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ABSTRACT

BACKGROUND/OBJECTIVES: Various accelerometer equations are used to predict energy 
expenditure (EE). On the other hand, the development of these equations and their validation 
studies have been conducted primarily without including older adults. This study assessed 
the accuracy of 8 ActiGraph accelerometer equations to predict the energy cost of walking in 
older adults.
SUBJECTS/METHODS: Thirty-one participants with a mean age of 74.3 ± 3.3 yrs were enrolled 
in this study (20 men and 11 women). The participants completed 8 walking activities, 
including 5 treadmill and 3 self-paced walking activities. The EE was measured using a 
portable indirect calorimeter, with each participant simultaneously wearing the ActiGraph 
accelerometer. Eight ActiGraph equations were assessed for accuracy by comparing the 
predicted EE with indirect calorimetry results.
RESULTS: All equations resulted in an overall underestimation of the EE across the activities 
(bias −1 to −1.8 kcal·min−1 and −0.7 to −1.8 metabolic equivalents [METs]), as well as during 
treadmill-based (bias −1.5 to −2.9 kcal·min−1 and −0.9 to −2.1 METs) and self-paced (bias −1.2 
to −1.7 kcal·min−1 and −0.2 to −1.3 METs) walking. In addition, there were higher rates of 
activity intensity misclassifications, particularly among vigorous physical activities.
CONCLUSIONS: The ActiGraph equations underestimated the EE for walking activities in older 
adults. In addition, these equations inaccurately classified the activities based on their intensities. 
The present study suggests a need to develop ActiGraph equations specific to older adults.

Keywords: Physical activity; elderly; energy expenditure

INTRODUCTION

According to a recent 2017 United Nations report on the world’s aging population [1], 
globally, the number of people aged 60 yrs and over has increased from 382 million in 1980 
to 962 million in 2017 and is expected to reach approximately 2.1 billion by 2050. This rapid 
demographic change has implications for global health and the economy [2] because aging 
is associated with an increased risk of chronic non-communicable diseases [3,4]. There is 
currently strong research interest regarding suitable approaches to promote more healthy 
aging by reducing the risks of morbidity and mortality associated with non-communicable 
diseases in older adults [5,6].
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The role of physical activity (PA) in health promotion is well established, including the 
prevention and management of chronic non-communicable diseases, such as type-2 
diabetes, cardiovascular disease, and cancer [7-9]. In older adults, PA promotes cognitive 
health [10], and recent evidence suggests that it may prevent or slow down sarcopenia [11,12]. 
The measurements of PA and energy expenditure (EE) are important in both clinical and 
epidemiological studies on the association between PA and health outcomes.

During the assessment of PA in public health interventions, researchers are interested in 
the estimation of EE and the classification of PA according to intensity level [13]. The PA 
intensity is also taken into consideration in the guidelines for the population. For example, 
the 2010 World Health Organization (WHO) guidelines for PA [14] recommended that 
individuals aged 65 yrs and over perform at least 150 min of moderate-intensity aerobic PA 
per week or perform at least 75 min of vigorous-intensity aerobic PA per week or an equivalent 
combination of moderate- and vigorous-intensity activity. The ability of an instrument to 
measure the PA intensity accurately helps evaluate the adherence to interventions and assess 
the impact of the amount of PA on health.

Different methods are currently being used to assess PA and EE. Each has its advantages 
and limitations related to cost, accuracy, or burden placed on the participants [15,16]. 
Recently, accelerometers have been developed as monitors of PA. These tools have proven 
to be reliable, objective, less burdening to the participants, versatile, and less expensive 
than other methods of a PA assessment [17]. Accelerometers measure acceleration and 
produce outcomes in the form of counts. These counts can be translated into EE variables, 
such as kcal or metabolic equivalents (METs) using predictive equations developed by the 
manufacturers [18] or by researchers in subsequent studies [19]. The development and 
validation of these equations have been conducted mostly in younger subjects, with few 
studies involving older adults [20,21]. On the other hand, studies have shown that the energy 
cost of physical activities is affected by age, with older adults having higher energy costs than 
younger individuals when examined under similar conditions [22-24].

In this context, there is a need to assess the impact of such differences in the energy 
metabolism across age categories on the ability of accelerometer equations to estimate EE 
accurately. The objective of this study was to assess the accuracy of 8 accelerometer equations 
for predicting the energy cost of walking by older adults.

SUBJECTS AND METHODS

Study participants
The present study involved 31 older adults (20 men and 11 women) aged between 70 and 
83 yrs. They were recruited from Gangneung City, Gangwon Province, Korea, using flyers 
displayed at senior citizen centers, and by direct visits to these places. The following 
inclusion criteria were applied: 1) age 65 yrs or older, 2) no contraindications to exercise, and 
3) being physically able to complete the activities, including treadmill walking. The protocol 
was approved by the Gangneung-Wonju National University Institutional Review Board 
(approval number GWNUIRB-2015-4-1), and every participant read and signed an informed 
consent form.
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Anthropometric measurements
Before testing, the participants’ height and body weight were measured (without shoes and 
wearing light clothes) using a stadiometer. The BMI was calculated as the body mass (kg) 
divided by height squared (m2).

Testing protocol
The testing protocol was adopted from Hall et al. [22], with some modifications. During the 
testing session, each participant performed walking activities in 2 sessions, starting with 
session 1 and then session 2, after a resting time of at least 5 min between sessions.

Session 1:  Treadmill walking, which was divided into 5 bouts, corresponding to 5 different 
speeds: 2.4 km·h−1 (1.5 mph), 3.2 km·h−1 (2.0 mph), 4.0 km·h−1 (2.5 mph), 4.8 
km·h−1 (3.0 mph), and 5.6 km·h−1 (3.5 mph). The treadmill gradient was held 
constant at 0% during the entire routine [22].

Session 2:  Self-paced hallway walking activities, which were divided into 3 bouts: 
“leisurely” walking, “brisk” walking, and “fast” walking. For the leisurely pace, 
the participants were instructed to “walk as if they were walking and talking 
with a friend”; for the brisk pace, the instructions were to “walk as if they were 
hurrying across the street at a cross-walk”; for the fast pace, the instructions 
were to “walk as fast as they could but not so fast that they felt unsafe” [22].

For both activity sessions, each bout was performed for 5 min, with at least 5 min of quiet 
sitting between bouts until the participant’s heart rate returned to within 4 beats per minute 
of their resting heart rate [22]. This resting time between 2 sessions of activities was to allow 
the participants’ heart rate to slow down.

During the treadmill walking activities, 2 participants were unable to complete the 5.6 km·h−1 
bout, while among the self-paced hallway walking, one participant did not perform the bouts 
of leisurely and brisk walking, and 7 participants were unable to complete the fast walking 
bout. During each testing interval, the participants simultaneously wore a portable indirect 
calorimeter and the ActiGraph accelerometer.

Indirect calorimetry
The participants wore a Cosmed K4b2 portable indirect calorimeter (Cosmed, Rome, Italy). 
A detailed description of the Cosmed K4b2 is reported elsewhere [25]. The instrument 
weighed 1.5 kg, including the battery and its specially designed harness, which allowed it to 
be fitted securely to the participant. The Cosmed K4b2 uses a breath-by-breath gas exchange 
measurement system that has been validated by both the Douglas bag method [26] and the 
traditional, stationary gas exchange system [27]. Before starting each routine, the K4b2 
was warmed up for 30 min, followed by the calibration according to the manufacturer’s 
guidelines. After the room air calibration, the reference gas calibration was conducted using 
16% oxygen and 5% carbon dioxide. Next, a flow turbine was calibrated using a 3-liter syringe 
(Hans-Rudolph, Inc., Shawnee, KS, USA). A delay calibration was then performed to adjust 
the lag time between the expiratory flow measurement and the gas analyzers.

ActiGraph accelerometer
The ActiGraph accelerometer GT3X+ (ActiGraph, Pensacola, FL, USA) is a small (4.6 × 3.3 
× 1.5 cm), lightweight (19 grams), water-resistant tri-axial accelerometer. This monitor 
measures acceleration in the vertical, anteroposterior, and mediolateral planes. This has 
been validated in different studies [28-30]. Before each testing session, the ActiGraph was 
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initialized according to the manufacturer’s specifications, and the epoch length was set to 
10 s. The activity counts were scaled up to 1 min before applying the ActiGraph equations 
to calculate the EE and METs. During the measurements, the accelerometer time was 
synchronized with a digital clock to ensure synchronized data collection between the monitor 
and the K4b2 indirect calorimeter. The monitor was worn on the right waist using a nylon 
belt supplied by the manufacturer. During the activity time, researchers continuously verified 
that the belt tightly fitted the participant’s hip. At the end of each measurement session, 
ActiGraph data were downloaded to the computer for analysis.

Predictive equations
Eight predictive equations were assessed in this study, including 7 published equations 
and one proprietary equation. The details of these equations are provided in Table 1. The 
ActiGraph GT3X+, which is a triaxial accelerometer, was used for activity measurements. 
On the other hand, apart from the Freedson (2011) equation [31], which is based on vector 
magnitude (VM) activity counts, the remaining equations assessed in this study were 
developed using uniaxial accelerometers. The VM activity counts were applied to assess 
the accuracy of the Freedson (2011) equation [31]. In the case of the remaining equations, 
the vertical axis counts were applied to predict the subjects’ EE and METs. Studies have 
shown that the PA prediction equations developed using uniaxial ActiGraph accelerometers 
can be used with vertical axis activity counts from later versions of the triaxial ActiGraph 
accelerometers [31,32].

Activity intensity classification
Ainsworth et al. [37] used various research data on PA and compiled a compendium of 
different activities and their intensities as METs. A MET has been defined as the ratio of the 
work metabolic rate to a standard resting metabolic rate of 1 kcal (4.184 kJ)·kg−1·h−1 or 3.5 
mL(O2)·kg−1·min−1; 1 MET is considered the resting metabolic rate (RMR) obtained during quiet 
sitting [37,38]. In this study, the measured METs were calculated using the following equation: 
METs = VO2/3.5 mL·kg−1·min−1 [19]. Although many recent studies have shown that the 
standard RMR of 3.5 mL·kg−1·min−1 significantly differs from the measured RMR [15,39,40], 
this standard RMR was applied because all assessed equations were developed based on this 
approach. The focus of this study was not to assess the difference between the measured and 
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Table 1. ActiGraph prediction models assessed in the present study
Prediction model Age (yrs) Equation EE metric 

predicted
Freedson (1998) [33] Men: 24.8 ± 4.2 1.439008 + (0.000795 × cnts·min−1) METs

Women: 22.9 ± 3.8
Swartz (2000) [34] Men: 41.0 ± 17.0 2.606 + (0.0006863 × cnts·min−1) METs

Women: 42.0 ± 14.0
Yngve (2003) [35] Men: 23.7 ± 2.6 1.136 + (0.0008249 × cnts·min−1) METs

Women: 23.1 ± 2.6
Freedson (2011) [31] All: 26.9 ± 7.7 METs = 0.000863 × (VM3) + 0.668876 METs
Freedson (1998) [33] Men: 24.8 ± 4.2 (0.00094 × cnts·min−1) + (0.1346 BW) − 7.37418 kcal·min−1

Women: 22.9 ± 3.8
Brooks (2005) [36] Men: 40.0 ± 3.3 3.377 + (0.000370 × cnts·min−1) kcal·min−1

Women: 39.9 ± 2.8
Brooks(BM) (2005) [36] Men: 40.0 ± 3.3 (0.000452 × cnts·min−1) + (0.051 BM) − 0.774 kcal·min−1

Women: 39.9 ± 2.8
ActiGraph proprietary [18] Unknown 0.0000191 × cnts·min−1 × BW in kg kcal·min−1

Values are presented as mean ± SD.
EE, energy expenditure; cnts, activity counts; VM3, vector magnitude activity counts; BM, body mass; Brooks(BM), 
Brooks equation including body mass; BW, body weight.



standard RMR, but to evaluate the accuracy of the ActiGraph equations in the way they were 
developed and commonly used in different studies. Given that some of the equations assessed 
are based on the prediction of EE as kcal/min, the predicted EE was converted to the predicted 
METs before assessing the intensity classification accuracy based on concerned equations. 
Given that 1 L of oxygen consumed is approximately 5 kcal and considering the definition of a 
MET, the following formula was used to convert predicted kcal/min to the METs:

 METs = (kcal.min−1 × 200)/(3.5 × weight of participant in kg)

According to their MET values, the activities were classified in one of the 3 intensity 
categories (light activities, < 3 METs; moderate activities, 3–6 METs; vigorous activities, > 6 
METs) [37]. The activity intensity misclassification was defined as cases where for the same 
activity, the intensity category based on the measured METs differed from the category based 
on the predicted METs.

Data analysis
At the end of each participant’s visit, the data collected from the Cosmed K4b2 and ActiGraph 
were downloaded to the computer. Before analysis, the first 2 min of each bout were removed 
to minimize the error caused by the transition time between the participant’s rest and PA. 
The last 10 s were discarded to minimize the error in the synchronization between ActiGraph 
and Cosmed K4b2.

Statistical analysis was conducted using SPSS version 23.0 for Windows (SPSS Inc., Chicago, 
IL, USA). Descriptive statistics were used to summarize the participants’ data on the EE 
variables. A paired t-test was used to compare the predicted and measured EE and METs, and 
95% confidence intervals (CIs) were used to determine the significant differences. If the CI 
spanned 0, then there were no significant differences between the predicted and measured 
EE. The root mean square prediction error (RMSE) was used to assess the magnitude of 
the difference between the measured and predicted EE. The accelerometer accuracy in 
the activity intensity classification was assessed using the misclassification rate and was 
defined as the percentage of activities for which the assigned intensity category based on the 
measured METs differed from the category based on the predicted METs.

RESULTS

Characteristics of the participants
Table 2 lists the characteristics of the participants. Men were significantly taller than women 
(P < 0.05), but there were no significant differences between sexes regarding age, body 
weight, and BMI.
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Table 2. Characteristics of the participants
Characteristic All (n = 31) Men (n = 20) Women (n = 11) P-value
Age (yrs) 74.3 ± 3.3 74.7 ± 3.4 73.6 ± 3.3 0.3601)

Body weight (kg) 65.5 ± 10.5 68.1 ± 11.2 60.8 ± 3.3 0.0632)

Height (cm) 160.4 ± 8.1 164.2 ± 6.4 153.4 ± 5.8 < 0.0012)

Body mass index (kg·m−2) 25.4 ± 3.3 25.2 ± 3.6 25.9 ± 2.9 0.6002)

Values are presented as mean ± SD.
P-value obtained by using 1)Mann-Whitney U test or 2)independent t-test.



Accelerometer activity counts and energy cost of walking
Table 3 lists the results of accelerometry and EE measurements. The total number of 
expected observations was 248 (31 participants × 8 activities). On the other hand, some 
activities were not completed as planned because participants were unable to perform the 
tasks in case of too high speed of the treadmill, or the activities were eliminated because 
of errors in the instrument manipulation. Therefore, the final number of observations was 
237. Both the activity counts and metabolic data increased with increasing activity intensity 
during both treadmill and self-spaced walking. The lowest mean activity counts were 330.1 ± 
448.4 counts·min−1, which were observed from treadmill walking at 2.4 km·h−1. The highest 
number was 3,799.9 ± 1,446.6 counts·min−1, observed from fast self-paced hallway walking. 
The smallest mean EE of the participants was 3.7 ± 0.7 kcal·min−1 observed from leisurely 
walking, and the highest EE was 6.9 ± 1.2 kcal·min−1 observed from treadmill walking at 5.6 
km·h−1. The average measured activity intensity varied from 3.4 ± 0.5 METs for the self-paced 
leisurely walking to 6.2 ± 1.0 METs observed for treadmill walking at 5.6 km·h−1.

EE prediction bias
Table 4 presents the ActiGraph EE (kcal) prediction bias. All assessed equations 
underpredicted EE during treadmill walking and self-paced hallway walking. Across all 
activities, the Brooks equation had the lowest degree of underprediction (−1.0 kcal·min−1), 
while the Freedson (1998) equation [33] appeared to have the greatest underprediction 
(−1.8 kcal·min−1). This corresponded to a variation of the RMSE, which was the smallest 
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Table 3. Activity counts and energy cost of walking
Activity Activity counts (counts·min−1) Metabolic data

EE (kcal·min−1) METs
All activities 2,233.5 ± 1,471.9 5.3 ± 1.4 4.8 ± 1.3
Treadmill walking 1,872.2 ± 1,367.8 5.2 ± 1.3 4.8 ± 1.2

Walking at 2.4 km·h−1 330.1 ± 448.4 4.1 ± 0.7 3.8 ± 0.8
Walking at 3.2 km·h−1 1,011.9 ± 599.6 4.5 ± 0.8 4.2 ± 0.7
Walking at 4.0 km·h−1 1,846.4 ± 687.9 5.0 ± 0.8 4.6 ± 0.8
Walking at 4.8 km·h−1 2,751.9 ± 831.0 5.8 ± 1.0 5.3 ± 0.9
Walking at 5.6 km·h−1 3,527.5 ± 1,077.7 6.9 ± 1.2 6.2 ± 1.0

Self-paced walking 2,891.5 ± 1,433.6 5.3 ± 1.6 4.8 ± 1.4
Leisurely walking 1,633.8 ± 775.7 3.7 ± 0.7 3.4 ± 0.5
Brisk walking 3,422.6 ± 1,005.0 5.6 ± 1.0 5.2 ± 1.0
Fast walking 3,799.9 ± 1,446.6 6.8 ± 1.2 6.1 ± 1.0

Values are presented as mean ± SD.
EE, energy expenditure; MET, metabolic equivalent.

Table 4. ActiGraph EE (kcal·min−1) prediction bias
Activity No. of activities Brooks  

(kcal·min−1)
Brooks(BM)  

(kcal·min−1)
Freedson (1998) 

(kcal·min−1)
Manufacturer’s equation 

(kcal·min−1)
Bias (95% CI) RMSE Bias (95% CI) RMSE Bias (95% CI) RMSE Bias (95% CI) RMSE

All activities 237 −1.0 (−1.2, −0.9) 1.6 −1.7 (−1.8, −1.6) 2.0 −1.8 (−2.0, −1.6) 2.3 −1.2 (−1.39, −1.0) 2.0
Treadmill walking 153 −1.5 (−1.7, −1.3) 1.9 −1.8 (−2.0, −1.7) 2.1 −2.1 (−2.3, −1.8) 2.5 −2.9 (−3.1, −2.6) 3.2

Walking at 2.4 km·h−1 31 −0.6 (−0.9, −0.4) 0.9 −1.4 (−1.7, −1.2) 1.6 −2.4 (−2.9, −1.9) 2.7 −2.4 (−2.7, −2.2) 2.5
Walking at 3.2 km·h−1 31 −0.8 (−1.1, −0.5) 1.1 −1.5 (−1.8, −1.3) 1.7 −2.1 (−2.6, −1.7) 2.5 −2.0 (−2.4, −1.7) 2.3
Walking at 4.0 km·h−1 31 −0.9 (−1.2, −0.6) 1.2 −1.6 (−1.8, −1.3) 1.7 −1.8 (−2.3, −1.3) 2.2 −1.4 (−1.8, −0.9) 1.8
Walking at 4.8 km·h−1 31 −1.4 (−1.8, −1.0) 1.8 −2.0 (−2.3, −1.6) 2.2 −1.8 (−2.3, −1.2) 2.3 −1.0 (−1.6, −0.5) 1.9
Walking at 5.6 km·h−1 29 −2.2 (−2.7, −1.7) 2.6 −2.7 (−3.2, −2.2) 3.0 −2.2 (−2.8, −1.5) 2.8 −1.2 (−2.0, −0.4) 2.3

Self-paced walking 84 −1.7 (−2.1, −1.3) 2.4 −1.4 (−1.7, −1.2) 1.9 −1.2 (−1.6, −0.9) 1.9 −1.7 (−2.0, −1.4) 2.3
Leisurely walking 30 0.3 (0.0, 0.5) 0.7 −0.5 (−0.6, −0.3) 0.6 −0.9 (−1.3, −0.4) 1.4 −0.4 (−0.7, −0.1) 0.8
Brisk walking 30 −1.0 (−1.4, −0.6) 1.4 −1.6 (−1.9, 1.2) 1.8 −1.1 (−1.7, −0.5) 1.8 −0.1 (−0.7, 0.4) 1.5
Fast walking 24 −2.0 (−2.6, −1.4) 2.4 −1.3 (−3.1, −2.0) 2.8 −1.9 (−2.6, −1.1) 2.6 −0.8 (−1.7, 0.1) 2.3

EE, energy expenditure; RMSE, root mean squared prediction error; Brooks(BM), Brooks equation including body mass.



for the Brooks equation (1.6 kcal·min−1), and largest for the Freedson (1998) equation [33] 
(2.3 kcal·min−1). Concerning the individual activities, the smallest underprediction was 
observed in the case of the brisk self-paced walking using the manufacturer’s equation (−0.1 
kcal·min−1), and the largest underprediction was found with the Brooks(BM) equation (−2.7 
kcal·min−1), observed during treadmill walking at 5.6 km·h−1.

Activity intensity prediction bias
The Swartz equation showed the smallest underprediction value for all activities with a mean 
bias of −0.7 METs, and for individual activities with a bias of −0.2 METs observed in brisk 
self-paced hallway walking (Table 5). On the other hand, the largest underprediction was 
observed with the Yngve equation for all activities with an average bias of −1.8 METs and for 
individual activities with a bias of −2.4 METs observed during treadmill walking at 2.4 km·h−1. 
The average RMSE for all activities varied analogously with the intensity prediction bias; the 
smallest value was obtained from the Swartz equation, and the largest value was obtained 
from the Yngve equation (Table 5).

Activity intensity misclassification rates
Fig. 1 presents the rates of activity intensity misclassification by the different equations 
assessed in this study. Across all intensities, the misclassification rates ranged from 32% for 
the Swartz equation to 62% for the Yngve equation. All the models had the highest rates of 
misclassification in vigorous-intensity activities.

DISCUSSION

Different researchers have focused their attention on studying the relationship between PA 
and health [41,42]. In this context, accelerometers have become important tools for the 
objective measurement of PA and EE. On the other hand, most accelerometer predictive 
equations for EE have been developed using young and middle-aged populations. There is a 
limited number of validation studies in older adults. To the best of the authors’ knowledge, 
this was the first study to assess the accuracy of different accelerometer equations for 
predicting EE during walking activities in older adults. The main finding was that all the 
equations assessed underestimated the EE and METs in different walking activities in older 
adults. In addition, these equations were inaccurate for classifying the activities according to 
their intensities.

571https://doi.org/10.4162/nrp.2022.16.5.565

Energy cost of walking in older adults

https://e-nrp.org

Table 5. ActiGraph METs prediction bias
Activity No. Freedson (1998) (METs) Swartz (METs) Yngve (METs) Freedson (2011) (VM3; METs)

Bias (95% CI) RMSE Bias (95% CI) RMSE Bias (95% CI) RMSE Bias (95% CI) RMSE
All activities 237 −1.6 (−1.7, −1.4) 2.0 −0.7 (−0.8, −0.5) 1.3 −1.8 (−2.0, −1.7) 2.2 −1.7 (−1.8, −1.5) 2.1
Treadmill walking 153 −1.9 (−2.0, −1.7) 2.1 −0.9 (−1.1, −0.8) 1.3 −2.1 (−2.3, −2.0) 2.4 −2.0 (−2.2, −1.8) 2.3

Walking at 2.4 km·h−1 31 −2.1 (−2.4, −1.9) 2.2 −1.0 (−1.3, −0.7) 1.2 −2.4 (−2.7, −2.2) 2.5 −2.3 (−2.6, −1.9) 2.5
Walking at 3.2 km·h−1 31 −1.9 (−2.2, −1.6) 2.1 −0.9 (−1.2, −0.6) 1.2 −2.2 (−2.5, −1.9) 2.3 −2.1 (−2.4, −1.7) 2.3
Walking at 4.0 km·h−1 31 −1.7 (−2.0, −1.3) 1.9 −0.7 (−1.0, −0.4) 1.1 −1.9 (−2.2, −1.6) 2.1 −1.8 (−2.2, −1.5) 2.0
Walking at 4.8 km·h−1 31 −1.7 (−2.1, −1.2) 2.0 −0.8 (−1.2, −0.4) 1.4 −1.9 (−2.3, −1.5) 2.2 −1.8 (−2.2, −1.3) 2.1
Walking at 5.6 km·h−1 29 −2.0 (−2.6, −1.4) 2.5 −1.2 (−1.7, −0.7) 1.8 −2.2 (−2.8, −1.6) 2.6 −2.0 (−2.5, −1.4) 2.5

Self-paced walking 84 −1.1 (−1.3, −0.8) 1.6 −0.2 (−0.5, 0.1) 1.2 −1.3 (−1.6, −1.0) 1.8 −1.1 (−1.4, −0.8) 1.6
Leisurely walking 30 −0.7 (−0.9, −0.5) 0.9 −0.3 (−0.1, 0.5) 0.6 −0.9 (−1.1, −0.7) 1.1 −0.7 (−1.0, −0.5) 1.0
Brisk walking 30 −1.0 (−1.5, −0.5) 1.6 −0.2 (−0.7, −0.3) 1.2 −1.2 (−1.7, −0.7) 1.8 −1.1 (−1.5, −0.6) 1.6
Fast walking 24 −1.6 (−2.3, −1.0) 2.3 −0.9 (−1.5, −0.3) 1.7 −1.8 (−2.5, −1.1) 2.4 −1.6 (−2.3, −0.9) 2.2

MET, metabolic equivalent; RMSE, root mean squared prediction error; CI, confidence interval; VM3, vector magnitude activity counts.



The present study included the Freedson (1998) equations [33] for kcal and MET predictions. 
Similar to the other models assessed, the 2 equations underestimated the EE both on 
treadmill walking and in self-paced walking activities. This underprediction could be because 
the Freedson (1998) study [33] involved a limited number of activities, namely 4.8, 6.4, 
and 9.7 km·h−1 treadmill walking activities. In addition, these equations were developed in 
subjects aged 24.8 ± 4.2 yrs compared to our subjects aged 74.3 ± 3.3 yrs. Among the treadmill 
walking activities, the bias from the Freedson MET equation was −1.9 METs (95% CI, −2.0, 
−1.7). The extent of bias tended to be lower in the self-paced walking activities (bias, −1.1 
METs; 95% CI, −1.3, −0.8), compared to treadmill-based walking. More studies will be needed 
to confirm and understand the reason for this difference. Across all activities, the bias was 
−1.6 METs (95% CI, −1.7, −1.4).

In this study, the Swartz equation performed better than the Freedson METs model in 
treadmill walking activities (bias, −0.9 METs; 95% CI, −1.1, −0.8), in self-paced walking 
activities (bias, −0.2; 95% CI, −0.5, 0.1), and across all activities (bias, −0.7 METs; 95% CI, 
−0.8, −0.5). These results agree with Lyden et al. [19], who reported that the Swartz equation 
resulted in smaller MET bias than the Freedson MET model. This could be because the study 
to develop the Swartz equation [34] included both a large number of activities (2 walking 
activities and 26 lifestyle activities) and a wider range of participants’ ages (70 participants 
aged between 19 and 74 yrs).

In the present study, no single equation could accurately predict the activity intensity across 
all activities. In all prediction models, vigorous physical activities (VPA) were the most highly 
misclassified, with misclassification rates ranging from 79.5% for the manufacturer’s equation 
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Fig. 1. Activity intensity misclassification rates for the different ActiGraph prediction equations. 
BM, body mass; MET, metabolic equivalent.



to 100% VPA misclassified by the equation of Brooks(BM). Compared to other equations, the 
Swartz and Brooks models were characterized by a high rate of misclassifications for the light 
intensity physical activities (62% in the case of the Swartz equation and 62.5% for the Brooks 
equation). This appears to be related to the high y-intercept in the 2 prediction models, which is 
as high as 2.606 for the Swartz equation and 3.377 for the Brooks equation. On the other hand, 
the 2 equations had the lowest misclassification rates among the moderate-intensity activities 
(19% in the case of the Swartz equation and 17.9% in the case of the Brooks equation).

Previous studies in other age groups reported limitations in translating the activity counts 
into EE [19,43]. Crouter et al. [44] examined the validity of published regression equations 
designed to predict the EE from accelerometers (ActiGraph, Actical, and AMP-331) compared 
to indirect calorimetry measurements over a wide range of activities. The participants in their 
study were 24 men aged 36 ± 12.8 yrs and 24 women aged 35 ± 10.3 yrs. The results showed 
that no single regression equation worked well across a wide range of activities for predicting 
EE or time spent in light, moderate, and vigorous PA.

In another study, Lyden et al. [19] assessed the accuracy of the commonly used accelerometer 
EE and MET prediction equations in a large sample of 270 healthy men and women aged 
between 20 and 60 yrs. In agreement with these findings, their study showed that prediction 
equations did not yield accurate point estimates of EE across a broad range of activities, 
nor were they accurate in classifying activities across a range of intensities. However, 
compared to their study results, the present study observed higher rates of activity intensity 
misclassification, particularly among the VPA. This could be related to the participants’ age 
difference between the 2 studies, as the energy cost of physical activities has been reported to 
be higher in older people than in younger individuals [24,44,45].

Ortega and Farley [44] measured the metabolic rate while 10 elderly (aged 76 ± 4 yrs) and 
10 young subjects (aged 25 ± 4 yrs) walked at 5 speeds between 0.7 and 1.8 m·s−1. The study 
findings showed that the elderly subjects consumed an average of 20% more metabolic 
energy (P < 0.05) than younger subjects. Whitcher and Papadopoulos [24], who compared 
accelerometer activity counts and oxygen consumption in 16 young (21.3 ± 2.5 yrs) and 16 
elderly (66.6 ± 2.9 yrs) participants, in four 6-minute walking intensities ranging from 27 
to 94 m·min−1, reported a similar finding. The findings indicated that activity counts were 
similar between the age groups across the different walking speeds, while exercise oxygen 
consumption was significantly higher for the elderly group (P < 0.05). Mian et al. [45] 
observed similar results in a study that compared the cost of walking between 12 young (27 ± 
3 yrs) and older subjects (74 ± 3 yrs) during a treadmill walking exercise at 4 speeds (ranging 
from 0.83 to 1.67 m·s−1). The study found the cost of walking to be significantly higher in the 
older subjects than the younger subjects.

Consistent with the above studies, the activity-measured intensities were higher than the 
values for the same activities in the compendium of physical activities [37]. For example, 
walking at speeds of 2.4 and 3.2 km·h−1 were both classified as moderate-intensity physical 
activities (3.8 and 4.2 METs, respectively), while the compendium classified these activities in 
the light intensity category (with METs of 2 and 2.5, respectively).

This study was limited by the small sample size. In addition, only the equations using the 
ActiGraph accelerometer were assessed. Thus, additional studies should be conducted to 
confirm these findings with a larger sample size and using different types of accelerometers.
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In conclusion, the ActiGraph equations underestimated EE for different walking activities in 
older adults. In addition, these equations were inaccurate for classifying activities according 
to their intensities. The present study suggests a need to develop equations specific for 
predicting EE in older adults.
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