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This study investigated which aspects of the individuals’
activity behavior determine the physical activity level
(PAL). Habitual physical activity of 20 Dutch adults (age:
26–60 years, body mass index: 24.5  2.7 kg/m2) was
measured using a tri-axial accelerometer. Accelerometer
output was used to identify the engagement in diﬀerent types
of daily activities with a classiﬁcation tree algorithm.
Activity behavior was described by the daily duration of
sleeping, sedentary behavior (lying, sitting, and standing),
walking, running, bicycling, and generic standing activities.
Simultaneously, the total energy expenditure (TEE) was
measured using doubly labeled water. PAL was calculated
as TEE divided by sleeping metabolic rate. PAL was

signiﬁcantly associated (Po0.05) with sedentary time
(R 5 0.72), and the duration of walking (R 5 0.49),
bicycling (R 5 0.77), and active standing (R 5 0.62). A
negative association was observed between sedentary time
and the duration of active standing (R 5 0.87; Po0.001).
A multiple-linear regression analysis showed that 75% of
the variance in PAL could be predicted by the duration of
bicycling (Partial R2 5 59%; Po0.01), walking (Partial
R2 5 9%; Po0.05) and being sedentary (Partial R2 5 7%;
Po0.05). In conclusion, there is objective evidence that
sedentary time and activities related to transportation and
commuting, such as walking and bicycling, contribute signiﬁcantly to the average PAL.

Physical activity (PA) is frequently recommended to
improve health and prevent chronic diseases (Blair
et al., 2001; Kriska et al., 2003). Increasing the PA level
(PAL) can reduce the risks associated with obesity
and diabetes, such as hypertension, and cardiovascular diseases (Kesaniemi et al., 2001; Kriska et al.,
2003). For this reason, in 1995, the World Health
Organization and the Centers for Disease Control
and Prevention (Pate et al., 1995) recommended the
engagement in at least 30 min of moderate-intensity
activity per day to promote and maintain health. A
later revision of these guidelines emphasized the
importance of combining moderate- and high-intensity activities to achieve a high activity level and gain
health beneﬁts (Haskell et al., 2007). Complementing
these recommendations, decreasing sedentary behaviors has emerged as an important target for health
promotion (Dietz, 1996; Epstein & Roemmich,
2001). Indeed, the time spent in low-intensity activities has been associated with markers of obesity
(Ekelund et al., 2008), weight gain (Hu et al., 2003;
Levine et al., 2008), and diabetes (Hu et al., 2003).
Also, it has a negative impact on the PAL (Westerterp, 2001). Inspite of these guidelines, it still remains
unclear whether the engagement in high-intensity PA

signiﬁcantly contributes to the PAL. High-intensity
PA might discourage the engagement in other types
of activities outside the exercise session, and persuade compensatory behaviors that tend to decrease
the activity energy expenditure (Meijer et al., 1999;
Westerterp, 2001). Therefore, understanding the role
of the individuals’ PA behavior in determining the
PAL is essential to design eﬀective intervention
strategies to increase PA.
Habitual PA can objectively be assessed in daily
life by recording body movements using activity
monitors. These activity monitors, also called accelerometers, are considered to be the most convenient
and most reliable tools to measure PA (Macfarlane et
al., 2006). Recently, they have been used in combination with classiﬁcation algorithms to identify speciﬁc
human movements (Veltink et al., 1996; Pober et al.,
2006; Ermes et al., 2008; Bonomi et al., 2009a, b;
Preece et al., 2009). This classiﬁcation of activity
types is based on the evaluation of attributes (features) of the recorded acceleration of the body with
machine learning algorithms. Some studies focused
on measuring body movements with accelerometers
positioned on diﬀerent body parts to identify lying,
sitting, standing, walking, and running activities,
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using neural network algorithms for the activity
classiﬁcation (Zhang et al., 2003). Only recently,
developments in activity monitoring allowed the
recognition of several types of physical activities
using a single waist-mounted accelerometer (Mathie
et al., 2004; Karantonis et al., 2006; Bonomi et al.,
2009a, b). This innovative methodology of analyzing
accelerometer data can be used to speciﬁcally determine the PA behavior, by measuring the daily
distribution of various types of activities.
The current study investigated the relationship
between the PAL, as assessed using the gold standard
technique of doubly labeled water, and the individuals’ activity behavior. A novel technique based on a
tri-axial accelerometer and a classiﬁcation algorithm
was used to objectively determine PA behavior, by
measuring the daily engagement in diﬀerent types of
activities. The purpose was to analyze which types of
PA such as sleeping, sedentary behavior (lying, sitting, and standing), generic standing activities (active
standing), walking, bicycling, and running determined
the PAL.
Methods
Subjects
Twenty healthy Dutch adults (11 men and nine women) were
recruited by advertisement in local newspapers. The study was
conducted during autumn, and most of the participants were
living in the neighborhood or in the city of Maastricht, the
Netherlands. The study was approved by the Ethics Committee of the Maastricht University Medical Center, and written
informed consent was obtained from the participants.

Study design
Subjects reported to the laboratory on day 0 at 9:00 hours and
entered a respiration chamber for an overnight stay. Anthropometric measurements were taken in the morning after an
overnight fast. Body mass was measured on an electronic scale
(Mettler Toledo ID1 Plus, Giessen, Germany) to the nearest
0.01 kg. Height was measured to the nearest 0.1 cm (SECA
Mod.220, Hamburg, Germany). PA was measured from the
morning of day 1 until the morning of day 15. The total energy
expenditure (TEE) and PAL were measured during an observation period of 2 weeks, from day 1 until day 15.

Energy expenditure and PAL
TEE was measured using the doubly labeled water (DLW)
method according to the Maastricht protocol (Westerterp
et al., 1995). After the collection of a background urine
sample, subjects drank on the evening of day 0 a weighted
amount of 2H18
2 O such that baseline levels were increased to
100 ppm for 2H and to 200 ppm for 18O. Additionally, urine
samples were collected from the second voiding in the morning
and a subsequent voiding in the evening of days 1, 8, and 15.
PAL was calculated as TEE divided by the sleeping metabolic
rate (SMR). SMR was measured during an overnight stay in
the respiration chamber. The room measured 14 m3 and was
equipped with a bed, table, chair, freeze toilet, washing bowl,
radio, television, and computer (Schoﬀelen et al., 1997).
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Energy expenditure was calculated from O2-consumption
and CO2 production according to Weir’s (1949) formula.
SMR was deﬁned as the lowest observed energy expenditure
for 3 consecutive hours during the night. Room temperature
was held constant at 20  1 1C.

Monitoring of PA
The motion sensor used was a modiﬁed version of the previously validated Tracmor (Philips Research, Eindhoven, the
Netherlands) (Plasqui et al., 2005). The device included a triaxial accelerometer and recorded acceleration samples
20 times/s. The Tracmor measured 8  3.5  1 cm and weighed
34.8 g, including the battery. The Tracmor was ﬁxed at the
lower back using an elastic belt. The x-, y-, z-axes of the
accelerometer were oriented along the vertical, medio-lateral,
and antero-posterior directions of the body, respectively. Subjects were instructed to wear the Tracmor during waking hours,
except during showering and water activities. A diary was used
to report periods in which the subject was sleeping and not
wearing the Tracmor during the day. Furthermore, the diary
was used by the subjects to self-report the duration of discrete
bouts of spontaneous bicycling and running activities.

Identiﬁcation of activity type
The raw acceleration signal was downloaded to a personal
computer and processed to identify types of PA performed
during the day. The acceleration signal was segmented in
intervals of 6.4 s and features of the acceleration were determined
for each axis of measurement, e.g. average, standard deviation,
peak-to-peak distance, and dominant frequency in the power
spectral density (Bonomi et al., 2009a). A classiﬁcation tree
algorithm was used to evaluate the features and to classify the
acceleration in one of six activity classes: lying, sitting, or
standing (sit–stand), active standing, walking, bicycling, and
running. The active standing type was deﬁned to represent
dynamic activities not related to ambulation performed in the
standing position. The classiﬁcation tree was developed before
the current study on a population characterized by a broad range
of weight, height, and age: 37 men and 43 women, [mean  SD
(minimum maximum)] weight 5 78  20 (51–182) kg, height
5 1.72  0.1 (1.49–1.97) m, age 5 42  16 (19–71) year, and
BM index (BMI) 5 26.2  5.8 (19.2–53.9) kg/m2. The calibration
was based on data collected during supervised tests. The acceleration measured during lying, sitting, standing, walking, running, bicycling, washing dishes and sweeping the ﬂoor was used
to calibrate the decision tree. The data collected during the dishwashing and ﬂoor-sweeping activities were used to deﬁne the
active standing category. The data collected during lying, sitting,
and standing were used to deﬁne the sedentary category.
Classiﬁcation trees are models in which the classiﬁcation
process is deﬁned by a sequence of conditions based on
features of the object to classify (Duda et al., 2000). Figure
1 shows the structure of the developed classiﬁcation tree and
the features selected for the identiﬁcation of activity types. The
performance of the classiﬁcation tree is described elsewhere
(Bonomi et al., 2009b).

Data analysis and statistics
Monitoring days of PA were considered valid if the nonwearing time, annotated in the diary, did not exceed 150 min/
day. As a result, the average number of monitoring days was
8  5 days (range: 3–14 days). The non-wearing time was
removed from the dataset and not used by the classiﬁcation
tree for the identiﬁcation of activity types. For each subject,

Behavior and activity level
(The MathWorks, Natick, Massachusetts, USA) and SigmaStat (Systat Software, San Jose, California, USA). Measured
parameters are presented as average  standard deviation
(SD). The statistical signiﬁcance was set at Po0.05.

Results

Fig. 1. Structure of the classiﬁcation tree used to identify
activity types. Circles represent conditions based on features
of the acceleration signal. From the circles, branches depart
and lead to a class that identiﬁes the object to classify. The
classes identiﬁed by the classiﬁcation tree were: lying, sitting,
and standing (sit–stand), active standing (AS), walking,
running, and bicycling. The features used by the decision
tree were: sX, sY, standard deviation in the x- and y-axis;
aX , average acceleration in the x-axis; fX, dominant frepp
quency of the acceleration in the x-axis; app
Z , aY , peak-topeak distance of the acceleration in the z- and y-axis. The
x-, y-, z-axes correspond to the vertical, medio-lateral, and
antero-posterior directions of the body, respectively.

PA behavior was deﬁned by the average daily duration (ADD)
of sleep, sedentary behavior, active standing, walking, bicycling, and running activity types. The time spent sleeping was
determined by the diary annotations. The time spent being
sedentary was determined by the sum of the duration of lying,
sitting, and standing during waking hours. Simple regression
analysis was used to examine the relationship between the
PAL and ADD of each activity type. The Pearson correlation
coeﬃcient (R) was calculated to determine the association
between variables. Based on the PAL, subjects were divided
into two groups: the highly active group (HIGHPAL;
PAL41.75) and the less active group (LOWPAL;
PALo1.75). This PAL value of 1.75 was used as threshold
as it represented the average PAL of modern humans, which
ranges from 1.5 to 2.0 (Black et al., 1996; Westerterp, 2008).
The Student t-test was performed to identify signiﬁcant
diﬀerences in the PA behavior of subjects in the LOWPAL
group compared with that of subjects in the HIGHPAL group.
The stepwise multiple-linear regression analysis was performed to select the best predictors of PAL among the types
of activities that were used to characterize the individuals’
behavior. As the daily duration of running was not normally
distributed, this variable was log transformed. Cook’s distance
was calculated for each data point to identify inﬂuential cases
that could impact the result of the regression analysis. All
analyses were carried out using a Matlab statistical toolbox

The mean PAL was 1.77  0.17 (Table 1). On average, PA was monitored for 14.4  1.1 h/day, which
was 92.1  4.5% of the waking hours. The ADD of
each activity type describing individuals’ behavior is
presented in Table 2. A high correlation was observed between reported (rep) and measured (m)
ADD of bicycling (rep 5 14.8  15.7 min/day vs
m 5 22.1  14.9 min/day; R 5 0.77, Po0.001) and
running (rep 5 2.1  4.9 min/day vs m 5 3.2 
4.4 min/day; R 5 0.81, Po0.001). As shown in
Fig. 2, sedentary activities occupied almost 29% of
the day (42% of waking hours). As presented in
Table 2, PAL was inversely related to the sedentary
time, while it was positively associated with the ADD
of active standing, walking, and bicycling. The relationship between PAL and ADD of running just
failed to reach signiﬁcance (R 5 0.46, P 5 0.06). No
signiﬁcant relationship was observed between PAL
and the time spent sleeping (P 5 0.61). A strong
negative correlation was observed between the
ADD of active standing and sedentary time
(R 5 0.87, Po0.001). No signiﬁcant relationship
was observed between the ADD of the other activity
types.
Ten subjects (six males and four females; age:
43  12 years; BMI: 24.4  2.8 kg/m2) had a PALo
1.75 and were used to deﬁne the LOWPAL group,
while 10 subjects (ﬁve males and ﬁve females; age:
40  11 years; BMI: 24.5  2.8 kg/m2) had a
PAL41.75 and were included in the HIGHPAL
group. A signiﬁcantly diﬀerent PA behavior was
observed between the HIGHPAL and the LOWPAL
groups. As shown in Fig. 3, the HIGHPAL group
spent signiﬁcantly less time being sedentary than the
Table 1. Subjects characteristics, N 5 20 (11 men; nine women)

Age (year)
Height (m)
Body mass (kg)
BMI (kg/m2)
Fat mass (kg)
Fat free mass (kg)
SMR (MJ/day)
TEE (MJ/day)
AEE (MJ/day)
PAL

Mean  SD

Range

41  11
1.75  0.09
74.8  11.4
24.5  2.7
20.4  6.4
54.4  8.3
6.9  0.8
12.2  1.9
4.1  1.2
1.77  0.17

26–60
1.57–1.89
54.5–103.4
19.6–29.5
8.4–33.2
39.4–70.2
5.5–8.2
9.6–15.5
2.1–6.4
1.43–2.08

BMI, body mass index; SMR, sleeping metabolic rate; TEE, total energy
expenditure; AEE, activity energy expenditure; PAL, physical activity level
(TEE/SMR).
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PAL group, and signiﬁcantly more time actively
standing, walking, and bicycling.
The stepwise multiple-linear regression analysis
showed that the best predictors of PAL were the
ADD of bicycling (Partial R2 5 59%; Po0.01), walking (Partial R2 5 9%; Po0.05), and the sedentary
time (Partial R2 5 7%; Po0.05). The model explained 75% of the variance in PAL, and the
coeﬃcients of the multiple-linear model are presented
in Table 3. The Cook’s distance did not indicate any
observation as being an outlier or having an intolerable inﬂuence on the result of the regressions (distance o0.2).
Discussion
To our knowledge, this is the ﬁrst study to report on
a relation between the daily activity behavior and the
PAL as measured using DLW. The results showed

Fig. 2. Daily distribution of the types of activity characterizing the individuals’ behaviors. Percentage values represent
the proportion of the 24 h day spent on each activity type.
Sedentary, sum of lying, sitting, and standing still during
waking hours; AS, active standing.

that the characteristics of the PA behavior that
mainly determined the PAL were the sedentary
time and the activities related to transportation
such as walking and bicycling. In particular, the
sedentary time negatively aﬀected the PAL, while
walking and bicycling played a determinant role in
increasing the PAL. Sleeping appeared not to be
associated with PAL. Generic standing activities
such as household tasks were signiﬁcantly associated
with PAL. In addition, the high negative co-linearity
observed between the daily duration of active standing and sedentary behavior provides evidence of a
complementary nature between these two characteristics of activity behavior. This was also observed in a
study of Healy et al. (2008), where the objectively
measured time spent in light-intensity activities was
inversely related with the time spent being sedentary.
The time spent running was positively associated
with the PAL but the relation just failed to reach
signiﬁcance (P 5 0.06).
The innovative methodology used to monitor PA,
based on one accelerometer and a classiﬁcation
algorithm, was used to objectively determine the
engagement in diﬀerent types of activities. Six activity classes were considered and they were selected to
represent common types of daily PA. The lying,

Fig. 3. Diﬀerences in the engagement in the types of activity
characterizing the behavior of subjects belonging to
the LOWPAL group (PALo1.75) compared with that of
the HIGHPAL group (PAL41.75). AS; active standing.
**Po0.01. *Po0.02. PAL, physical activity level.

Table 2. Average daily duration of each activity type and their correlation with the physical activity level (PAL)

min/day

Mean  SD

Range

Correlation vs PAL

Sleep
Sedentary
Active standing
Walk
Bicycle
Run

501.2  36.3
393.2  154.6
367.4  150.4
71.5  23.6
22.1  14.6
3.2  4.3

429.3–548.6
84.1–663.9
138.4–678.6
29.0–117.1
3.5–56.5
0–14.3

R 5 0.12
R 5 0.72
R 5 0.62
R 5 0.49
R 5 0.77
R 5 0.43

Sedentary, sedentary behavior: lying, sitting and standing still; R, Pearson’ correlation coefficient; P, significance level.
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P 5 0.61
Po0.001
Po0.01
Po0.05
Po0.001
P 5 0.06

Behavior and activity level
Table 3. Physical activity level (PAL) model developed using the stepwise multiple-linear regression algorithm

Dependent

Independent

PAL

Intercept
Bicycle
Walk
Sedentary

Coefﬁcient
1.655
0.0053
0.00205
0.000385

Partial R2 (%)
159
19
17

P
o0.01
o0.05
o0.05

Dependent, dependent variable; Independent, independent variable; Partial R2, increase in the explained variance of the model; P, significance
level of the increased R2.

sitting, and standing classes were deﬁned to represent
static postures. The walking and running classes were
deﬁned to represent gait and ambulation. The active
standing class was deﬁned to represent human movements performed in the standing position not related
to ambulation. Additionally, the bicycling class was
considered as bicycling is not only engaged in for
sport practice, but mainly for transportation purposes. In fact, in the Netherlands, bicycling is the
favorite means of transport for trips up to 7.5 km
(Rietveld & Daniel, 2004). This represented a unique
feature of the used accelerometer, as many commercial devices measure PA irrespectively of the type of
activity performed, resulting in inaccurate estimations of the amount of PA scored during certain
activities such as bicycling.
Only few other studies have objectively measured
the duration of diﬀerent types of activities in daily
life in combination with DLW measures of PAL.
Johannsen et al. (2008) monitored PA in a population of lean adult women for 4 days, using the
intelligent device for energy expenditure and physical
activity (IDEEA). Compared with our results, sitting
and standing had a longer daily duration [890 vs
760 min/day; (sedentary1active standing)], and the
engagement in walking, running, and stepping was
shorter [48 vs 75 min/day; (walk1run)]. This diﬀerence cannot be explained by a diﬀerent activity level
of the two study populations. Indeed, the average
PAL measured over a period of 14 days was similar
to the average value obtained in the current study.
Thus, a possible explanation of the diﬀerences in PA
behavior could be found by considering the diﬀerent
measurement systems used. Possibly, the PA recorded using IDEEA could have been biased toward
a more sedentary behavior. The limited wearability
of IDEEA, which consists of ﬁve accelerometers
connected by wires, compared with Tracmor could
result in an increased burden on the subjects and this
might have discouraged their engagement in normal
PA. Harris et al. (2007) using the PAMS activity
monitor measured, posture and allocation in adult
young and elderly subjects. The adult young population was lying for 530 min/day, was sitting for

426 min/day, and was standing (still or actively) for
500 min/day, on average. These values are in agreement with the ﬁndings of our study, where the active
standing, walking, bicycling, and running duration
(464 min/day) is considered to represent the standing
class of Harris et al. The PAL of the study population as measured using DLW was 1.73; hence, the
correspondence in PA behavior is conﬁrmed by this
similarity in PAL.
PA represents one of the main components of daily
energy expenditure (Westerterp, 2008). Genetic and
environmental factors contribute to explain the interindividual variability in PA (Joosen et al., 2005). The
current study showed that some aspects of PA
behavior determined the PAL. Locomotion and
transportation activities such as walking and bicycling were positively associated with PAL. Sedentary
time aﬀected the mean PAL negatively. This implies
that an eﬃcient way to increase the activity level is to
engage in more physically active transport, spend
relatively more time walking and bicycling, and
reduce the amount of time spent in sedentary behaviors at work, at home, and during leisure-time.
These ﬁndings are in line with the evidence suggesting that contemporary changes in transport, occupations, domestic tasks, and leisure activities have had
negative eﬀects on the activity level. According to the
multiple-linear regression model, replacing daily
30 min of sedentary time with walking increases the
PAL by 0.07, which represents about 5% of the
average PAL ( 5 1.75), while 30 min/day of bicycling
instead of sitting in a car would result in twice the
increase in PAL, i.e. 10% of the average PAL.
Achieving a PAL of 1.75, given that the walking
and bicycling duration is equal to the average duration registered in this study, requires to limit the
sedentary behavior to 7.5 h/day. This could be
achieved, for instance, by developing speciﬁc strategies to interrupt prolonged sitting time with active
breaks (Owen et al., 2009). It would be helpful not
only to achieve a higher activity level but also to
reduce the risk for cardiovascular diseases (Weller &
Corey, 1998), metabolic syndrome (Dunstan et al.,
2005), weight gain (Levine et al., 2008), and all causes
of mortality (Matthews et al., 2007). Indeed, epidemiological evidence has shown a positive relationship
between certain patterns of inactivity, disease outcomes, and mortality risk (Hamilton et al., 2007).
Moreover, intervention studies have recently identiﬁed speciﬁc cellular mechanisms, activated during the
contractile activity of postural skeletal muscle, involved in the regulation of risk factors for disease
(Bey & Hamilton, 2003). Therefore, intermittent
activities during prolonged sedentary time could be
considered as a functional strategy for increasing
energy expenditure and improving health by stimulating physiological eﬀects generated by muscle con-
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traction during low-intensity activities (Hamilton
et al., 2007).
We recognize limitations in this study. Firstly, it
could be argued that the number of days considered
for the assessment of the PA pattern was, on average,
small. However, some studies showed that 3–4 days
of monitoring were suﬃcient to achieve a reliability
of 480% in measurements of PA using accelerometers (Levin et al., 1999; Matthews et al., 2002).
Therefore, measuring PA for an average of 8 consecutive days, as in the current study, seems reasonable for a reliable assessment of the habitual PA.
Secondly, errors in the identiﬁcation of activity type
could determine incorrect assessment of the ADD of
the diﬀerent activities. However, the classiﬁcation
model showed high classiﬁcation performances, and
classiﬁcation errors were infrequent. Another limitation of this study might be the reduced number of
subjects included. However, the study population
was carefully selected to be characterized by a broad
BMI range. Moreover, the participants covered the
range of normal daily-life activity levels, as indicated
by the measured PAL range, which was 1.43–2.08,
but were not highly physically active. Indeed, a PAL

of 1.43 indicates sedentary lifestyles (Black et al.,
1996), a PAL of 2.08 represents more active lifestyles
(Westerterp, 2001), and highly active lifestyles are
characterized by PAL of 2.5 (Black et al., 1996).

Perspectives
In a group of healthy Dutch subjects, there is
objective evidence indicating that sedentary time
and activities related to transportation and commuting, such as walking and bicycling, signiﬁcantly
determine the average PAL. Eﬃcient strategies to
increase the activity level may target these aspects of
the individuals’ activity behavior to promote PA and
the associated health beneﬁts.
Key words: activity monitoring, physical activity
recommendations, activity recognition, locomotion.
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