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Abstract Physical activity is important for people’s health.
The physical activity intervention program reported here
includes daily wearing of an activity monitor to provide
people with insight into their activity behavior. The activity
monitor consists of a triaxial accelerometer, where mea-
sured accelerations are transformed to a physical activity
level (PAL). The PAL data quantifies the level of the daily
physical activity and reflects the daily energy expenditure
of the wearer. In the program, coaches provide e-mail based
intervention to motivate participants to increase their activ-
ity step-by-step within 12 weeks. However, a significant
portion of participants (∼41 %) failed to complete the pro-
gram. This paper examines methods to predict participants
who are at risk of dropping out of the program based on
a classification task. This allows for a timely delivery of
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tailored interventions and motivating triggers to prevent
stopping of the program. In particular, this paper proposes
to combine the features extracted from participants’ per-
sonal information, their behaviors during the use of the
device, the observed PAL data and the features extracted
from the process of predicting future PAL data to classify
dropouts and non-dropouts every week. Experiment results
show that a k-nearest-neighbor classifier achieved a dropout
and a non-dropout prediction accuracy of 66.4 ± 13.8 % and
74.1 ± 7.3 %, respectively.

Keywords Physical activity level · Tailored intervention ·
Triaxial accelerometer · Dropout prediction

1 Introduction

Physical activity has large beneficial effects on people’s
mental and physical health [1]. The lack of engagement in
a sufficient level of physical activity has been shown, e.g.,
to increase the risk of chronic disease, to deteriorate mental
health, and to reduce the quality of sleep [2–4]. The increas-
ing number of people with an inactive lifestyle may require
the need for highly persuasive physical activity interven-
tions to stimulate a healthier lifestyle and as such afford a
better quality of sleep. Therefore, research into the devel-
opment of effective physical activity promotion programs
receives much attention nowadays [5, 6]. For participants of
these programs, the provision of feedback about changes in
physical activity behavior has proven to be highly important
to stay motivated and to attain their goals [6, 7]. The use of
wearable sensors is a promising solution to realize real-time
monitoring and feedback provision of a person’s physical
activity behavior [8, 9]. Modern triaxial accelerometers are
an inexpensive, effective, and feasible sensor that has often
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been used to acquire activity information [8, 10, 11]. Pre-
vious studies have reported on the feasibility of wearing
an accelerometry sensor for assessing daily energy expen-
diture by reliably estimating daily physical activity level
(PAL) [12, 13]. PAL usually describes the energy consump-
tion for physical activity as a fraction of the energy required
to maintain basal metabolic functions [14].

1.1 Tailored activity intervention

In addition to feedback about behavior, the level of person-
alization of messages and program content is important for
the effective support of behavior change [15]. One powerful
way to personalize a program is through the incorporation
of interaction with a human coach who has insight into the
participant’s behavior and who can provide support regard-
ing specific motivational dips or barriers that the participant
may encounter [16]. Nevertheless, human coaching sup-
port can be labor intensive, which limits the number of
participants that a human coach can reach.

To make more efficient use of the sparse time of a coach,
we propose to support the coach by identifying individuals
that have the strongest need for coaching. This identification
is based on models that can predict the intention of partici-
pants to drop out, which is assumed to correlate with a loss
of motivation. The identification allows the coach to selec-
tively direct attention to those individuals that are at risk of
dropping out of the program, and provide them support to
boost their motivation, reducing their risk of dropping out.
Several studies have shown the beneficial effect of tailoring
interventions to the motivational state of the receiver and
providing support that satisfies their current motivational
and behavioral needs compared to generic interventions [17,
18]. Identifying participants that run the risk of dropping out
of the program in the future allows for a tailored interven-
tion both in terms of timing and content of participant-coach
interactions.

1.2 Physical activity intervention program

Many activity intervention programs have been studied in
recent years [9, 16, 19]. In this study a 12-week physi-
cal activity intervention program was developed by Philips
DirectLife (URL: www.directlife.philips.com) in order to
increase the overall daily PAL of inactive people. The
program is based on distributed user experiences such as
activity monitor, computer (or website service), and e-mail,
aiming at finding out the effectiveness on changing physical
activity behavior in inactive people with different attitudes
towards a change of physical activity.

Before the first intervention week (IW) of the program,
participants were required to enter an assessment week
(AW), in which they learned to use the provided device

and completed personal characteristic data (e.g., age, gen-
der, height, and body mass). In the AW, participants were
asked to behave as they normally would and try not to
increase their physical activity in order to offer a correct
picture of their current activity level. After this week par-
ticipants received a personalized activity plan and feedback,
and they were gradually guided by a personal coach towards
their final activity goal by means of daily-specified goals
during the 12 weeks. For instance, several targets, e.g., min-
utes of high-intensity activity (such as running) and minutes
of moderate-intensity activity (such as walking), were set
by a coach during the program that aimed at motivating
participants to achieve a higher level of physical activity.

In addition, the website provides participants with a
historical overview of their performance and progress
towards their goal, and the activity monitor allows for
timely progress feedback. The participants can check their
achieved personal activity score by observing the number
of light-emitting diodes (LED’s) that light up on the device
(with a total number of 9 LED’s). The personal activity
score is the percentage of the measured physical activity
level (PAL) to their daily PAL target, where no LED’s light-
ing up corresponds to no activity and more than 5 LED’s
lighting up indicate that the target activity is reached. The
PAL is obtained based on a built-in accelerometer, which
will be explained later. The use of LED’s enables the par-
ticipants to assess their daily activity progress in an easy
manner at any convenient time and adjust activity accord-
ingly. More detailed description of the program can be
found elsewhere [6, 7].

1.3 Description of dropout prediction problem

In regard to our real-life data, a significant portion of par-
ticipants (∼41 %) failed to complete the program. The
dropout prediction problem in a 12-week physical activity
intervention program is explained in Fig. 1. We aim at pre-
dicting the participants who are likely to drop out in every
future week based on the corresponding observed PAL data,
recorded with a wearable accelerometry sensor (i.e., the
activity monitor).

In the area of physical activity analysis, many studies
have been performed with the use of body-worn accelerom-
eters for different purposes such as sensor localization
[20], posture and activity classification [21, 22], gait recog-
nition [23], fall detection [24], respiration analysis [25],
and epileptic seizure detection [26]. In addition, predicting
future “events” has been investigated in other areas, such as
driver action prediction [27], criminal behavior forecasting
[28], and health management [29]. However, no studies have
been found on predicting the dropout behavior in the phys-
ical activity domain. Our previous work [30] only focuses
on predicting future data points rather than a specific event.
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Fig. 1 Prediction of dropouts in
week l (l = 1, 2, ..., 11) of the
physical activity intervention
program

1

In general, the existing methods for various prediction
problems can be summarized into three categories: physical-
model-based methods, qualitative-knowledge-based meth-
ods, and data-driven methods [31–33]. These methods usu-
ally work separately. In this study, we combined the objec-
tive measures, subjective data, and modeling information as
the inputs of a dropout predictor, which will be described
later.

1.4 Definition of dropouts and non-dropouts

In our study participants are either considered dropouts or
non-dropouts (labeled as dropout or non-dropout):

– Dropouts refer to participants who abandon the program
prior to the end of the 12-week period. More specifi-
cally, a dropout is defined as a participant who does not
record any activity during at least the last two weeks of
the program. Note that there is no formal notification
that a participant has quit the program; participants do
not tend to tell their coach that they have stopped or will
stop participation.

– Non-dropouts refer to participants who complete the
12-week program. Regardless of their PAL data
throughout the program; there is at least recording of
their activity during the AW and the last two weeks. For
instance, during the period from week 1 to 10, if the
participants stop the program for a few days and then
rejoin later, they are considered non-dropouts.

Figure 2 shows the PAL data of a dropout and a non-
dropout participant in the 12-week program. The identifi-
cation of participants who are at a high risk of quitting
within the program enables timely intervention, delivering
coaching support to prevent them from dropping out.

1.5 Predictive classification

This paper explores the dropout prediction problem by
means of predictively classifying of dropouts and non-
dropouts in every future week. To classify them, some data
elements obtained from past weeks should first be consid-
ered. These data elements are usually extracted from the raw

data as “features”. A set of traditional features can thus be
derived from:

a) personal characteristic data,
b) observed PAL data in the past weeks,
c) behavioral data of participants during the use of the

device in the past weeks (e.g., wearing days), and
d) data from a human coach in the past weeks (e.g.,

amount of targets reached).

In addition to them, we propose to extract novel features
from a “PAL data prediction process”. This process first
uses a time-series model to fit the observed PAL data from
the past weeks (modeling step) and then to predict the PAL
data for the future week (prediction step) so that the features
can be extracted from:

e) the model parameters (in the modeling step), and
f ) the predicted PAL data (in the prediction step) in the

future week.

To fit the observed PAL data and predict the future
PAL data, an autoregressive integrated moving average-
(ARIMA-) based method is employed, which has been
well investigated for the same program in our previous
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Fig. 2 Examples of the PAL data of a dropout and a non-dropout par-
ticipant, where the dropout participant quitted the program on day 50
(week 7)



276 Health Technol. (2014) 4:273–287

work [30]. These new features may contain information of
a participant’s intention or likelihood of dropping out in
future weeks. More details about feature extraction will be
provided in Section 4.1.

In terms of the number of weeks (one AW plus 12 IWs),
the available database (see Section 2) is divided into 13 data
sets. Here we only predict the dropouts in the first 11 IWs
(from week 1 to 11) since a participant who recorded no
activity during week 12 is not defined as a dropout. Note
that participants only dropped out once in the program.

Several simple algorithms are considered to produce first
results in classifying dropouts and non-dropouts such as a
probability-based algorithm naive Bayes (NB), a regression-
based algorithm linear discriminant (LD), a distance-based
algorithm k-nearest-neighbor (KNN), and a hierarchical-
based algorithm decision tree (DT). These classifiers usu-
ally assume that training samples are evenly distributed
among different classes. However, the data set of each
IW exhibits skewed class distribution, in which most
of the samples (i.e., participants) fall into the majority
non-dropout class and far fewer samples belong to the
minority dropout class. It has been shown that the DT-
based classifiers are sensitive to unbalanced class distri-
bution [34] and therefore perform worse than the others
in classifying an unbalanced data set [35–37]. This is
because, for DT, the samples in a minority class pre-
senting in leaves are often pruned. Moreover, the LD-
based classifiers assume that features are normally dis-
tributed, but this assumption does not hold for some
features in this study. NB and KNN are very simple
classifiers which have been proven to be fast and with
low computational complexity [38]. NB is not sensitive
to irrelevant features and unbalanced data and it often per-
forms well even if the assumption of feature independence
does not hold [38, 40]. As a non-linear classifier, KNN does
not require parametric assumptions and it is robust to noisy
data [39, 41]. Therefore, we only compare NB and KNN in
this study.

Frequently, classifiers induced from an unbalanced data
set have a high accuracy for the majority class but an unac-
ceptable accuracy for the minority class since they aimed
at optimizing the overall accuracy [34, 42]. Many methods
have been proposed to deal with this problem by resizing
training sets, e.g., over-sampling the minority class samples
[35] and/or under-sampling the majority class samples [43].
However, the removal of training sets may result in losing
important information. On the other hand, random copies of
minority samples may lead to over-fitting. A cost sensitive
learning (CSL) method has been successfully developed to
handle this unbalanced problem by assigning distinct mis-
classification costs to minority and majority classes [44].
In this paper, a weighted CSL (WCSL) method is proposed
where the costs are adjusted by a weight.

Additionally, a genetic algorithm (GA) is expected to
enhance the classification performance by maximizing the
inter-class difference and minimizing the intra-class dif-
ference of features simultaneously [45]. Since GA will
generate a large number of new features which might be
mutually correlated, we employ principal component anal-
ysis (PCA) to reduce feature vector dimension and remove
the correlation among those features. Both GA and PCA
will be described in Section 4.

2 Data collection

2.1 Activity monitor

In the physical activity intervention program, to pro-
mote a healthier lifestyle by being more physically active,
participants were provided with a wearable sensor: the
Philips DirectLife activity monitor with a built-in triax-
ial accelerometer to measure the acceleration data of their
activities performed throughout the day. As shown in
Fig. 3, the monitor is a light-weight (12.5 g) and small-size
(3.2×3.2×0.5 cm) portable device. It can be worn easily on
the human body in a free-living environment (e.g., on the
chest with a key cord, on the waist, or in the trouser pocket
in an arbitrary orientation). The features of the device have
been designed to enhance unobtrusiveness of wearing and to
reduce the interference of the monitoring system with spon-
taneous activity behavior. During the monitoring period, the
activity monitor was connected several times to a personal
computer using Universal Serial Bus (USB) communication
and the recorded data were uploaded, processed and stored
using dedicated software.

2.2 Estimation of physical activity level

The output of the activity monitor is expressed as activity
counts per minute (AC/m), which is the running time sum-
mations of absolute output values from the three axes of
the accelerometer in the device. Consecutive counts were
summed to arrive at counts per day, yielding an output
of activity counts per day (AC/d) which has been proved
to be linearly related to the PAL [8, 13]. A simple linear
regression model can be used to accurately estimate the
PAL values depending on AC/d, obtained with the activity
monitor in free-living conditions [13]. However, the estima-
tion of PAL may also correspond to the type of physical
activity. Thus, models that account for the type of activity
performed should offer a more accurate estimate of PAL. An
improved model has been proposed to estimate PAL values
using AC/d, corrected for the daily durations of six activity
types (i.e., lying, sitting/standing, active standing, walking,
running, and cycling) [46]. In that work, the six activity
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Fig. 3 The Philips DirectLife
activity monitor (Left) and its
connection to a personal
computer via USB for uploading
data (Right)

types performed during the day were identified based on the
raw acceleration data using a classification tree algorithm.
The model based on AC/d achieved a low standard error of
estimate (SEE) of 7.3 % of the mean measured PAL. In this
study, we adopted that model to compute PAL values.

2.3 Participants and database

The physical activity intervention program was primarily
enrolled at different locations in the Netherlands throughout
the year with a high participation in the months Novem-
ber and December 2008 and January 2009. In total 950
participants (587 males and 363 females), with an average
age of 42.9 ± 9.8 years (ranging from 15 to 68) and body
mass index (BMI) of 25.8 ± 6.2 kg/m2, were recruited
in the program. They were employees from two companies
and most of them had one office function within a period
of 13 weeks. Each participant took part in an AW and
12 IWs. As mentioned, participants learned to use the pro-
vided monitor and completed their personal characteristic
data (i.e., age, gender, height, etc.) during the AW. No
instruction about where and how to place the activity moni-
tor was provided to participants so that they used the device
according to their lifestyle circumstances. The PAL data
recorded during the AW serves as a baseline measurement.
In total, there are 91 days (13×7) in which participants wore
the device. Each day consists of a data point containing
the PAL score accumulated over an entire 24-hour day of
a participant in the program. Note that data were obtained
anonymously and all participants provided an informed
consent.

A daily PAL of between 1.2 and 2.5 is considered healthy
for adults [47]. The lower bound refers to a sedentary level.
PAL scores that are lower than this bound are treated as
indicative of not wearing the device. Values above the upper
bound correspond to an extremely high level of physical
activity, e.g., endurance training potentially results in a PAL
score as high as 4.5 [48]. We consider the very low (<1.2)
and high (>5) PAL scores to be erroneous measurements
and therefore treat these as missing data. Outliers and miss-
ing data points are generated by non-modeled mechanisms
such as not wearing the activity monitor, a flat battery,

monitor noise, or other disturbances. These data points are
simply interpolated by using the overall mean value of the
corresponding time series.

Besides the PAL data measured by the activity
monitor, a real-life database is available in which
various data elements were logged about each partici-
pant to track progress in his/her program. They include
personal characteristic data, behavioral data, and data
from the human coach as mentioned previously. Among
which, the behavioral data include the device docking,
website login, LED activation, daily wearing hours of
device, etc. For instance, the daily wearing hours is esti-
mated as the duration with AC/m larger than a given
threshold.

3 PAL data prediction

Predicting future week’s PAL data aims at further extract-
ing features from the data fitting process (i.e., the modeling
step) and from the predicted PAL data for dropout and
non-dropout classification.

ARIMA-based methods have been widely used for
time series analysis [49, 50]. In this study, a categorized-
ARIMA (C-ARIMA) method is used to predict PAL data
in each single future week based on the observed data.
It has been reported that the C-ARIMA method achieved
the PAL data prediction with a good performance in
terms of prediction accuracy, model parsimony, compu-
tational load, and robustness compared with the tradi-
tional ARIMA models [30]. Here we briefly introduce
this method, which consists of two steps: data fitting
(or modeling) and data prediction. Note that only a subset
of the database (227 out of 950 time series, 90 dropouts)
without any missing values and outliers are kept for
modeling because including them will lead to model
misspecification and bad prediction performance. The
remaining 723 series (301 dropouts) are used for model
validation. To implement the PAL data prediction, we
used the State Space Models (SSM) toolbox, developed by
Peng and Aston [51], in Matlab R2012a (The Mathworks,
Natick, MA).
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3.1 Data fitting

Data fitting aims at constructing the most appropriate
ARIMA model to fit the observed data from past weeks.
A general ARIMA model can be structurally classified
as the form of ARIMA(p, d, q)(P,D,Q)S [52], whereby
the symbols are defined as follows: p the order of
non-seasonal autoregressive (AR) terms, d the order of
non-seasonal differencing, q the order of non-seasonal
moving average (MA) terms; P the order of seasonal
autoregressive (SAR) terms, D the order of seasonal dif-
ferencing, Q the order of seasonal moving average (SMA)
terms, and S the seasonal order. The C-ARIMA modeling
consists of identification, model estimation and order selec-
tion, and diagnostic checking, which has been previously
studied [30].

– To ensure that the model fits the observed PAL
time series best, the stationarity, seasonality and
trend of the observed data can be tentatively identi-
fied based on autocorrelation function (ACF) analysis
[53].

– For model estimation, we apply a well-known recursive
algorithm, Kalman filtering [54], to the observed PAL
series.

– The orders can be selected using the Schwarz’s
Information Criterion (SIC) [55]. The best ARIMA
models for the stationary, trend, and seasonal data
have been found to have orders of (1, d, 1)(0, D, 0)7,
(0, d, 1)(0, D, 0)7, and (1, d, 0)(0, D, 1)7, respectively
[30].

– Diagnostic checking is used to ensure that the fitting
residuals for the time series are uncorrelated and nor-
mally distributed. This has been done in [30], indicating
that the fitting models are adequate.

3.2 Data prediction

Regarding the C-ARIMA method used in this study,
the most appropriate model is the one that best fits the
pre-identified category to which this time series belongs
(i.e., stationarity, trend, or seasonality). Afterwards, the
chosen model should be used to predict future data.
Based on our previous work [30], we obtained the
multiple-step-ahead (from 1 to 7 steps) errors of pre-
dicting PAL data in terms of mean absolute percentage
error (MAPE) for all target weeks (Fig. 4). A high
precision in predicting PAL data allows for extracting
features from these predicted PAL data with more
adequate information in discriminating between dropouts
and non-dropouts. In addition, the C-ARIMA method
has been proved to be robust against noise and missing
values [30].
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Fig. 4 Average mean absolute percentage errors (MAPEs) of 7-step-
ahead data predictions using the C-ARIMA method described in [30]

4 Dropout and non-dropout classification

In order to allow for timely interventions to prevent future
dropouts, they need to be identified as such before actually
dropping out of the program. The dropout week is the week
of the program corresponding to the dropout day which is
defined as the first day on which no activity is recorded for
the remainder of the program. As dropouts express the par-
ticipants who have no recorded activity in the last two weeks
of the 12-week program, the set of dropouts is divided into
11 separated sets of the IWs, among which, dropouts in
week 11 have the first day of week 11 as their actual dropout
day. The aim in this study is to classify each dropout in the
week prior to their dropout week using known data only
up to the dropout week. The non-dropouts remain present
throughout the program. All the 950 participant samples in
the database are included in this classification task.

4.1 Feature extraction

A number of features regarding different aspects of a par-
ticipant (Section 1.5) are extracted from the database. They
are grouped as 1) personal, 2) assessment, 3) dynamic, 4)
global, and 5) predicted (or ARIMA) features, where the
features in the former four groups are called “traditional
features”. The features obtained from the AW that act as a
baseline are used in the classification of every other week.
The five groups of features are described in the following.

Personal features are derived from the personal characteris-
tic data provided by participants such as age, gender, height,
BMI and program starting month.

Assessment features are computed over the duration of
the assessment period, which typically lasts for a week,
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although the exact length varies somewhat between
participants. They provide information on the activity
and behavior of the participant during the assessment
period. Features on activity are the average and standard
deviation of PAL scores, average of the logarithms of
PAL scores, daily moderate-intensity and high-intensity
PAL minutes. Features regarding behavior are the
percentage of device wearing days, daily wearing
hours, daily device docks, daily times of LED activation
(or lighting up) on the device (indication of the transitions
from physical inactivity to activity) and daily website
logins.

Dynamic features are similar to the assessment features, but
are extracted based on the observed PAL data in all the past
weeks except the AW (i.e., the past IWs). Every dynamic
feature is computed over a duration lasting a single week
or over the past IWs, and the features extracted from every
past IW are also included. The number of past IWs deter-
mines the number of dynamic features, which change over
time by weeks. For instance, if we want to predict dropouts
in week l (l = 2, 3, . . . , 11), which also means the num-
ber of past IWs is l − 1, the dynamic feature set contains
features extracted from the observed PAL data in week 1,
week 2, . . . , and week l − 1. Here the number of features is
l − 1 times that in the case of prediction dropouts in week
2. Note that there are no dynamic features when predicting
dropouts in week 1 (l = 1). The dynamic features for activ-
ity and behavior are the same as for the assessment features,
with the exception that the amount of targets reached and
the average ratio of activity versus targets are considered as
well.

Global features are computed over all the past IWs as
shown in the following examples. In the time domain, the
ratio of the highest to the lowest PAL indicates physical
activity range of a participant. The corresponding distance
in the time course describes the difference between the
days with the highest and lowest PAL scores. As it is
assumed that a PAL time series reflects weekly periodic-
ity (from Monday to Sunday), then the features of averages
and standard deviations of PAL scores on all the Mondays,
Tuesdays, . . . , or Sundays should indicate average patterns
of weekly-based activities of a participant. The maximal
and minimal values among these averages show in which
day(s) of the week a participant is the most active or inac-
tive. In the frequency domain, the dominant frequency in
the spectrum of an observed PAL data series is extracted.
Frequency-domain entropy may help with distinction of the
activity level of a participant with similar power intensity by
comparing its periodicity. It is computed as the information
entropy of the normalized power spectral density function
of the input data without including the DC component. In

addition, the amount of missing values and outliers in a
PAL time series implies whether there was a device prob-
lem (e.g., a flat battery) during the use of an activity monitor
for a participant or how active he/she was in wearing the
monitor in the program.

Predicted (ARIMA) features are extracted from the
ARIMA modeling process and the predicted PAL data
in future week. In the modeling process, examples are
AR and MA coefficients, data pattern type (i.e., season-
ality, trend, or stationarity), SIC value and average fitting
error (measured by MAPE). For the predicted PAL data,
the features derived are the average and standard devia-
tion of PAL scores, the highest and the lowest PAL scores
and the ratio between the highest and the lowest scores.
Here we use the C-ARIMA method that can achieve a
low computation time and good accuracy in fitting the
observed PAL data and in predicting the future PAL data
(see Section 3).

4.2 Genetic algorithm

GA has proven effective in combining and selecting
features in a classification problem which can help
improve the classification performance [45]. The algorithm
starts from a pool of potential solution candidates, known
as the population. Each candidate consists of a fixed
number of so-called chromosomes, which can represent,
for instance, the inclusion of a certain feature, a numeri-
cal operator, etc. The candidates are altered and combined
over a number of rounds in an iterative process. The aim
of GA is to semi-randomly generate effective sets of
chromosomes and then combine them into an increasingly
optimal set of candidates over a number of rounds. A
key feature of GA is the ability to search for globally
optimal solutions, although it cannot be guaranteed that a
global optimum is found. For more details about GA, we
refer to [56].

4.3 Principal component analysis

PCA is a matrix conversion approach which represents
a set of vectors (or components) in a new space with
usually a lower dimension, where the vectors in the
new space are mutually uncorrelated (or independent
when the vectors are normally distributed) [57]. In other
words, it highlights the similarities and differences of fea-
ture values. PCA not only reduces the feature vector dimen-
sion without much loss of information but also allows
for removing the correlation among features expected
to help improve the overall “quality” (or discriminative
power) of the features as a result of redundancy and noise
removal [11].
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4.4 Classifier

NB - given a test sample u, the naive Bayesian classification
function is expressed as

C(u) = arg max
c∈C P (C = c)

m∏

i=1

p(Fi = fi |C = c), (1)

where C represents the class (dropout or non-dropout),
taking the value c = cdropout or c = cnon-dropout in this
study. For the given sample u, fi is the value of feature
Fi , where i = 1, 2, . . . , m with m features. p(C = c) is
the prior probability of the training data of the two classes.
The conditional probability density function of the values
of each feature Fi given a class can be obtained by fitting
its distribution [58]. The multiplication holds when fea-
tures F1, F2, . . . , Fm are mutually independent in Eq. 1. The
equation also implies that the class with maximum condi-
tional joint probability is selected. The NB classifier simply
assumes that the features are mutually independent given
the class.

KNN - in the nearest neighbor classification, the distance
between a new sample and the nearest training sample is
calculated. The KNN classifier makes an extension by tak-
ing the k nearest neighbors; it simply selects the class with
majority votes. Given a test sample u, its k nearest neigh-
bors v1, v2, . . . , vk are found by calculating the Euclidean
distances of the features between u and the other samples
in the training set. Then a vote is conducted to assign the
most common class to u. The class of u, denoted by C(u)

which takes the value c = cdropout or c = cnon-dropout , is
determined by the function

C(u) = arg max
c∈C

k∑

i=1

δ(c, c(vi)), (2)

where δ is a function that δ(α, β) = 1 if α = β or
δ(α, β) = 0 if α �= β, c(vi) is the class of vi . The choice of
k is important to the classification performance. It may be
affected by the noisy neighbor points when choosing a too
small value for k. On the other side, a large value for k is
able to reduce the effect of noise but makes the classes less
distinct. For small data sets, cross validation is usually used
to determine the value of k, which will be explained later.

4.5 Weighted cost sensitive learning

During the decision making of classification, traditional
learning methods assume a same misclassification cost for
all classes. A CSL-based method assigns distinct costs
to different classes with different numbers of samples in
the training set. A high cost of misclassification should
be assigned to the minority class while a low cost of

misclassification should be assigned to the majority class
for the situation of an unbalanced class distribution. The
use of non-uniform error costs, defined by means of the
class unbalance ratio (calculated by their prior probabili-
ties) present in the data set, was proposed in [34]. Here
the dropout misclassification cost Rdropout and non-dropout
misclassification cost Rnon-dropout for decision making are
defined as

Rdropout = ω

p(C = cdropout)
(3)

and

Rnon-dropout = 1 − ω

p(C = cnon-dropout)
, (4)

in which the weight ω is used to adjust the misclassification
costs for the two classes. For instance, the costs only depend
on the class unbalance ratio when ω = 0.5. The classification
by using this WCSL method can be optimized by examining
ω for the classifiers on training data.

5 Experimental evaluation

5.1 Feature discriminative power

To evaluate the discriminative power of each feature,
namely how good a feature can perform, in classify-
ing dropouts and non-dropouts, a Hellinger distance met-
ric [59] is employed. It is estimated by computing the
amount of overlap between two probability density esti-
mates, expressed as

DH(p, q) =
√

1 −
∑ √

p(x)q(x), (5)

where p(x) and q(x) are the probability density estimates
of the feature values given class dropout and non-dropout ,
respectively, and DH ∈ [0, 1]. In its most basic form, these
density estimates can be computed by means of a normal-
ized histogram with a fixed number of bins. In our study
we empirically computed with 20 bins. A larger Hellinger
distance reflects a higher discriminative power in separating
the two classes.

5.2 Evaluation criteria

In a binary-class problem here, tp (true positive) and tn (true
negative) refer to the number of dropout and non-dropout
samples correctly classified, whereas fp (false positive) and
fn (false negative) refer to the number of misclassified
non-dropout and dropout samples, respectively. As there
are 11 weeks’ data under consideration, the database is
divided into 11 data sets when performing classification.
These data sets happen to be unbalanced. They contain a
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majority of non-dropout samples (94.1 %) with a
minority of dropout samples (5.9 %) on average for
each target week. The overall accuracy, defined as
(tp+tn)/(tp+fn+fp+tn), is not an appropriate evaluation
criterion since it is strongly biased to prefer the major-
ity class and is sensitive to skewed class distribution [60].
Thus, the classification accuracy for the two classes should
be dealt with differently. To evaluate the classification
performance for an unbalanced data set, we apply the
F-score [61], defined as

F-score = 2 × recall × precision

recall + precision
, (6)

where recall is tp/(tp+fn) and precision is tp/(tp+fp).
This metric focuses more on the dropout class by
considering both recall and precision. Here the recall
and precision are weighted equally, which implies the
one may dominate the F-score rather than the other in
an unbalanced data set. Actually, they can be weighted
differently and their weights normally depend on which
one is more emphasized in practical use. Therefore, it
may not be guaranteed that the F-score in Eq. 4 is a
perfectly suitable metric for evaluating classification per-
formance although it is much better than overall accuracy.
Moreover, for an unbalanced data set, the Receiver Oper-
ating Characteristic (ROC) curve has been widely used
to assess a classifier’s performance over the entire solu-
tion space instead of using a single metric [37]. A ROC
curve is plotted as tp rate (sensitivity or recall) versus fp
rate (one minus specificity), where sensitivity (in terms of
dropout accuracy) is computed as fp/(fp+tn) and specificity
(in terms of non-dropout accuracy) is given by tn/(fp+tn).
The classifier with a larger ‘area under the ROC curve’
(AUROC) proves a better performance than that with a
smaller AUROC.

5.3 Cross validation

A 10-fold cross validation (10-fold CV) procedure is
conducted in the experiments for each week. During
the 10-fold CV procedure, each data set is first randomly
divided into 10 subsets containing an equal number of
samples, where 9 subsets are used to train the classifier
and the remaining is used for testing. The classification
result (e.g., F-score) is then obtained on each testing
data set of the cross validation. Afterwards, results
obtained from the 10-fold CV are averaged. Note that
data from the 227 participants without missing values
and outliers are used to select features with GA prior to
CV. And all the 950 participants are included in the
10-fold CV due the limited number of dropout samples
per week.

5.4 Statistical comparison

As shown in Table 1, we considered 6 cases using different
features and/or methods for comparison. The significance
of difference between F-score values obtained in different
cases can be examined via an (1-sided) paired Wilcoxon
signed-rank test (here at p < 0.001).

6 Results

As defined in Section 1.4, participants in the program can
be classified into dropout and non-dropout . Figure 5 illus-
trates the distribution of the dropout/non-dropout rate ( %)
over the 11 data sets from week 1 to 11, where for each
week, it is computed as the ratio of the number of dropouts
in that week to the total number of all non-dropouts (amount
to 559 out of the 950 participants). So in our data sets,
dropouts only account for 5.9 % per week on average. Many
participants (47) dropped out in the first week, and 16 par-
ticipants did not really start the program after the AW or did
not enter the AW at all. The reasons for these early dropouts
are unknown.

Table 2 presents the discriminative power of the features
in separating dropout and non-dropout classes of every
future week. Since there are a large number of features,
only the top 3 features (ranked by DH ) are given in the
table. On average, the features daily wearing hours, percent-
age of wearing days and average PAL score during the past
IWs performed the best. Note that it does not mean that the
other relatively less-discriminative features are useless, they
would still contribute additional information to predicting
future dropouts when combined in a certain way.

Table 3 summarizes the classification performance in dif-
ferent cases (see Table 1) when using a NB and a KNN
classifier. When comparing the results of case 1 with case
2, we notice an improvement of ∼0.02 in F-score after
combining the ARIMA features for both classifiers. Gener-
ating and selecting features through GA from the traditional

Table 1 Cases with different features and/or methods for comparison

Trad. features ARIMA features GA PCA WCSL

Case 1 ×
Case 2 × ×
Case 3 × × ×
Case 4 × × ×
Case 5 × × × ×
Case 6 × × × × ×

Note: the traditional feature set consist of personal, assessment,
dynamic and global features. For case 3, 5 and 6, four dimensions of
feature vectors after PCA were selected.
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Fig. 5 Dropout/non-dropout rate (%) versus week in the program

and ARIMA feature set resulted in a further increase in
F-score of ∼0.02 (see the differences between case 4 and
case 2). Note that a total of 40 features were experimentally
obtained after GA. Besides, slight increases of F-score can
be observed in the table after using a WCSL method (by
comparing case 6 with case 5). This method also helps bal-
ance the results of sensitivity and specificity by assigning
different costs of misclassification (adjusted by the weight
ω) to the unbalanced classes. The F-score scored highest
when ω = 0.45 for the two classifiers.

To reduce the dimensionality in feature space via PCA,
we computed the average F-score using 10-fold CV with
different numbers of chosen “components” (i.e., dimen-
sions), with the selection priority on the ranking of their
corresponding eigenvalues listed in a descending order.
The results on the training sets during 10-fold CV indi-
cate that both classifiers using the first four components
after PCA already provided an optimal performance. Thus
there was definitely redundancy in the features and PCA
can largely reduce the complexity of calculation. The per-
formance obtained using more components did not improve
further, and instead dropped to some extent. The reason
might be that the remaining components barely contributed
to the classification and the useful information carried was
limited compared to the increase of noise level. Compared
with the results obtained without PCA (case 2 and 4), slight
improvements are observed when using PCA (case 3 and
5). This means that PCA also served to increase the overall
discriminative power of the features to a certain degree and
thus lead to a further enhancement of the classification per-
formance. Note that all the features were normalized to have
zero mean and unit variance prior to PCA, which aimed at
ensuring that they were scaled comparatively.

Compared with the original results obtained in case 1,
the use of GA, PCA and WCSL (case 6) achieved a signif-
icantly improved F-score of 0.21 ± 0.09 (at a sensitivity of

Table 2 Discriminative power of the top-ranked features as measured
by the Hellinger distance metric (DH )

Week Features (Top 3) DH

Average logarithm PAL 0.38

1† Average PAL score on Saturday 0.36

Moderate-intensity PAL minutes∗ 0.34

Wearing hours of past IWs∗ 0.52

2 Wearing hours of AW∗ 0.49

PAL seasonality of past IWs 0.37

Wearing hours of past IWs∗ 0.54

3 Average PAL score of past IW 0.47

PAL seasonality of past IWs 0.44

Wearing hours of past IWs∗ 0.41

4 Percentage of wearing days of past IWs 0.39

Age 0.38

High-intensity PAL minutes before week 4∗ 0.44

5 Percentage of wearing days of past IWs 0.41

High-intensity PAL minutes of past IWs∗ 0.37

Wearing hours of past IWs∗ 0.41

6 Average PAL score before week 3 0.40

Percentage of wearing days before week 5 0.39

Percentage of wearing days before week 5 0.42

7 Moderate-intensity PAL minutes of past IWs∗ 0.41

Ratio of activity to target of past IWs∗ 0.40

Moderate-intensity PAL minutes of past IWs∗ 0.40

8 Moderate-intensity PAL minutes before week 3∗ 0.39

Starting month 0.35

Starting month 0.38

9 Maximal PAL day 0.27

LED activation times before week 7∗ 0.26

Ratio of activity to target of past IWs∗ 0.38

10 Average PAL score of past IWs 0.37

Ratio of activity to target before week 8∗ 0.36

Percentage of wearing days before week 9 0.29

11 Percentage of wearing days before week 8 0.29

Wearing hours before week 5∗ 0.27

Wearing hours of past IWs 0.34

Average‡ Percentage of wearing days of past IWs 0.30

Average PAL of past IWs 0.28

†
The features were extracted from the data in the AW

‡
Average over weeks

∗
The feature was computed as the average of daily measures

63.0 % and a specificity of 70.9 %) with a NB classifier
and of 0.22 ± 0.08 with a KNN classifier (at a sensitivity
of 66.4 % and a specificity 74.1 %). We note that the sensi-
tivity and specificity (case 6) are both increased when using
NB and become more balanced when using KNN.

In addition, the KNN classifier performs slightly better
than NB after applying the proposed WCSL method. This
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Table 3 Summary of
classification performances
using NB and KNN classifiers
for different cases

Classifier Sensitivity† Specificity‡ F-score

Case 1 NB 59.4 ± 9.2 % 61.6 ± 10.9 % 0.15 ± 0.07

KNN 18.8 ± 9.7 % 90.7 ± 5.3 % 0.13 ± 0.06

Case 2 NB 61.4 ± 9.9 % 63.2 ± 10.6 % 0.17 ± 0.08

KNN 20.7 ± 10.1 % 91.0 ± 5.9 % 0.15 ± 0.07

Case 3 NB 62.2 ± 10.2 % 63.8 ± 10.5 % 0.18 ± 0.08

KNN 21.9 ± 10.6 % 91.4 ± 6.1 % 0.16 ± 0.08

Case 4 NB 60.3 ± 13.8 % 70.5 ± 11.0 % 0.19 ± 0.09

KNN 24.2 ± 12.7 % 89.3 ± 5.2 % 0.17 ± 0.09

Case 5 NB 61.1 ± 13.5 % 72.1 ± 10.8 % 0.20 ± 0.09

KNN 26.6 ± 12.3 % 90.5 ± 4.7 % 0.19 ± 0.08

Case 6 NB 63.0 ± 13.9 % 70.9 ± 11.4 % 0.21 ± 0.09

KNN 66.4 ± 13.8 % 74.1 ± 7.3 % 0.22 ± 0.08
†
Dropout accuracy

‡
Non-dropout accuracy

can also be easily recognized in the ROC space in Fig. 6,
where the optimal results are marked. It should be pointed
out that the choice of k in the KNN classifier is important
since it may affect the classification performance. The k

value of 21 was chosen to optimize the average F-score over
all the training sets during 10-fold CV. The use of the WCSL
method solved the unbalanced data set problem and then
provided an improved result so that the achieved accuracies
of the two classes became balanced. In other words, it can
largely improve the sensitivity by sacrificing some speci-
ficity. Moreover, as indicated in Table 4 (case 6), the WCSL
method can help KNN more, which originally performed

0 0.2 0.4 0.6 0.8 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

fp rate (1−specificity)

tp
 r

at
e 

(s
en

si
tiv

ity
)

 

 

NB
KNN
Random guess

Fig. 6 Performance comparison of the two classifiers using the com-
bination of the traditional and the ARIMA features (with GA and PCA)
in the ROC space after applying the WCSL method (case 6). The
square and circle markers represent the optimal points for the KNN and
NB classifiers, respectively, as measured by F-score. The dotted line
represents results of ‘random guess’, indicating that the two classes
have no discrimination

worse in classifying unbalanced data sets. Both of the clas-
sifiers perform well above random guess (with an accuracy
of 50 %). Table 4 reports the details of the improved clas-
sification achieved using a KNN classifier (case 6). It does
not make a lot of sense to compare the F-score over the
11 weeks because of their different sample sizes and prior
probabilities of dropping out in different weeks.

7 Discussion

7.1 Classification

The dropout and non-dropout prediction accuracies by
using a NB classifier are more balanced than those
obtained with a KNN classifier when comparing the results
without using WCSL in Table 3. This is because, for NB,
the density function of the minority class can still be
estimated continuously when the number of samples in

Table 4 Classification results per week with a KNN classifier after
using GA, PCA, and WCSL based on 10-Fold CV

Week Sensitivity Specificity F-score

1 63.8 % 81.9 % 0.32

2 95.5 % 68.0 % 0.19

3 84.2 % 64.0 % 0.13

4 46.2 % 78.5 % 0.14

5 53.3 % 79.6 % 0.20

6 67.7 % 71.7 % 0.20

7 57.1 % 80.1 % 0.20

8 65.0 % 73.0 % 0.24

9 65.7 % 83.8 % 0.43

10 71.1 % 62.1 % 0.22

11 60.6 % 72.3 % 0.19

Average 66.4 ± 13.8 % 74.1 ± 7.3 % 0.22 ± 0.08
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this class is not too low, though the density function
estimation of the minority class may not be as accurate
as that of the majority class. It means that the density
function estimation of NB is robust against an unbal-
anced data set if the training sample sizes of both classes
are large enough. However, for KNN, the densities of
the two classes in the area having the nearest k neighbors
were seriously skewed due to the class unbalance. In fact,
it has been reported that KNN is sensitive to an unbalanced
data set [60].

Regarding the classifiers, some other algorithms have
been studied on predicting future events based on historical
data. For instance, Pentland et al. [27] proposed a Markov
dynamic model (MDM) with expectation-maximization
(EM) to predict driver actions, which outperforms nearest-
neighbor, Bayesian and hidden Markov models. To predict
the loss of customers for banks, an improved balanced ran-
dom forest (IBRF) algorithm achieved a significantly higher
prediction accuracy compared with the artificial neural net-
work and decision tree [62]. The ‘cost-sensitive version’
of a support vector method (SVM) that optimizes F-score
offered an improved performance, in particular for text clas-
sification with highly unbalanced classes [63]. However,
these conclusions might not hold in our study. It is hence
suggested to further investigate and compare the classifica-
tion algorithms based on our database, where the two classes
are unevenly distributed.

In general, the prediction results are not as good as we
expected, in which the F-score is only 0.22. There might be
a ‘ceiling’ of the accuracy of classifying dropouts and non-
dropouts. The dropout behaviors of some participants are
hardly predictable when they behaved consistently before
they actually dropped out. For instance, they decided to give
up using the monitors occasionally or they lose their devices
rather than they intended to drop out. Even though, the
performance still has some opportunities of being improved
by employing different prediction algorithms, as dis-
cussed before. On the other hand, the PAL data along with
corresponding behavioral information derived from
uploaded data might be affected by problems when using
the device. For instance, a flat battery and lying, sitting
or standing without any activity might lead to inaccurate
estimates of the feature daily wearing hours, yielding
errors in predicting dropouts. These problems need further
investigation.

7.2 Definition of dropouts

The accuracies score fairly consistently over the 11 weeks
(≥65 %), with the exceptions of weeks 1, 4, 5, 7, and 11 for
the dropout prediction and of weeks 3 and 10 for the non-
dropout prediction (see Table 4). A possible reason of low
dropout accuracy in week 11 might be in the definition of

a dropout. The dropouts in week 11 are close to the deci-
sion boundary which separates dropouts from non-dropouts.
A participant who stopped registering PAL data would not
be considered a dropout at this stage of the program if they
stop registering activity only one day later. Therefore, such
an arbitrary decision boundary might be algorithmically dif-
ficult to distinguish between participants close to it. The
reasons for the other weeks with low classification accura-
cies are unclear. These might be because the dropout was
not very well-defined, as long as there is no formal defini-
tion of it and participants did not say that they had quit the
program prematurely. Hence, a more well-defined criteria
for dropout is required.

7.3 Variances between weeks

As presented in Table 1, the most discriminative features
vary over weeks. With respect to time, the top-ranked fea-
tures are those often obtained based on all past IWs or the
week near the target week. And the assessment features are
more helpful to the dropout prediction in the beginning of
the program (e.g., week 1 and 2). These indicate that their
discriminative powers might be decreasing over time. The
feature starting month is highly ranked for week 8 and 9,
which might be because many participants started the pro-
gram from November and possibly dropped out and went
for their Christmas holidays in those two weeks. So for
these two weeks, this feature can well distinguish between
them and the other non-dropout participants who started the
program earlier.

In addition, some weeks show considerable differences
between dropout and non-dropout (prediction) accuracies,
such as week 2, 4, 5, and 7 (see Table 4). The WCSL method
was applied to all the 11 data sets with the same weight ω
but the optimal results for different weeks could differ when
choosing different ω. However, using different weights for
the classifications of different weeks would lead to over-
fitting to the data sets. Furthermore, it was assumed that the
distribution of dropout rates over the whole program is uni-
form (with a same prior probability of dropout versus week),
but this might not hold as long as the number of weeks is
not sufficient in the program to examine this assumption.
Accepting it might result in incorrectly optimizing the accu-
racies of predicting dropouts for different weeks. Therefore,
this assumption should be further examined based on the
data from more weeks.

The results also indicate a large variance of F-score
between weeks (from 0.13 to 0.43) with a relatively high
standard deviation of 0.08. This implies that the PAL scores
vary across participants and the selected features and clas-
sifiers might not be optimized for a specific participant or
week. To eliminate this, specialized features and classifiers
for different participants or weeks are suggested.
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7.4 Limitations of our study or methods

The results provided in Section 6 show that the classifica-
tion performance can be improved through combining the
ARIMA features with the traditional features and incor-
porating GA, PCA, and WCSL. However, there are some
limitations or disadvantages.

– During the PAL data modeling process, only a small
subset of the database (227 out of 950 participants) was
analyzed in this study. This is because, as described in
Section 3, including the data from the other participants
(with missing values and outliers) for PAL data fitting
might affect the adequacy of our ARIMA-based mod-
els. Therefore, the models and the extracted ARIMA
features might not reflect the common properties of the
population. It is suggested to address a larger-sized data
set in future work.

– The discriminative powers of the personal characteris-
tic features (e.g., age and gender) presented in Table 2
are not as high as we expected when compared with the
other top-ranked features, which seems not consistent
to previous findings [64]. This might be because in this
study we only collected data from the company employ-
ees (see Section 2.3) who cannot represent the whole
population. The use of a larger-sized data set includ-
ing participants with other professions should be further
considered.

– The errors of predicting future PAL data might exist
in the features extracted from the predicted PAL
data, which would therefore introduce noise to the
dropout/non-dropout predictor. Such ‘error propaga-
tion’ merits further investigation.

– The automated C-ARIMA process would result
in a higher computation load. Similarly, genetic
programming is also computationally intensive,
especially when the number of participants and
features in the database increases. Fortunately, the
computational costs may remain manageable as
long as only a single run of the ARIMA and GA pro-
cesses on the training data per week is required for
classification.

– Using GA that creates combinations of existing fea-
tures not only results in an unclear interpretation of the
contributions of the original features on the final clas-
sification performance, but also complicates the matter
of providing interventions to the possible dropout par-
ticipants by a human coach.

– The F-score might not be the most suitable measure
to optimize the classification performance. It mainly
depends on the requirement or preference of sensitivity
(or dropout accuracy) and specificity (or non-dropout
accuracy) in a real application. For instance, to prevent

as many participants from dropping out of the program
as possible, interventions should be delivered to a lot
of participants even though some of them do not intend
to drop out. In this situation, the dropout accuracy is
required to be higher even if the non-dropout accuracy
will become lower. To achieve this, the recall in the
F-score equation should be higher weighted than the
precision. However, a too low non-dropout accuracy
will drive the human coach to wrongly deliver inter-
ventions to the participants who are not at high risk
of dropping out. Hence, it merits further investigating
the selection of evaluation criterion from a practical
perspective.

– Since the participants were not asked to provide infor-
mation about dropping out of the physical activity
intervention program, the reasons of dropouts were
unknown in this study. This would yield difficulties in
understanding the features and the classifiers for pre-
dicting dropouts and then in providing them effective
interventions. Thus, this needs to be studied in the
future.

8 Conclusion

In this study, participants were classified every week as
either future dropout or non-dropout, corresponding to their
risk of early dropout of a 12-week physical activity inter-
vention program based on the PAL data acquired from a
daily wearable sensor – activity monitor. A KNN classi-
fier achieved prediction accuracies of ∼66 % and ∼74 %
for dropout and non-dropout, respectively. The addition of
the ARIMA features to the feature set and the use of GA
yielded a clear improvement in classification accuracy. The
use of a WCSL method in the classifiers to fight against
the unbalanced data set improved the classification per-
formance further. A more accurate prediction of a likely
dropout case provides a coach with insight into which of
the participants is at the highest risk for future dropping
out. Based on this insight, the coach can direct his/her
efforts to those individuals that have the strongest need for
coaching support, allowing the coach to intervene timely
and effectively to motivate these participants to stay in the
program, towards a tailored physical activity health inter-
vention. However, these interventions can only be delivered
to the dropouts who are correctly predicted. The number
of dropout participants who will be successfully prevented
from dropping out is unknown based on the results in this
study, it usually depends on the interventions, which merits
further investigation.
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