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 
Abstract— Objective: Aimless movement or wandering may be 

a symptom of mild cognitive impairment (MCI) that arises as a 
consequence of confusion and forgetfulness. This paper presents a 
support vector machine (SVM) framework based on movement 
analysis for the prediction of the onset and progression of MCI. 
Methods: Movement data of 22 subjects with MCI, and 22 other 
healthy subjects, living independently in smart homes were 
collected for ten years using motion sensors. Features were 
extracted from the sensor data using movement metrics, including 
cyclomatic complexity, detrended fluctuation analysis, fractal 
index, entropy, and room transitions. Two different SVM 
classification algorithms were trained using the features, first to 
predict the progression of MCI in the post-transition period, and 
second to predict the onset of MCI in the pre-transition phase. 
Results: The two SVMs were able to detect the onset six months 
earlier than the clinical diagnosis. The model accuracy in 
classifying MCI increased monotonically from the onset month 
and reached maximum (81%) at the 11th post-transition month. 
The features of cyclomatic complexity contributed significantly to 
the prediction results. Conclusion: Findings support the use of 
movement complexity measures and machine learning for 
monitoring cognitive behavior in an independent living 
environment. 
 

Index Terms—Cyclomatic complexity, mild cognitive 
impairment, movement analysis, support vector machines.  

I. INTRODUCTION 

ementia is a degenerative neurological disorder that affects 
millions of people worldwide [1]. The symptoms include 

memory and concentration loss, change in behavior, 
disorientation, and confusion, typically when confronted with 
unfamiliar surroundings. Diagnosing dementia is difficult in the 
early stages since the symptoms resemble the natural signs of 
aging. Studies suggest that age is the most critical risk factor for 
dementia onset and is ubiquitous in approximately 5%–7% of 
people over the age of 60 [2]. 

A prominent symptom of dementia is the change in 
movement patterns that arise as a consequence of forgetfulness 
and confusion [3]. Previous literature suggests that changes in 
movement start years before the onset of dementia [4], 
suggesting that monitoring the movement could be useful to 
enable early diagnosis. Prior research indicates that people with 
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mild cognitive impairment (MCI) show greater variability in 
movement patterns than those with severe impairment [5, 6]. 
MCI is an intermediate state between normal cognition and 
dementia. According to Birkett [7], severe changes in 
movement patterns occur during MCI that go away as dementia 
gets worse due to immobility that occurs with dementia 
severity. 

Currently, no pharmacological treatment has been reported 
to cure dementia permanently [8]. With an increasing number 
of demented people, the management accounts for 
approximately 640 billion US dollars of direct and indirect costs 
annually [9]. On the other hand, the management imposes a 
high burden on caregivers. In a survey, 27% of caregivers 
reported feelings of burden and frustration [10]. The early 
detection of variability in movement patterns in MCI may allow 
early treatment that potentially can slow down dementia onset, 
hence improving the quality of life of the people with dementia 
(PWD) and delaying the transition to costly healthcare 
facilities. 

Studies have been reported to quantify movement patterns to 
identify a decline in cognitive abilities indicative of dementia 
[3]. In order to correlate between movement and cognitive 
performance, two wandering dimensions, frequency, and 
temporal distribution, were estimated. The frequency was 
measured as the rate of wandering episodes per hour. Temporal 
distribution was measured as the time spent on wandering, the 
variability of locomotion in wandering, and room transitions. In 
one study, Hayes et al. [6] found that variability in walking time 
was higher among seven elderly seniors having MCI compared 
to seven other elderly seniors not having MCI. In another study, 
Makimoto et al. [11] employed RFID tagging systems to record 
two indicators of wandering locomotion, the percentage of 
hours with locomotion, and the median distance traveled per 
hour. They found that the percentage of hours with locomotion 
was negatively correlated with cognitive functions. In another 
study, Algase et al. [12] videotaped 44 wanderers in a long term 
setting. They measured the rate and duration of wandering 
episodes and found that the Mini-Mental State Examination 
(MMSE) scores were negatively correlated with the overall 
wandering duration and not significantly correlated with the 
rate-related parameters [11]. 
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Nams et al. [13] reported that the fractal dimension (a 
measure of randomness) of the movement paths of 14 elderly 
residents recorded over a month was significantly higher in 
individuals with lower MMSE scores (range: 0-30) indicating 
cognitive impairment. In a later study of 28 subjects [14] 
recorded over a month, the findings of Nams et al. [13] were 
replicated, and that the randomness of the paths taken by the 
elderly residents reliably differentiated PWD from those 
without the disorder. 

Detrended fluctuation analysis (DFA) is a method to quantify 
self-similarity in movement [15]. The utilization of DFA for 
gait assessment relies on the fact that movement patterns are not 
random but exhibit dependencies such that the future variation 
in movement depends on the past variation. These dependencies 
are expressed in terms of long-range correlations within a time 
series that can be computed by DFA using a scaling exponent 
called α. The parameter α estimates the fractal scaling 
properties of the time series and can be used to describe the 
complexity of the process [16]. Hausdorff et al. [15] performed 
DFA on stride-interval time series to compare 17 subjects with 
Huntington’s disease and 32 healthy subjects. They reported 
that the values of α were lower for patients with Huntington’s 
disease compared to those for the healthy subjects 
(Huntington’s disease: 0.60 ± 0.24; controls: 0.88 ± 0.17; P < 
0.005). Moreover, they reported that α was linearly correlated 
with the degree of functional impairment in Huntington’s 
disease (r = 0.78, P < .0005). It was concluded that abnormal 
alterations in the fractal properties of gait dynamics were 
associated with degradation in the central nervous system. 

Room transitions were used as a measure of activity in 
sensor-based monitoring systems installed at Bristol and 
Deptford flats [17]. A room transition was defined as a trigger 
of a motion sensor in a room followed by a trigger in an adjacent 
room. It was reported that the number of transitions occurring 
within a defined time frame is an essential measure of 
wandering in Dementia. However, this metric was not robust to 
the floor plan variations, i.e., a bigger home may entail a higher 
number of rooms and vice versa. To quantify movement 
complexity in dementia, we present a robust approach known 
as cyclomatic complexity [18]. Cyclomatic complexity is a 
metric used to indicate the complexity of the control flow of a 
software program, which is analogous to the complexity of the 
movement flow of a subject in a home having a number of 
rooms. The advantage is that the measures of cyclomatic 
complexity are robust to floor plans, i.e., the value of 
complexity does not change for the movement flow of a subject 
in a home having a different number of rooms. We combined 
the measures of cyclomatic complexity with fractal index, the 
number of room transitions, movement entropy, and scaling 
exponent α and used these features to train a support vector 
machine (SVM) classifier to predict MCI. 

II. METHODS 

A. Data acquisition 

The data acquisition was conducted by the Oregon Center for 
Aging and Technology (ORCATECH) [19]. ORCATECH 

deployed a platform of ubiquitous sensors in the homes of older 
adults. In order to assess cognitive decline associated with 
neurodegenerative disorders such as dementia, these subjects 
were monitored for several years starting from January 2006 
until 2016. All of these subjects were recruited from the 
Portland Oregon metropolitan area, including older adults 
living in local senior centers and retirement communities. The 
subjects provided written informed consent and agreed to be 
continuously monitored through a platform of sensors deployed 
in their homes. The subjects who were recruited met the 
following inclusion criteria: 1) 60 years and older man or 
woman; 2) living independently; 3) cognitively healthy, i.e., 
subjects with MMSE-score > 24 and clinical dementia rating 
(CDR) ≤0.5, and 4) of average health for age with no chronic 
symptoms. 

We focused on the subjects who were the single occupants of 
their homes and either remained cognitively intact (CIN) or 
transitioned to MCI without bouncing back to cognitive 
intactness. The in-home assessments of these subjects were 
carried out at baseline and then during annual visits by 
clinicians who administered physical and neurological 
examinations using MMSE and CDR. CDR served as the 
ground truth and was used to determine if a subject was 
cognitively intact or impaired. A CDR score of ‘0’ indicates 
cognitive intactness. A CDR score of ‘0.5’ represents MCI. The 
conversion to cognitive impairment is a gradual process, and 
cognitive status is in flux just before the onset [20]. Hence, in 
case of a subject scoring ‘0’ on a baseline visit and ‘0.5’ on a 
subsequent visit the following year, the amount of time between 
these two visits was labeled pre-transition, i.e., this amount of 
time neither belonged to CIN nor MCI. On the other hand, the 
amount of time before the baseline visit was labeled as CIN. 
Likewise, the amount of time following the subsequent visit 
was labeled as MCI. 

The data collection for this study was initially started in 2006 
and continued until 2016. Protocols were developed, and pilot 
tested by ORCATECH in 2006 [19]. The enrollment of 
participants began in 2007. Within the period between 2006 and 
2016, 205 enrolled subjects were single occupants of their 
homes. Thirty four subjects out of these 205 subjects developed 
MCI over time. The rest of the 171 subjects remained CIN. 
Some subjects, including 106 CIN and 12 MCI, moved to a new 
home. The rest of the 87 subjects, including 65 CIN and 22 
MCI, did not change their residence throughout this period. 

The subjects’ homes ranged from a simple one-bedroom 
apartment to houses with as many as five bedrooms, a laundry 
room, a garage, etc. The details of the sensor platform and its 
installation in these homes were described previously [21]. An 
example of sensor deployment is shown in Fig. 1. In order to 
detect movement, wireless IR motion sensors (MS16A, The 
Home Automation Store, Carrolton, TX, USA) were 
strategically installed in rooms that were frequently visited by 
a subject such as a bedroom, bathroom, hallways, kitchen, 
living room, etc. A sensor activation records the timestamp and 
location of the subject. Another set of wireless magnetic contact 
sensors (DS10A, The Home Automation Store, Carrolton, TX, 
USA) was placed on the refrigerator, and the doors to track the 
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subject’s absence from home and also outsider’s visits. Both of 
these sensors MS16A and DS10A are generally used in setups 
for home security. 

When motion occurs near the sensor, the motion sensors send 
a wireless signal to a data acquisition computer placed in the 
subject’s home. Similarly, the contact sensors send event-based 
codes to the computer when the doors are opened or closed. The 
contact sensors placed on the exit doors were also used to track 
visitors in the home and any absences from the home. 
Moreover, the subjects were given weekly questionnaires to 
report visitors during the week, days spent outside the home, 
and changes in medication or health conditions. The recorded 
data in the computer was transferred and stored in a SQL 
database server through a broadband connection. 

The data collected from various sensors consisting of 
timestamps and location coordinates were fused to generate the 
movement time series representing a subject’s movement at 
home. The segments of this time series representing absences 
of the subject from home or an outsider’s visit to the subject’s 
home were discarded.  

Data outages of 22 MCI study participants are shown in Fig. 
2. The figure shows cumulative days that were spent by the 
participant outside home due to an accident or injury, physical 
problems, hospitalization or visits to a hospital emergency 
room, depression, or traveling, or if they are suspected to be 
away from home, i.e., when motion sensors did not trigger over 
a long period of time. Also, data were discarded if there was a 
change in the living situation or overnight visits of a spouse. 
‘Other’ outages include a sensor or other equipment 
malfunction. Since the data were collected throughout the years 
for a given subject, the accumulated data provide a longitudinal 
profile of changes in the movement patterns of the subject that 
can be used to develop predictive models of MCI. 

B. Features 

In order to detect MCI, the complexity of the movement time 
series was quantified using a large initial set of features. The 
feature set, defined further below, included the cyclomatic 
complexity features, the total number of room transitions, the 
entropy, the scaling exponent α, and the fractal index of 
movement of a subject across rooms in a home. 

Cyclomatic complexity is used as a metric to indicate the 
complexity of the control flow of a software program [18]. It is 
a quantitative measure of the linearly independent paths 
throughout the program. The nodes of the control-flow graph of 
this program correspond to the commands in that program. A 
directed edge connects two nodes in case if the second 
command is executed immediately after the first command. A 
group of commands that are executed within a specified period 
constitutes one connected component. Mathematically, the 
cyclomatic complexity is defined as 

ܯ = ܧ − ܰ + 2ܲ  (1) 

Where E is the number of edges in the control flow graph. N is 
the number of nodes in the graph. P is the number of connected 
components in the graph. Fig. 3 shows a control flow graph for 
the execution of a series of movements in a home from one 
room to another. These movements were executed in a 
sequence in a way that movement to room 2 was executed 
immediately after movement to room 1, followed by the 
movements to rooms 3, 4, 2, and 1, respectively. The graph 
consists of 4 nodes, 5 edges, and 1 connected component. The 
value of M for this control graph is 5 – 4 + 2(1) = 3. 

Cyclomatic complexity is analogous to the complexity of the 
movement flow of a subject in a home having some rooms 
where a room corresponds to a node (N) in the movement flow. 
An edge (E) represents the transition of a subject from one room 
to another. One trip of a subject between the rooms without a 
considerable time break corresponds to one connected 
component (P). The cyclomatic complexity for such a trip (i.e. 
P=1) can be given as M = E – N + 2(1). 

An advantage of using M to quantify movement complexity 
is that the value of M is robust to the change in the number of 
rooms in different homes. For instance, consider two homes are 
having four (Fig. 3a) and six rooms (Fig. 3b), respectively. The 
movement flow of a subject in home-1 making a round-trip 
between the rooms produces an M value of 3, i.e., M = 5-4+2(1) 

 
Fig. 2.  Data outages. A cumulative number of days spent outside the home by 
a resident or time spent by outsiders at the resident’s home is shown. 
 
 

Fig. 1.  An example of floorplan and sensor deployment [21]. Red boxes (S) 
are locations of infrared motion sensors (MS16A), green boxes (D) are 
magnetic contact sensors (DS10A), and the purple box (HC) is the location of 
the home computer. 
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= 3. Likewise, the movement flow of a subject in home-2, 
making a round-trip between the rooms produces the same M 
value, i.e., M = 7-6+2(1) =3. 

As we explored how cyclomatic complexity related to 
movement, we considered different statistics of M that were 
computed using the movement time series. These measures 
include the mean of M (MM), the standard deviation of M (SM), 
the coefficient of variance of M (CM), and total M (TM) given 
in (2), (3), (4) and (5), respectively. 

ܯܯ = ∑ ݅ܯ
݊
݅=1 ݊⁄    (2) 

ܯܵ = ට∑ ൫݅ܯ − ഥܯ ൯
2݊

݅=1 ݊ − 1ൗ   (3) 

ܯܥ = ܯܵ) ⁄ܯܯ ) × 100 (4) 

ܯܶ = ∑ ݅ܧ
݊
݅=1 − ∑ ܰ݅

݊
݅=1 + 2ܲ  (5) 

Where Mi = Ei – Ni + 2(1) is the M value for the ith trip of a 
subject across the rooms without a break of 5 minutes in 
between the trip and n is the total number of trips in a day. A 
break longer than 5 minutes means that the starting point of the 
next trip is the room where the subject stayed in that room for 
longer than 5 minutes.  Note that exits from the home are not 
considered a part of the cyclomatic complexity.  Rather a flow 
graph would only start once the person has entered the home.   

Other than the cyclomatic complexity features, the sum of 
room transitions (RT), the entropy (E), and the fractal index (FI) 
of the movement of a subject across rooms in a day was 
computed. The RT was computed using (6). 

ܴܶ =  ∑ ݅௡
௜ୀଵ   (6) 

Where i is a subject’s visit to a room and n is the total number 
of visits in different rooms in a day. The entropy E can be 
computed using (7). 

ܧ =  − ∑ ௜݌ ×  (7)  (௜݌)ଶ݃݋݈

Where i in the equation is a room in the subject’s home, and p 
is the probability of the subject’s visit to that room in a day. The 
entropy would be larger if the rooms in the home would have 
an equal probability of visits. 

FI is a measure of the self-similarity of a signal that is 
assumed to be a realization of fractional Brownian motion (or 
random motion). It is a ratio that provides a complexity index 
that is indicative of variance in detail of the signal relative to 
the change in the measurement scale. FI can be computed in 
different ways [13, 14, 22-25]. In this study, it was computed 
using the method described by Istas and Lang [25]. According 
to their method, first, the fractional Gaussian noise is computed 
using the movement time-series based on the assumption that 
this time-series is the realization of the fractional Brownian 
motion given in (8). 

ܻ(݊) = ܺ(݊ + 1) −  ݎ݋݂  (݊)ܺ
݊ = 1. . ܰ − 1 (8) 

Where X is the movement time-series for a day, and (N-1) is the 
total length of this time-series. In the next step, the cumulative 
sum of Y is computed using (9). 

(݊)ܥ = ܻ(݊) + ∑ ܻ(݅)௡ିଵ
௜ୀଵ  ݎ݋݂  

݊ = 1. . ܰ − 1 (9) 

Now, C (n) is filtered using two tapped delay-line filters. The 
filter functions are given in (10) and (11) respectively 

(݊)ଵݕ = (݊)ܥ − ݊)ܥ2 − 1) + ݊)ܥ −  ݎ݋݂ (2
݊ = 1. . ܰ (10)

(݊)ଶݕ = (݊)ܥ − ݊)ܥ2 − 2) + ݊)ܥ −  ݎ݋݂ (4
݊ = 1. . ܰ (11)

In the next step, the means of the element-wise squares of 
signals y1 and y2 are computed using (12) and (13), respectively. 

ଵܵ = ෍ ଵ(݊)ଶݕ

ே

௡ୀଵ

ܰ൘  (12)

ܵଶ = ෍ ଶ(݊)ଶݕ

ே

௡ୀଵ

ܰ൘  (13)

Finally, FI is computed using (14) 

ܫܨ = 0.5 × 2݃݋݈
ܵ2
ܵ1

  (14)

Long-range correlations in the movement time-series were 
calculated using DFA [26]. In order to compute the DFA, first, 
the movement time-series A1…N of length N was integrated using 
(15). 

(݇)ݕ = ∑ ௜ܣൣ − ௔௩௚൧௞ܣ
௜ୀଵ   

 ݎ݋݂ ݁ݎℎ݁ݓ
݇ = 1. . ܰ (15)

௔௩௚ܣ = ∑ ௜ܣ
௞
௜ୀଵ ݇⁄   

This integrated time-series was divided equally into the 
boxes of length n. In this paper, the value of n was set to 3 hours 
(60 seconds × 60 minutes × 3 hours = 10800 samples) for the 
24 hours (86400 samples) movement time-series. For each box 
of length n, a least-squares line was fit to the data representing 
the trend in that box. The y-coordinate of the fitted line in each 
box was represented by yn(k). Next, the segment of the 
integrated time-series in each box was detrended by subtracting 
between y(k) and the local trend yn(k). Finally, the fluctuation 
F(n) of the time series was calculated using (16). 

(݊)ܨ = ඥ∑ ௞ݕ) − ௡(݇))ଶேݕ
௞ୀଵ ܰ⁄   

  ݎ݋݂
݊ = ݊, 2݊, 3݊. . ܰ/݊  (16)

 

 
a. Home-1 with 4 rooms 

 
b. Home-2 with 6 rooms 

 
Fig. 3.  Control flow graphs. Two homes with a different number of rooms are 
compared. In both a and b, the person moved similarly through the home, from 
the NW to NE to SE to SW back to NE back to NW.  Notice that the cyclomatic 
complexity of the movement flow in both these homes is the same, i.e., M=3. 
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Typically, an integrated time series is self-similar if 
fluctuation F(n) increases with the increasing value of n. In 
order to determine the power-law scaling between the two 
variables, a log-log plot was created between F(n) and n. The 
slope of the fitted line on this log-log plot was computed, which 
is known as the scaling exponent α (or self-similarity measure). 

In order to investigate the rise and fall of the feature values 
throughout a month, slopes and intercepts were computed for 
each feature by fitting a line over the feature values across 30 
days. Consistency and variation in the feature values were 
estimated using the mean, standard deviation, and coefficient of 
variance of each feature across 30 days. All 40 features are 
listed in Table 1. 

Since there were more CIN than MCI participants, we 
randomly selected 22 of the CIN participants from the total 65 

participants and used these along with the 22 MCI subjects to 
perform the classification. Features were extracted from the 
CIN subjects using the data collected during the last 12 months 
of their residence in ORCATECH homes. The dimension of 
feature space for the CIN group was 40 features × 264 samples 
(22 subjects × 12 months). 

Features for the MCI participants were extracted during (1) 
the pre-transition period and (2) during the post-transition 
period. The features extracted during the pre-transition period 
were computed using the data collected during the 12 months 
that were labeled as pre-transition by the clinicians (i.e., before 
the diagnosis of MCI). Twelve months was chosen because 
people who are diagnosed with dementia are typically clinically 
diagnosed with CIN a year prior to the diagnosis. This feature 
set had the dimensions of 40 features × 217 samples. Similarly, 
the features extracted during the post-transition period were 
computed using the data collected during the 18 months after 
the participant transitioned to MCI. Importantly, the data 
collected after the 18th month were discarded since this analysis 
was primarily focused on using movement changes to do early 
detection of MCI transitions. The time period of 18 months was 
chosen because according to [27], the average time to 
conversion from MCI to Alzheimer's disease is 18 months. The 
feature set for this group had the dimensions of 40 features × 
178 samples. 

It is important to note that the pre- and post-MCI data sets 
were not entirely complete. Firstly, this was because data were 
discarded due to visitors and study participants moving away 
from home (Fig. 2). Secondly, some of the subjects were 
diagnosed with MCI close to the end of the data collection 
period in their home; hence, for these subjects, the entire 18 
months post-transition data could not be gathered. For this 
group, 178 total samples were available for model training out 
of a maximum possible size of 396 samples (22 subjects × 18 
post-transition months = 396). Likewise, some other subjects 
were diagnosed with MCI early during their stay in the 
ORCATECH homes. For these subjects, we could not collect 
complete data for 12 pre-transition months. For this group, 217 
total samples were available for training out of a maximum 
possible of 264 samples (22 subjects × 12 pre-transition months 
= 264). However, in the case of CIN, a complete dataset was 
available for model training i.e. 264 total samples (22 subjects 
× 12 months = 264). These three sets of 217 pre-transition, 178 
post-transition, and 264 CIN samples were used for feature 
extraction and analysis. The three feature sets were normalized 
between 0 and 1 and passed through a feature selection process 
before they were used for training an SVM. 

C. Determining relevant features 

Relevant features were identified using three feature 
selection methods for two different classification algorithms.  
The first classification algorithm was used to predict post-
transition MCI vs. CIN.  The second classifier algorithm was 
used to predict pre-transition MCI vs. CIN. 

We compared three different feature selection methods, 
including 1) Kruskal-Wallis (KW) test [28], 2) Lasso (least 
absolute shrinkage and selection operator) [29], and 3) logistic 
regression (LR) test [30].  

The KW test performs a nonparametric one-way analysis of 
variance between two or more groups [28]. The test computes 
the statistics by ranking the data from smallest to largest across 
all the groups. It compares the median of the ranks in each 
group to test the null hypothesis that independent samples come 
from continuous distributions that are identical and have equal 
medians. The test returns the p-value of the null hypothesis. 

Lasso minimizes the residual sum of squares subject to the 
sum of the absolute value of the coefficients β being less than a 
constant in a linear regression setting [29]. Because of this 
constraint, some coefficients β shrink to zero, which means that 
the features associated with those coefficients are eliminated. 
The features producing β ≥ 0 may contribute towards predicting 
the response [29]. 

LR finds the optimal equation that best predicts the value of 
the response variable Y for feature X. It uses the natural log of 
the odds Y/1-Y in regression equation ln(Y/1-Y)=a+bX. In order 
to find the best-fitting equation, the slope (b) and intercept (a) 
are computed using the maximum likelihood function [30]. The 
statistical significance (p-value) of this regression equation is 
computed using the chi-square method [31]. 

We used a leave-two-subjects out cross-validation (L2-CV) 
to avoid over-fitting and bias by assuring that testing was 
always done on a study participant using a model that was not 

TABLE I 
THE FEATURE SET. THE PREFIX REPRESENTS THE FEATURE VARIANT, AND 

THE SUFFIX REPRESENTS THE FEATURE NAME 
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trained on this study participant. Two randomly selected 
subjects were held out of the training set. The left-out data were 
used for testing, and the remaining data were used for training. 
A subject once selected for testing is not selected in other 
iterations for testing. In this way, data from the same individual 
were never used simultaneously in model training and testing 
thereby preventing overfitting. 

When using the KW test, the average p-value was computed 
using L2-CV on the training set to select the features that were 
able to distinguish between the two groups with statistical 
significance (p<0.05). In the case of Lasso, the mean absolute 
value of the β coefficients was computed using L2-CV on the 
training set to select the features. Likewise, when using LR, the 
average p-value of the regression equation was computed using 
L2-CV on the training set to select the features that were able 
to discriminate between the two groups with statistical 
significance (p<0.05). The selected features were used for 
training the SVM classifiers. 

D. Classification 

SVM was chosen due to its ability to implement flexible 
decision boundaries that can generate optimal training results 
[32]. SVM works by constructing hyperplanes to separate 
classes by mapping predictors (support vectors) onto high-
dimensional feature space that enables non-linear classification 
boundaries. These non-linear classifications and mapping of 
predictors to an outcome class are performed by the SVM using 
a kernel function. The SVM tends to find the most significant 
distance between the hyperplanes to facilitate a kernel function 
that leads to a quadratic programming optimization problem. 
This optimization problem can be solved using the sequential 
minimum optimization algorithm [32]. Since the data 
distribution was non-parametric, the radial basis kernel function 
[33] and sequential minimum optimization algorithm were 
utilized for training the SVM. The scaling factor sigma in the 
radial basis function was kept as 1.  Hyperparameters were 
tuned using a grid search to optimize accuracy during cross-
validation.  

Using this SVM configuration, two different classification 
algorithms were built.  Classification algorithm 1 was trained 
only on the CIN and the post-transition MCI data.  This 
algorithm was trained to classify between post-transition MCI 
and CIN using selected features and then tested to predict the 
onset and progression of MCI in the pre- and post-transition 
periods.  We expected that Classification algorithm 1 would be 
effective at predicting the progression of MCI after diagnosis of 
MCI. Classification algorithm 2 was trained to classify the pre-
transition MCI data from the CIN data. We expected that 
Classification algorithm 2 would perform better in classifying 
the onset of MCI prior to diagnosis. 

Classification algorithm 1 – Predicting progression of MCI: 
An SVM was trained using a minimal set of features that 
produced the highest accuracy in discriminating between the 
MCI and CIN samples. This set of features was selected 
iteratively using the three feature selection algorithms described 
above.  

For both the KW and LR feature selection, the features 
producing the lowest p-values and the highest classification rate 
were used. We started by using a threshold p-value of 1.00, 
which means that, in the first selection round, all the features 
producing p-values less than the threshold were selected for 
training. In each subsequent round, the threshold p-value was 
divided by 10. Features with p-values more than the threshold 
were taken off from the feature set. The remaining features were 
selected for training. This procedure was repeated until only 
one feature was left for training the SVM. The classification 
rate was computed for each round, and the set of features 
producing the highest rate was selected for predicting MCI. 

For the Lasso feature selection, we started by keeping a 
threshold β-value of 0, which means that all the features were 
utilized for training the SVM in the first round. Next, the value 
of β was increased by 0.1. The features producing the mean 
absolute value of β less than the threshold were removed. The 
remaining features were used for training. This procedure was 
repeated until only one feature was left for training the SVM. 
Classification accuracy was computed for each set of features, 
and the features set producing the highest accuracy was selected 
to predict the progression of MCI. 

Classification accuracy (CA) for each iteration i of the L2-
CV was computed using (17). 

(݅)ܣܥ = (ܶܲ + ܶܰ) (ܶܲ + ܶܰ + ܲܨ + ⁄(ܰܨ  (17) 

Where TP or true positives are the MCI samples correctly 
identified as MCI. TN or true negatives are the CIN samples 
correctly identified as CIN. FP or false positives are the CIN 
samples incorrectly identified as MCI. FN or false negatives are 
the MCI samples incorrectly identified as CIN. Sensitivity or 
true positive rate (TPR) and specificity or true negative rate 
(TNR) refer to the model’s ability to correctly classify MCI and 
CIN groups, respectively. In addition to CA, classification 
performance was interpreted using the area under the ROC 
curves (AUC) computed using different thresholds of 
sensitivity and specificity. The average CA was computed using 
(18). 

(݊)ܣܥ_݃ݒܣ = ൫∑ ∑ ௜,௝ܣܥ
௃
௝ୀଵ

ூ
௜ୀଵ ൯ ܫ) × ൗ(ܬ  ݎ݋݂  

݊ = 1. . ܰ (18) 

Where I is the total number of CIN subjects, J is the total 
number of MCI subjects, and N is the total number of sets of 
features evaluated by the feature selection process. The average 
CA produced using each of the feature selection algorithms is 
shown in Fig. 4. Further analysis was done using box-plots by 
comparing the median ranks of the significant features 
producing the highest CA (Fig. 5b). 

Once the optimal features were selected, the SVM was 
trained on the CIN subjects and the post-transition MCI 
subjects.  The performance of the SVM was evaluated on both 
pre-transition and post-transition months from the MCI subjects 
to observe how well the classifier performed, leading up to the 
transition to MCI diagnosis. The training and the testing sets 
were balanced such that the number of MCI and CIN samples 
was equal in the training and testing sets. Classification 
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accuracy was computed for CIN and MCI subjects separately 
using (17). In the case of MCI, the accuracy was computed for 
each month between 12 months pre-transition and 12 months 
post-transition period, to identify the onset of progression. 
Section III-A presents the results. 

 Classification algorithm 2 – Prediction of the MCI onset: 
This classifier was designed the same as for algorithm 2, with 
the only exception being that pre-transition MCI data was used 
to train the classifier against CIN data.  We expected that by 
training on pre-transition data, we might get a better prediction 
of the onset of MCI than when post-transition MCI data was 
used.  

Data was trained using L2-CV on an equal number of pre-
transition MCI vs. CIN subjects.  The algorithm was then 
evaluated on both the pre-transition MCI data as well as the 
post-transition data. The training and the testing sets were 
balanced such that the number of pre-transition and the CIN 
samples was equal in the training and the testing sets. In the 
case of the pre-transition MCI group, the accuracy was 
computed for each month between the 12th pre-transition month 
and the 12th post-transition month. Section III-B presents the 
results. 

III. RESULTS 

A. Prediction of the MCI progression: 

The results from the KW test suggests that the TM features 
ITM, µTM and σTM, the entropy features σE and cvE, the FI features 

IFI and µFI and the DFA features Iα, µα, σα and cvα were able to 
distinguish between MCI and CIN groups with statistical 
significance (p<0.05). Likewise, the β values indicate that the 
TM features σTM and cvTM, the entropy feature cvE, the FI 
features IFI, µFI and cvFI and the DFA features µα and cvα may 
contribute in predicting the MCI and CIN groups correctly. 
Similarly, the results from the LR test suggests that several 
cyclomatic complexity features (σMM, cvMM, ISM, µSM, σSM, ITM, 
µTM, σTM and σCM), entropy features (σE and cvE), FI features (IFI 
and µFI) and the DFA features (Iα, µα, σα and cvα) were able to 
distinguish between MCI and CIN groups with statistical 
significance (p<0.05). Importantly, none of the room transition 
features were able to produce p-value <0.05 or β > 1 in any of 
the three tests. 

Fig. 4 shows the average classification rates produced by 
each feature selection algorithm. Lasso produced the highest 
accuracy of 79% using six features, including σTM, cvTM, cvE, IFI, 
cvFI, and cvα. The sensitivity, specificity, and AUC were 91.4%, 
82.7%, and 76.1%, respectively. The β coefficients and box-
plots for each of these features are shown in Fig. 5. The feature 
cvE produced the highest value of β, followed by cvFI, σTM, cvTM, 
IFI, and cvα. The boxplots of cvE, σTM, cvTM, IFI, and cvα revealed 
that the median and the mean rank of the CIN group was higher 
than the median and the mean rank of the MCI group with 
statistical significance (p-value<0.05). On the other hand, the 
medians of cvFI were not significantly different. 

The testing of the samples of CIN subjects on this SVM 
model produced a mean classification accuracy of 81%, with 
only one subject having samples classified with an accuracy 

Fig. 4.  A comparison between the feature selection algorithms used for 
classification between the CIN and MCI samples. The leave-two-subjects-out 
cross-validation on SVM produced the highest classification accuracy (79%) 
using six features (σTM, cvTM, cvE, IFI, cvFI, and cvα) each of which produced the 
mean absolute LASSO-β value ≥ 1.3. 
 

a. Lasso-β coefficients of selected features 

 
i.The variance 

coefficient of entropy 
(cvE) over a month 

ii. The variance 
coefficient of the fractal 

index (cvFI) over a 
month 

 
iii.The standard deviation of 

TM (σTM) over a month 

iv. The variance 
coefficient of TM 

(cvTM) over a month 

v. The intercept of the 
slope of the fractal 
index (IFI) over a 

month 

 
vi. The variance coefficient 

of scaling exponent (cvα) 
over a month 

b. Box-plot comparison of selected features. 
 

Fig. 5.  Selected features for classification between MCI and CIN groups. 
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below 50% (Fig. 6a). On the other hand, the testing of the 
samples of the MCI subjects produced the highest classification 
accuracy of 81.2% at the eleventh post-transition month (Fig. 
6b). The lowest accuracy of 52.8% was at the sixth pre-
transition month. An increasing trend between the sixth pre-
transition and eleventh post-transition months was observed 
that indicates that the symptoms start to elevate six months 
before the actual diagnosis and continue to increase up to the 
eleventh month. Besides, the backward progression of 
classification accuracies before the sixth pre-transition month is 
indicative of the subjects being cognitively intact. 

B. Prediction of the MCI onset 

Results suggest that some cyclomatic complexity, entropy, 
FI, and DFA features were able to discriminate between pre-
transition and CIN groups with statistical significance (p<0.05). 
However, none of the room transition features were able to 
produce p<0.05 or β > 1 in any of the tests. 

Fig. 7 presents a comparison between the feature selection 
algorithms used in the classification of the pre-transition group. 
The KW test produced the highest classification accuracy of 
75% using three features, including σTM, µFI, and cvα. The 
sensitivity, specificity, and AUC were 72.7%, 77.3%, and 75%, 
respectively. Box-plots were produced for each of these 
features to compare between group-medians and mean-ranks 
(Fig. 8b). For all the three features, the medians and mean-ranks 
of the CIN group were significantly higher (p<0.05) than the 
medians and mean-ranks of the pre-transition group. In the case 
of σTM, the median and the mean rank of the CIN were 26.57 (± 

34.8 – 20.1) and 279.49, as compared to the median and mean 
rank of the pre-transition group that was 20.06 (± 26.33 – 14.51) 
and 194.17 respectively. For µFI, the median and the mean rank 
of the CIN were 0.02 (± 0.18 – -0.12) and 271.76, as compared 
to the median and the mean rank of the pre-transition group that 
was -0.15 (± 0.106 – -0.49) and 203.57 respectively. Lastly, for 
cvα, the median and the mean rank of the CIN were 547.72 ± 
(569.25 – 324.7) and 276.02, as compared to the median and 
the mean rank of the pre-transition group, which were 380.94 ± 
(547.7 – 209.35) and 198.38 respectively. 

Importantly, the median value of σTM for the pre-transition 
group (20.06 units; Fig. 8b.i) was approximately equal to the 
median value of the MCI group (21.74 units; Fig. 5b.iii), 
suggesting that σTM is predictive of the MCI progression during 
the pre-transition period. Likewise, the median value of cvα for 
the pre-transition group (380.94 units; Fig. 8.b.iii) was closer to 
the median value of cvα for the MCI group (349 units; Fig. 
5.b.vi), suggesting that cvα is another strong feature that is 
predictive of the MCI progression during the pre-transition 
period. 

 
a. Classification of the CIN dataset. The samples were classified with an 

average accuracy of 81%. 

 
b. Classification of the MCI dataset. An increasing trend between the sixth 
pre-transition month and the eleventh post-transition month was observed. 

The peak accuracy (81.2%) was at the eleventh post-transition month. 
Fig. 6.  Classification algorithm 1’s results of prediction of MCI progression. 
 

 
Fig. 7.  A comparison between the feature selection algorithms for 
classification between the CIN and pre-transition groups. The leave-two-
subjects-out cross-validation on SVM produced the highest classification 
accuracy (75.1%) using three features (σTM, µFI, and cvα) producing the KW p-
value < 0.00001. 
 

 

a. KW p-values of selected features 

 
i.The standard deviation 

of TM (σTM) over a 
month. 

 
ii. Mean of the fractal 

index (µFI) over a month. 

 
iii.The variance 

coefficient of scaling 
exponent (cvα) over a 

month. 
b. Box-plot comparison of selected features. 

Fig. 8.  Selected features for classification between pre-transition MCI and CIN 
groups. 
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The testing of the CIN group on this SVM model, trained 
using the selected features, produced a mean classification 
accuracy of 77.23%. The testing of the pre-transition group 
produced the highest classification accuracy of 84.8% at two 
months before the transition diagnosis. The lowest accuracy of 
69.3% was at the sixth pre-transition month. 

 An increasing trend in the accuracy between the sixth and 
second pre-transition months was observed in Fig. 9b. The 
elevation in the accuracy from the sixth pre-transition month 
validates the results of the first classification experiment that 
movement complexity begins to elevate from the sixth pre-
transition month of MCI (Fig. 6b). The pre-transition MCI and 
the CIN groups were most separable at the second pre-transition 
month. Moreover, the selected features were able to classify the 
MCI group with a maximum accuracy of 80.6% at the tenth 
post-transition month. Importantly, two of the features, σTM, and 
cvα, contributed the most in identifying the onset and 
progression of MCI in both the classification experiments. 
These results confirm that the selected features in both 
classification algorithms were the excellent representatives of 
movement patterns as they related to MCI. 

IV. CONCLUSIONS 

To the best of our knowledge, there has not yet been a study 
that demonstrates how movement complexity can be used to 
predict MCI onset and progression. We demonstrated how 
movement complexity features could be used as features in a 
machine-learning algorithm to predict both the onset of MCI 
and the progression of MCI depending on the types of data on 
which you train the classifier.  

The results of this study suggested that features based on 
cyclomatic complexity, which are robust to normalizing 
between different residential floor plans, may be used by a 
machine-learning algorithm to help discriminated between CIN 
and MCI.  Other movement features such as room transition 
features were not useful in helping to classify the difference 
between MCI and CIN group. Features extracted from the data 
indicated that the variability of the total cyclomatic complexity 
(σTM) and the variability of the DFA self-similarity measure 
(and cvα) contributed most significantly in predicting MCI.  

Analysis of the features indicated that the CIN participants 
showed greater movement variability than the MCI 

participants, which is in line with Nams et al. [13], who showed 
that movement variability estimated using fractal dimension 
was positively correlated with MMSE scores for subjects with 
MMSE scores >24. Also, the results were in line with Hausdorff 
et al. [15], who showed that α was lower for Huntington’s 
patients compared to the healthy subjects, indicating that 
movement variability declines as cognition declines. 

We compared our study with a recent study on dementia that 
used a simulation of sensor activations to represent abnormal 
activity patterns of seniors living in smart homes [34]. The 
study simulated abnormal behavior by inserting random sensor 
activations in the night-time activity sequence of residents to 
represent sleep-disorders and night-time wandering. Deep 
learning algorithms, including graph convolutional networks, 
long short-term memory, and convolutional neural networks 
when trained separately on raw sensor activations, i.e., ‘ON’ 
and ‘OFF’ states recorded over 10 seconds, classified normal 
and abnormal patterns with an AUC of 66%, 57%, and 59% 
respectively. The study [34] explained the reason for the poor 
model performance by stating that they trained their models on 
data collected in small time windows of 10 seconds. The short 
time-slices were unable to encode temporal information 
required to characterize the gradual change in activity patterns 
representing cognitive decline. 

The study in [34] emphasizes the importance of using feature 
variants representing temporal characteristics such as slopes, 
intercepts, consistency, and variation of feature values over 
longer durations, such as the month duration used in the current 
manuscript, to predict cognitive decline. Importantly, the 
aggregation of feature values over a longer duration assimilates 
varying movement patterns of individuals subjective to their 
daily routine. However, a drawback of estimating temporal 
characteristics of features over long time windows is the 
reduced size of training data that restricts the choice of the 
learning algorithm. For instance, the size of our training sets 
was 264 and 178 samples for predicting the onset and 
progression of MCI, respectively, which is sufficient to train an 
SVM but not sufficient to train a deep neural network learning 
algorithm due to the risk of overfitting for training on a small 
dataset (n<200) [35]. We plan to improve the model’s ability to 
predict cognitive decline by collecting a big dataset of activity 
patterns for training recurrent neural networks that take 

 
a.  Prediction of the CIN dataset. The samples were classified with an 

average accuracy of 77%. 

 
b. Prediction of the MCI onset. An increasing trend between the sixth and 

second pre-transition months was observed. 
 

Fig. 9.  Classification algorithm 2 results for predicting the onset of MCI. 
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temporal information into account. Future models could 
potentially be improved by the fusion of multi-modal 
assessment of brain images such as MRI and PET scans that 
have shown promise in predicting MCI [36 and 37]. 

In conclusion, the proposed framework based on movement 
analysis was able to predict the MCI onset months before the 
diagnosis and was able to track the progression between the 
onset and advanced stages. The model was able to classify MCI 
with a maximum accuracy of 81.2% in the eleventh post-
transition month. In the future, activity recognition using 
pervasive sensor computing in smart homes will be 
incorporated with movement analysis to improve the model. 
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