with preclinical dementia, 
gait disturbances were the earliest predictor 
followed by cognitive complaints2. A recent 
longitudinal study of preclinical cognitive 
decline occurring prior to dementia diagno-
sis identified three cognitive functions that 
changed prior to diagnosis3. The order of 
preclinical declines  were, 3, 2, and 1 year 
prior for Visuospatial, Global, and Memory, 
respectively. Visuospatial changes were as-
sessed with psychological test performance 
in this study but they also reflected floor 
maze navigation variations in other studies4. 

Movement variability

For persons with a clinical diagnosis of de-
mentia, two lines of published research link 
increased movement variability to dementia. 
In the first, multiple trained human observ-
ers classified routine nursing home resident 
ambulation as either purposeful traveling, 
for instance, going to the dining room, or as 
falling into one of three categories of aim-
less locomotion (wandering): random, lap-
ping and pacing5p.77. Over three observation 
periods, residents with dementia had more 
random elements (wandering) in their paths. 
This study was the first in a series culminat-
ing in the creation of the 40 item Revised 
Algase Wandering Scale-Community Ver-
sion (RAWS-CV)6. The items in the RAWS-
CV were organized into subscales, two of 
which were called persistent walking and re-
petitive walking. In addition there is a single 
question, ”Is this person a wanderer?” The 
categories developed in the earlier research 

-random, lapping and pacing- mostly migrat-
ed to these two subscales. The individual 
items in the two subscales concerned both 
the aimless aspect of walking, for instance,  
the person walks aimlessly and has difficul-
ty way-finding, and the amount and quality 
of the wandering, for instance, restlessness 
and walking between meals and at night. 

In the second line of research evidence, 
variability in stride to stride gait speed and 
length is measured as elders walk on pre-
scribed paths. Increased variability in these 
measures correlates negatively with cogni-
tive performance measures, including the 
MMSE. Hayes and colleagues7,8 measured 
daily variations in walking speed in free vol-
untary movements of 14 seniors living in their 
own homes. They deployed wall mounted 
PIR (Passive InfraRed) sensors which were 
triggered as a person walked past the moni-
tored wall, allowing the estimation of travel 
speed. Variability in walking speeds and ac-
tivity levels  were greater in the 7 participants 
with mild cognitive impairment than in the 7 
without the diagnosis, results which extend 
earlier findings using gait mats9-12 to volun-
tary movements observed in a home setting. 

Path tortuosity

Path tortuosity (number of changes in direc-
tion of successive movement paths) has been 
measured during routine ambulation of eld-
erly residents in the common indoor living 
spaces of congregate living facilities called 
Assisted Living Facilities (ALF). An ALF is a 
congregate living facility, usually for elderly 
persons, that provides hotel services and as-
sistance with activities of daily living (ADL) 
but no in-house medical or nursing support. 
Path tortuosity was measured with a highly 
accurate geographical localization device 
described in research by Kearns et al.13, 14 
and Kearns and Fozard15. An active radio 
frequency identification (RFID) transponder 
reports position with 20cm accuracy in x, y, 
and z dimensions when the wearer passes 
within 150m of fixed sensors, and is capa-
ble of position updates at rates exceeding 
10/s. Transponder position, the path’s points 
of origin and completion, the travel dura-
tion, speed and vector are obtained using 
this method. A summary measure, Fractal 
Dimension (Fractal D), used in movement 
ecology studies to characterize exploratory 
behavior in numerous species16, is employed 
to characterize path tortuosity. Fractal D 
ranges from 1 where a path follows a per-
fectly straight line (requiring only a single 
dimension, length, to describe it) to a value 
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of 2 where the path is so tortuous (chaotic) 
that it completely covers the plane of move-
ment and requires all of a second dimen-
sion (width) to describe it. In contrast to the 
fractal indices employed by Hausdorff10 to 
describe stride time variability on prescribed 
courses and standardized gait and balance 
assessments (SGB), which may define spatial 
variability in terms of variations in length of 
successive strides or number of times that 
the location of a step falls outside a specified 
path17, we operationally define spatial varia-
bility in terms of the tortuosity of paths meas-
ured by Fractal D. Fractal D provides spatial 
information characterizing locomotion oc-
curring over wide areas and from persons 
unable to complete normal SGB protocols 
due to mobility constraints (i.e. wheelchair 
confinement or the use of walkers). Fractal 
D recorded from the aimless locomotion of 
frail elders in assistive living facilities corre-
lates negatively and significantly with MMSE 
scores (r=-0.47; n=14 p=0.05)15. Unlike the 
work of Hayes, Pavel and colleagues, the 
present system, based on RFID technology 
requires that participants wear small trans-
ponders that emit signals to a sensor array; 
coverage is limited to the monitored spaces.  

Research goals

The research goals were to: (i) determine if 
path tortuosity was greater for ALF residents 
with a clinical diagnosis of dementia than 
for residents without the diagnosis; (ii) de-
scribe the relationship between component  
measures of path length and rate of travel to 
dementia; (iii) explore the relationship of a 
measure of wandering behavior gathered by 
human observers, the Revised Algase Wan-
dering Scale-Community Version (RAWS-
CV)18,19, to path tortuosity; (iv) explore the re-
lationship of path tortuosity to a widely used 
measure of cognitive functioning, the Mini 
Mental State Exam (MMSE), and determine 
the unique variance Fractal D and the MMSE 
contribute to differentiating dementia diag-
noses in ALF residents, and (v) obtain a fuller 
understanding of the documented negative 
association of MMSE to Fractal D by deter-
mining the MMSE geographic and temporal 
orientation items’ correlation with Fractal D.  

Based on a review by Luis and Brown20 
we hypothesized the MMSE ‘Geographic 
Orientation’ component would be strongly 
positively correlated with Fractal D scores. 
The geographical orientation items in the 
MMSE require the participant to name the 
state, county, city, name of the ALF facility, 
and type of facility they reside in. 

By definition the movement patterns gener-
ated in common locomotion are composed 
of a number of paths with varying path di-
rections and distances. The rate of travel is 
inversely related to the number of changes 
in path direction and positively related to 
the total distance traveled. We examined 
the correlations between movement speed 
and path length to dementia. 

Movement ecology paradigm

The movement ecology paradigm provides 
a theoretical framework to analyze  human 
path tortuosity; it is a transactional analysis 
linking an individual’s internal state, their 
navigational capacity and their motion ca-
pacity with features in their external environ-
ment21p10954. Each change in location, termed 
a ‘movement path’, changes the person-envi-
ronment dynamic potentially altering any or 
all capacities of the individual. In the present 
study, the internal state, or ‘why move’, is 
defined by the goal of traversing a common 
living space for a meal, getting to a sleeping 
area, or engaging in recreation. Navigation-
al capacity, having the ability to determine 
‘where to move’, is differentially affected by 
the presence of dementia and differences in 
cognitive abilities. Motion capacity, knowing 
‘how to move’, applies to independently mo-
bile persons or those who move with the aid 
of a walker, or a wheelchair. 

Dementia may affect navigational capacity 
either by changing orientation or attention. 
Luis and Brown20 identified studies support-
ing the hypothesis that disordered spatial 
orientation was responsible for dementia 
related wandering22,23, and others indicating 
that difficulty shifting attention -an executive 
function- was responsible for wandering24,25. 
Both hypotheses are consistent with observa-
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tions of higher movement path variability in 
elderly with clinical diagnoses of dementia. 

Another way dementia can affect path tortu-
osity is through its effect on motion capacity 
or ‘how to move’. Stride to stride gait speed 
and length, measured when elders walk 
prescribed paths, correlates negatively with 
cognitive measures, such as the MMSE, in 
normal aged and in subjects with demen-
tia9,12. Standardized gait and balance as-
sessments (SGB) include stride length, step 
length, support base, step time, swing time, 
stance time, single support time, double sup-
port time and average velocity measures26,27. 
Static balance assessment includes body 
sway measures recorded standing on one or 
two legs with eyes open or closed; dynamic 
balance assessments are taken walking and 
performing an additional task such as talk-
ing on a cell phone.  Recently researchers9,11 
have employed fractal analytic techniques 
to SGB thereby unveiling gait and balance 
variability information leading to improved 
fall prediction. Hausdorff et al.9 have found 
that increased stride time variability predict-
ed heightened fall risk in community dwell-
ing elders; stride time variability in this study 
also correlated negatively (-0.47) with par-
ticipants’ MMSE scores.

All three movement ecology paradigm hy-
potheses (why move, where to move and 
how to move) predict dementia will increase 
movement path tortuosity through its de-
generative neurological effects on structures 
controlling motivation, navigational abilities, 
and skeletal muscle activity. 

Method

Participants
Participants were 25 volunteers (19 female) 
recruited from two local ALF sites with ages 
ranging from 59 to 93 years (mean 80.6, 
SD=9.5), capable of independent movement 
with or without assistive devices. Those with 
serious mental health disorders (i.e. Schizo-
phrenia, Bipolar Disorder or Developmental 
Disability) were excluded. ALF records iden-
tified 14 with dementia diagnoses (Table 1); 
severity or duration of dementia was not 

specified; 7 were fully ambulatory, 11 used 
wheelchairs, and 7 used a rolling walker. 

Records identified those needing assistance 
with ambulation, bathing, dressing, toileting, 
eating, grooming and transferring. The type 
and level of assistance needed was not re-
corded. Wheelchair use, and ALF staff judg-
ment of whether the participant was a wan-
derer according to the RAWS-CV was taken 
into account (Table 1).  

Equipment
Movement data was collected by a Ubisense, 
Inc. Ultra Wideband RFID research pack 
with 25 ‘compact tag’ transponders measur-
ing 38mm x 39mm x 16.5mm, weighing 25g 
and secured to the wrist with a comfortable 
wristband 28.  A Belkin, Inc. Power of Ether-
net 100 BaseT switch, 7 shielded category 
5e network cables and four wall mounted 
sensors were placed at each ALF. The sensor 
network transferred data to a Dell Inspiron 
model 1501 notebook computer running 
Ubisense 2.0 realtime location analysis soft-
ware for processing and storage. 

Monitored areas and sensor installation
One Ubisense sensor was installed at each 
corner of approximately rectangular com-
mon use spaces at each ALF; 25.6m by 9.3m 

- site 1; and 23.8m by 9.4m - site 2 (Figure 
1). The spaces contained sofas, chairs, tables, 
and a television and served as gathering 
places for recreational and social activities, 
a conduit between dormitory wings and din-
ing rooms and as a passageway to exterior 
doors which led to covered outdoor porches 
with chairs and tables. In both sites, furniture 
was often rearranged to accommodate dif-
ferent events, such as musical activities. 

Procedure
Following University of South Florida Inter-
nal Review Board approval, prospective par-
ticipants and caregivers (for proxy consent) 
were recruited by one investigator (JLF) who 
obtained informed consent and proxy con-
sent and informed them the study’s intent 
was to examine elderly persons’ movement 
patterns, and their task would be to wear a 
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small comfortable transponder during wak-
ing hours for 30 days of recording.  Partici-
pants were informed the device was safe, 
would emit very weak radio waves (about 
1/10th the power of a common cellular tel-
ephone) and that they could discontinue the 
study at any time they desired, but that they 
should wear it during waking hours but re-
move it for bathing. By design, the remain-
ing three investigators were blind to identity, 
age, gender, diagnosis of dementia and mo-
bility aids used by participants.

Experimental protocol
Transponders were fastened by a comfort-
able wristband by ALF staff each morning.  
When in motion, the tags transmitted at 0.43 
second intervals x, y, and z coordinates in 
centimeters relative to a fixed origin in one 
corner of the room. After 30 days of data 
collection, a trained gerontology graduate 
student blind to the protocol administered 
the MMSE. A measure of participant wan-

dering behavior, the Revised Algase Wan-
dering Scale-Community Version (RAWS-
CV)19 was independently gathered by an 
ALF staff member familiar with the partici-
pant’s normal behavior but blind to MMSE 
and Fractal D measures.  

Data reduction and analyses 
Fractal dimension
Approximately 1.4 million and 1.2 million 
observations, respectively, were generated at 
sites 1 and 2. Earlier results14 showed trans-
ponder radio reflections occurring close to 
corners and walls affected accuracy com-
pared to those in open areas, therefore clearly 
impossible data (i.e. indicating a transponder 
had passed through a solid wall) were elimi-
nated. Similarly, observations outside the 
monitored area regardless of accuracy were 
rejected, leaving 855,377 observations from 
site 1 and 815,960 from site 2. Each observa-
tion included transponder number, the date 
and time (accurate to 0.001s), and the x, y, and 

Figure 1. Floor plans for research site 1 (top) and 2 (bottom); sensor locations are at the vertices of the 
shaded regions and the origin is in the lower left; major divisions are 10m increments; individual partici-
pants appear as numbered ovals
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z coordinates relative to each room’s fixed 
origin.  To convert the observations to paths, 
the rule was: (i) a transponder not changing 
position for 60s or more was stationary; (ii) 
the first datum in response to movement be-
gan a new path; (iii) successive observations 
accrued until the transponder was stationary 
for 60s, signifying the path’s end. 

Path measures included its duration, length 
and tortuosity measured by the RTFPA de-
scribed in the next section. Travel rate was 
determined by dividing path length by its 
elapsed time and averaging to obtain a 
mean and standard deviation for each par-
ticipant. Mean path distance was computed 
by summing path lengths generated for each 
participant over 30 days and dividing by the 
number of paths. 

Fractal Dimension
For each participant Fractal D was calculat-
ed dynamically for each path and averaged 
to produce a single participant score using 
the Real-Time Fractal Path Analysis (RTFPA) 
algorithm based on the Adjusted D4 algo-
rithm presented by Nams29,30. RTFPA31  uses 
a dynamic programming approach to reduce 
the memory complexity of the fractal calcu-
lation. The data necessary to compute Frac-
tal D includes the last point received, the to-
tal number of points in a path, the measured 
path length, and the scaling multipliers. RTF-
PA uses two divider sizes and estimates them 
dynamically by multiplying the average step 
length by scale multipliers. Scaling multipli-
ers of 0.5-10 were chosen for the Fractal D 
algorithm, based on prior observations of 
elder locomotion using this technology15.
 
Revised Algase Wandering Scale-CV
The RAWS-CV is a 40-item scale with five 
subscales measuring persistent walking, re-
petitive walking, elopement behavior, spa-
tial disorientation and negative outcomes.  
The RAWS-CV’s validation item ‘The per-
son is a wanderer’, is scored ‘no’, ‘yes, but 
it is not a problem’, ‘yes, and it is a prob-
lem’, ‘yes, and it is a major problem’; and 
was dichotomized to a simple yes/no for this 
study. Pearson product moment correlations 

of average rate of travel, RAWS-CV dichot-
omized validation item and subscales were 
calculated to evaluate their relationship to 
Fractal D path variability.

MMSE
The MMSE full scale and Geographic Ori-
entation and Temporal Orientation subscale 
scores for each participant were obtained as 
well as Pearson product moment correlation 
coefficients calculated with Fractal D, travel 
rate and RAWS-CV measures. 

Analyses
Differences between participants with and 
without a diagnosis of dementia were as-
sessed with t-tests; relationships among 
variables discussed were assessed by cor-
relational analysis. The predictive effective-
ness of Fractal D and MMSE on dementia 
diagnosis was assessed by logistic regression 
supplemented by a receiver operator char-
acteristic (ROC) analysis to display correct 
and incorrect dementia classifications. Con-
fidence limit was set at 0.05.

Results 
Participant characteristics
Average full scale MMSE scores trended 
lower but not significantly lower in site 2, 
with t=1.936, df=23, and p=0.065. How-
ever, mean ADL scores were significantly 
lower in site 2 (mean 3.8 SD=1.2) than in 
site 1 (mean=5.4 SD=1.8) (t=2.583, df=23, 
p=0.02). Neither Fractal D nor the RAWS-
CV validation item differed between the two 
sites (Fractal D t=.181, df=23, p=n.s.; Raws-
CV Chi-Square=3.074 df=1 p=0.08). How-
ever, participants in site 1 traveled faster on 
average (0.46m/s) than site 2 participants 
(0.33m/s) (t=2.096, df=23, p=0.047). The two 
sites did not differ in mean distance traveled 
(t=.636, df=23, p=n.s.). Across participants 
the number of ADLs was not related to mean 
path distance traveled within the monitored 
area (r=-0.33, n=25 p=0.11) (Table 1). 

Fractal D
Consistent with the hypothesis that more 
aimless movement would be observed in 
persons with dementia, Fractal D scores 
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were significantly higher in the dementia 
group (mean = 1.37 SD=0.06) than in the 
no dementia diagnosis group (mean=1.25, 
SD=0.07) (t=4.56, df=23, p<0.001). ADL 
levels did not differ by dementia status (over-
all mean=4.7, groups t=0.48, df=23 p=0.64). 
Travel speed was significantly lower in per-
sons with dementia (0.33m/s) than in those 
with no diagnosis (0.50 m/s) (t=3.13, df=23, 
p<0.01) (Table 1).  

Relationships
A Chi square test on the RAWS-CV valida-
tion item vs. diagnosis of dementia was non-
significant (Chi square=0.89 df=1 p=0.35) 
(Table 2). Neither MMSE nor Fractal D reli-
ably differed from normal for persons identi-
fied as wanderers although a strong trend 
in that direction for both measures was ob-
served (MMSE t=1.88, df=23 p=0.07; Fractal 
D t=1.92, df=23 p=0.07). Correlation coef-
ficients of Fractal D and the RAWS-CV sub-
scales (persistent walking, repetitive walking, 
eloping behavior, spatial disorientation and 
negative outcomes) were non-significant. A 
correlation coefficient computed between 
the total MMSE scores and Fractal D was 
significant (r=-0.44, n=25, p=0.03), extend-
ing prior observations15 to a second research 
site. The mean MMSE level for participants 
having a diagnosis of dementia was signifi-
cantly lower; 13.4 (SD=7.9) than for those 
with no diagnosis; 23.2 (SD=4.7) (t=3.639, 
df=23 p=0.001). 

Individual MMSE -Fractal D relationships 
Only two MMSE subscales correlated signifi-
cantly with Fractal D; the Geographic Ori-
entation subscale (r=-0.66, n=25, p<0.001) 
which was hypothesized to show this rela-
tionship, and the Temporal Orientation sub-
scale which was marginally negatively corre-
lated with Fractal D (r=-0.39, n=25, p=0.05). 

A logistic regression predicting dementia 
diagnosis revealed Fractal D was a signifi-
cant predictor, (B=0.266, df=1, p=0.007). 
The estimated odds of dementia increased 
approximately 30% with each unit increase 
in Fractal D scores. The robust Hosmer-
Lemeshow goodness-of-fit statistics (appro-
priate for small sample sizes), showed no 
evidence of lack of fit for this model (Chi 
square=8.759, p=0.188, df=6). A logistic 
regression of dementia diagnosis on MMSE 
was significant (B=-0.354, df=1, p=0.035). 
The estimated odds ratio for the MMSE was 
0.702, that is, odds of dementia increased 
by approximately 30% when the MMSE full 
scale score decreased by 1 unit. The robust 
Hosmer-Lemeshow goodness-of-fit statistics 
showed no evidence of lack of fit for this 
model (Chi square=3.238, p=0.663, df=5). 

Cross classification tables were generated 
based on the model to predict the probabil-
ity of dementia for each subject using a cut-
off of 0.5. Fractal D was associated with a 
slightly higher overall percentage of correct 

Table 2: Pearson correlation matrix of dementia diagnosis,  MMSE (Mini Mental State Exam), ADLs 
requiring help, and movement parameters; 2-tailed tested for significance; **=p<0.01; *=0.01<p<0.05 
 

MMSE 
# ADLs 

with help 

Movement parameters 

Fractal D Mean path 
length, m 

Travel rate, 
m/s 

Dementia 
0=No, 1=Yes 

Correlation -0.604** -0.099 0.689** 0.403* -0.547** 
p 0.001 0.636 0.000 0.046 0.005 

MMSE 
Correlation  -0.071 -0.442* -0.211 0.495* 

p  0.735 0.027 0.312 0.012 

# ADLs with 
help 

Correlation   -0.024 -0.329 -0.073 
p   0.910 0.108 0.729 

Fractal D 
Correlation    0.727** -0.469* 

p    0.000 0.018 

Mean path 
length, m 

Correlation     0.050 
p     0.811 
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prediction of the dementia groups to which 
the subjects belonged (84% versus 80%) 
compared to the MMSE; however, both tests 
were similar in their sensitivity (85.7%). 

A single logistic regression including MMSE 
and Fractal D as predictors was performed 
to assess potential confounding. Fractal D 
is marginally significant as a predictor of 
dementia (p=0.055), while MMSE is not 
(p=0.168) (Table 3). Results of the Hosmer-
Lemeshow test of the overall model shows 
no significant lack of fit (p=0.175) and given 
the small sample size, we evaluated multicol-
linearity effects; the correlation of estimates 
for both predictors was 0.294. Therefore 
multicollinearity probably played a negligi-
ble role in the non-significance of the MMSE 
in the model. The MMSE does not seem to 
explain any variation in dementia outcome 
in a significant way over and above that al-
ready explained by Fractal D, which may ex-
plain the lack of a demonstrable difference 
in the overall percentages of correct classi-
fication by Fractal D alone (84%) versus in 
combination with the MMSE (84%).

The diagnostic accuracies of Fractal D and 
MMSE in their classification diagnosis of de-
mentia (yes or no) were compared using re-
ceiver operating characteristic (ROC) curve 
analysis (Figure 2), where presence or ab-
sence of dementia defined according to prior 
clinical diagnostic assessment is used as the 
‘reference standard’. The test results of both 
Fractal D and MMSE being continuous vari-
ables may make the choice of optimal cutoff 
points difficult. ROC curve analysis serves 
as an appropriate and objective statistical 
method to assess accuracies of these two di-
agnostic tests. Because of the relatively small 
sample size and presence of tied predicted 

values for dementia classification, a binomial 
ROC curve was calculated for each test as a 
‘smooth fit’ to the empirical ROC curve (Fig-
ure 2), to facilitate the choice of the best cut-
off point. As seen from the figure, the approx-
imate best cutoff point overall for Fractal D 
lies between a sensitivity, or true positive rate, 
of 80-95% with corresponding false positive 
error rates of 20-40%. At the same sensitiv-
ity range the approximate false positive error 
rates for MMSE fall between 25-60%. 

Discussion

There were four major findings in the present 
study. First, an elevated Fractal D predicts 
a diagnosis of dementia. The correlations 
of RAWS-CV with Fractal D and MMSE 
although in the predicted direction were 
not statistically reliable. The correlation be-
tween number of ADLs requiring assistance 
and Fractal D were not significant (Table 2),

Second, the total MMSE score was, as antici-
pated, a significant predictor of dementia and 
significantly negatively correlated with Fractal 
D. MMSE scores were not significantly related 
to the number of ADLs requiring assistance. 
When both MMSE and Fractal D were entered 
as predictors of dementia in a logistic regres-
sion, the MMSE’s contribution was rendered 
non-significant. A subsequent ROC analysis 
showed that given a sensitivity of 0.80 for both 
measures, the false alarm rate for the MMSE 
was 0.27 as opposed to 0.18 for Fractal D; 
there were 6 dementia diagnostic misclassifica-
tions using the MMSE as opposed to only 2 for 
Fractal D. Inspection of the MMSE and Fractal 
D scores shown in Table 1 reveals that the mis-
classification of demented vs. non-demented 
persons by the MMSE is greatest for MMSE val-
ues ranging from 19-21; above and below those 
values the MMSE’s performance improves. 

Table 3. Results of step 1 of the logistic regression of MMSE (Mini Mental State Exam) and Fractal D 
as predictors of the diagnosis of dementia; B=Beta; S.E.=Standard Error.; Wald=Wald Test 33; 
df=degrees of freedom; Sig.=Significance.; C.I.=Confidence interval 

 

Variables in the equation 

B S.E. Wald df Sig. Exp(B) 
95% C.I. of Exp(B) 

Lower Upper 

MMSE -0.180 0.131 1.902 1 0.168 0.835 0.646 1.079 
Fractal D 0.201 0.105 3.682 1 0.055 1.223 0.996 1.502 
Constant 122.894 14.788 2.397 1 0.122 0.000   
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Third, the average rate of travel and mean 
path length, although significantly correlat-
ed with the diagnosis of dementia (Table 2), 
did not improve upon variance accounted 
for in the logistic regression which included 
predictors Fractal D and MMSE. These vari-
ables are also significantly correlated with 
Fractal D (Table 2). Rate of travel is nega-
tively correlated with Fractal D because 
higher path tortuosity requires longer times 
to traverse a given path. Rate of travel pro-
vides no information about location. In the 
absence of changes in path direction, path 
distance can provide information about lo-
cation, but because changes in direction of 
successive paths do occur, the correct des-
ignation of location must include changes in 
path direction: the core element of Fractal D.

Hayes and colleagues7 estimated walking 
speed in elderly persons living alone in 
their homes over a six month period. The 
average time required to traverse one meter 
was the same in a group with mild cogni-
tive decline as in a non-impaired group but 
the coefficient of variation in the former 
group was twice that of the latter. Our find-
ing that rate of travel is positively correlated 
with MMSE scores is consistent with their 
findings. However, in the present study the 
mean rate of travel was 0.49m/s and 0.31m/s 
in the non-demented and demented groups, 
respectively. The range of travel rates in the 

present study (0.15-0.70m/s) brackets the 
0.56m/s average reported by Hayes et al.7. 
Although the differences could reflect dif-
ferences in the method of estimating travel 
rate, the most important factors include the 
degree of help in ADLs required by partici-
pants in the present study and differences 
in level of cognitive impairment in the two 
studies. Hayes et al.7 defined mild cogni-
tive impairment using the Clinical Dementia 
Rating Scale; none of their participants had 
MMSE scores lower than 24.   

The fourth finding was that only the Geo-
graphical Orientation item of the MMSE was 
strongly and significantly related to Fractal 
D while the temporal orientation item was 
weakly but still significantly associated with 
Fractal D. The total MMSE score reflects 
a multidimensional construct of cognitive 
functioning making it a reliable tool for eval-
uating general cognitive function. Increased 
path tortuosity in familiar spaces may reflect 
a decline in cognitive functions controlling 
navigation, and the strong association of the 
MMSE’s Geographic Orientation item with 
Fractal D may be tapping that dimension. 

Finally, the anticipated correlation between 
Fractal D and the RAWS-CV validation item 
‘is this person a wanderer?’ (r=0.35, n=25, 
p=0.08) was not significant but in the ex-
pected direction. Neither were the correla-

Figure 2. Receiver operator curves for the prediction of dementia diagnosis using Fractal D vs. MMSE 
(Mini Mental State Exam)
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tions between Fractal D and the five RAWS-
CV subscales significant.  

Movement ecology paradigm
The movement ecology paradigm provides a 
framework for interpreting the results of this 
study. It characterizes four major research 
domains related to movement21. The first 
two, ‘biomechanical’ and ‘cognitive’, focus 
on the basic mechanisms underlying move-
ment, specifically motion and navigational 
capacities defined earlier. The third, ‘ran-
dom’ domain focuses on the movement 
patterns, and the fourth, ‘optimality’ do-
main focuses on interactions between the 
internal state (why move) and the external 
environment. The present study bridges the 
cognitive and random domains by examin-
ing movements generated by persons who 
retain scant memory of their local environ-
ment. It is an example, in Nathan’s terms, 
of “…new approaches to explore potential 
links between intermittent locomotion, reo-
rientation behavior and search efficiency…
particularly valuable for identifying different 
movement phases and distinct behaviors 
from movement paths”21p19058.

In their analysis of the role of executive func-
tion and attention on human gait disorders, 
Yogev-Seligmann and colleagues32 identify 
five interrelated cognitive functions span-
ning four movement domains: (i) volition: 
setting goals for movement; (ii) self-aware-
ness: placing oneself in the environment 
to be traversed; (iii) planning: organizing 
steps needed to carry out the activity; (iv) 
response inhibition: ignoring distractions to 
intended movement; and (v) response moni-
toring: comparing ongoing and intended ac-
tions. Their framework provides a means for 
understanding how the extra cognitive bur-
den imposed by dual tasks affects gait and 
provides opportunities for future investiga-
tions to discover links between path tortu-
osity and independent neuropsychological 
measures of cognitive functions involved in 
gait disorders.
To our knowledge this is the first report link-
ing dementia diagnosis to the tortuosity of 
movement paths recorded in residential set-

tings. The paths were generated by travers-
ing between bedrooms and dining areas or 
when engaged in going to social and rec-
reational activities such as watching televi-
sion or hobbies in the monitored space. We 
employed a transponder technology to track 
locomotion, and quantify its aimless compo-
nent mathematically as movement tortuosity 
(Fractal D). Path tortuosity quantified as Frac-
tal D may represent dementia sufferers’ dif-
ficulty remembering spatial cues essential for 
navigating familiar environments irrespective 
of means of locomotion. Among the many 
undesirable consequences of dementia are 
increasingly irregular gait, heightened fall 
risk, and becoming lost in familiar places. 

Study limitations
The successful use of this telesurveillance 
system in two settings attests to its reliability 
and accuracy. In this application, a mixed 
media TCP/IP connection from the investi-
gator’s computer allows remote detection 
and management of software or hardware 
issues on the onsite computers, which proc-
ess, store and forward the collected data. In 
almost all cases of data transmission failures, 
it was the result of a participant not wear-
ing the transponder, and was remedied by 
notifying staff at the ALF who located and 
replaced the tag. The long term goal of this 
project: automatic detection of changes in 
Fractal D and other measures of locomotion 
related to health risks with subsequent re-
porting these results to the ALF administrator 
and/or clinician, so action may be taken in a 
timely manner, has come a step nearer.

We placed the tags on the participants’ 
wrists. Would Fractal D measure move-
ments of the wrist relative to the body, rather 
than of the body itself? The range of scales 
used in the Fractal D estimates minimized 
this possibility. The range of spatial scales 
used was determined by the mean step size 
and the scaling constants - this resulted in an 
average range of scales of 0.25 - 5m. Most 
of that range is larger than the size of wrist 
movements relative to the body, and thus 
Fractal D would mostly respond to move-
ment of the whole body itself.
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One might also wonder how variability in 
activity might affect our estimates; it de-
pends on the type of variability. One type is 
variability in time spent moving - i.e. moving 
vs. not moving. This would not affect Fractal 
D estimates because the technique is based 
on distances and directions, not on the time 
taken to go from place to place. Thus, only 
the movement path itself is relevant, not 
whether the participant stopped and started 
while travelling along the path. Another type 
of variability is variability in path tortuosity - 
i.e., straight sections then tortuous sections. 
This would also not affect Fractal D estimates 
because they are based on mean tortuosity. 
A final type of variability is the predictabil-
ity of path direction; this is specifically what 
Fractal D measures. A low Fractal D value 
means the path remains quite straight, while 
a high D value means path direction varies 
and is unpredictable. Our results suggest that 
dementia decreases predictability of move-
ment direction.

Limitations of this study include a lack of de-
tailed information about the severity, type, 
and duration of the diagnosis of dementia. It 
is possible that other unmeasured functional 
limitations or diseases related to movement 
contributed to the observed differences in 
Fractal D in demented and non-demented 
groups. In view of the finding that only the 
MMSE geographical orientation subscale was 
strongly and significantly related to Fractal D, 
it will be of interest to obtain other measures 
of visuospatial functioning in future studies. 

Future research
Future research should also focus on de-
tecting other components of wandering 
than aimless motion quantified by Fractal D, 
such as lapping or repetitive walking back 
and forth (pacing) in order to compare their 
spatial variability with temporal variabil-
ity observed in formal assessments of gait 
and balance using prescribed courses of 
movements.
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