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Abstract
Accelerometers have been widely deployed in public health studies in recent years. While
they collect high-resolution acceleration signals (e.g., 10–100 Hz), research has mainly
focused on summarized metrics provided by accelerometers manufactures, such as the
activity count (AC) by ActiGraph or Actical. Such measures do not have a publicly available
formula, lack a straightforward interpretation, and can vary by software implementation or
hardware type. To address these problems, we propose the physical activity index (AI), a
new metric for summarizing raw tri-axial accelerometry data. We compared this metric with
the AC and another recently proposed metric for raw data, Euclidean Norm Minus One
(ENMO), against energy expenditure. The comparison was conducted using data from the
Objective Physical Activity and Cardiovascular Health Study, in which 194 women 60–91
years performed 9 lifestyle activities in the laboratory, wearing a tri-axial accelerometer
(ActiGraph GT3X+) on the hip set to 30 Hz and an Oxycon portable calorimeter, to record
both tri-axial acceleration time series (converted into AI, AC, and ENMO) and oxygen
uptake during each activity (converted into metabolic equivalents (METs)) at the same time.
Receiver operating characteristic analyses indicated that both AI and ENMO were more
sensitive to moderate and vigorous physical activities than AC, while AI was more sensitive
to sedentary and light activities than ENMO. AI had the highest coefficients of determination
for METs (0.72) and was a better classifier of physical activity intensity than both AC (for all
intensity levels) and ENMO (for sedentary and light intensity). The proposed AI provides a
novel and transparent way to summarize densely sampled raw accelerometry data, and
may serve as an alternative to AC. The AI’s largely improved sensitivity on sedentary and
light activities over AC and ENMO further demonstrate its advantage in studies with older
adults.
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Introduction
Accelerometers are now commonly used to measure physical activity, and are embedded both
in research and commercial devices [1–6]. Fig 1 provides a conceptual analytic framework for
accelerometer data in physical activity studies. While most modern accelerometers collect
high-resolution signals (e.g., 10–100 Hz), the most commonly used data output consists of
summary measures over user-defined epochs (e.g., 1 minute). These measures are obtained by
processing raw data using software developed by device manufacturers (see the panel “DATA
TYPES” in Fig 1). For example, both ActiGraph GT3X+ (ActiGraph, Pensacola, FL) and Actical (Phillips Respironics, Bend, OR) software use proprietary algorithms to calculate an “activity count” (AC)[2,7], but the two AC are not equivalent. Thus, AC has become an umbrella
term for a large number of proprietary algorithms, which leads to widespread confusion
among health researchers. Summary measures, such as AC, have been widely used either
directly as a measure of physical activity volume or intensity, or indirectly as a predictor of
energy expenditure (see analysis pathways (c), (d), (e), (f) in Fig 1) [8–13].
The main reason for using such summary measures is that traditionally they were the only
output of research-grade accelerometers. An important area of research is concerned with
establishing the connection between summary measures of accelerometry and standard measures of physical activity intensity (metabolic equivalents (MET)) and physical activity volume
(MET-min) (see review [14]). One goal of that research is to translate accelerometry summaries into physical activity intensity categories: sedentary, light, moderate, and vigorous activity.
Thus, there are many calibration studies designed to identify the cut-points for physical activity
counts that correspond to intensity categories [12,15–19], as well as studies designed to translate count data into METs and caloric expenditure [1,20,21].
More recently, high-resolution raw accelerometry data has become available on
various devices, including on the ActiGraph GT3X+ and GENEActiv (Activinsights Ltd,

Fig 1. A general framework for accelerometer-related studies. The left panel illustrates two general data types: raw data and summary
measures. The right panel shows 4 common research interests. The mid panel contains 6 common analysis pathways between the data and
the research interests.
doi:10.1371/journal.pone.0160644.g001
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Cambridgeshire, UK) accelerometers. Rather than relying on manufacturer software, researchers have started to develop new analytic approaches for the raw data. Of particular interest has
been physical activity type recognition (pathway (a), [22–27]) and energy expenditure or MET
prediction (pathway (b), [26,27]) using statistical and machine learning approaches. However,
little research has been focused on developing an explicit, open-source, and reproducible summary metric based on raw data as an alternative to existing metrics (e.g., AC). The need for
such measures is central to physical activity research, as current definitions of AC are proprietary and device- and software-specific [7,28]. A transparent and publicly available summary
metric derived from raw data has the potential to allow comparisons of results across studies
that use different accelerometers, improve translation among studies, and allow a more uniform interpretation of results.
Two notable summary metrics based on raw accelerometry data are Activity Intensity (AI0)
by Bai et al. [28] and Euclidean Norm Minus One (ENMO) by van Hees et al. [29]. The AI0
measures the amplitude of the raw accelerometry signal relative to its amplitude distribution at
rest, while ENMO is the vector magnitude of raw signals after removing 1g (one Earth standard
gravitational unit). Both AI0 and ENMO are designed to quantify the magnitude of acceleration during a given epoch. AI0 has a publicly available formula and clear interpretation. However, its reliance on the choice of inactive periods and a threshold for systematic noise make it
relatively difficult to implement in large studies. ENMO was also reported to be highly associated with physical activity energy expenditure [29,30], but it was not directly compared with
AC. In this paper, we propose a new physical activity index (AI), which substantially improves
AI0 by reducing its reliance on identifying all rest periods, making it rotationally invariant, and
ensuring the consistency of definition across time domains. We show that AI outperforms
both AC and ENMO in terms of prediction of physical activity energy expenditure and classification of physical activity intensity.

Materials and Methods
Participants
The Objective Physical Activity and Cardiovascular Health (OPACH) Study is an ancillary
study of the Women’s Health Initiative 2010−2015 Long Life Study. The OPACH included a
calibration sub-study, where 200 women aged 60 to 91 years old were invited to participate in
one laboratory session to calibrate accelerometry counts to energy expenditure. This sub-study
was approved by the Institutional Review Boards from each data collection site and by the
Women’s Health Initiative Clinical Coordinating Center. Participants were asked to visit the
study clinic site where they signed an informed consent form and completed a brief
questionnaire.

Accelerometry
ActiGraph GT3X+, a tri-axial accelerometer, was used in OPACH to measure physical activity.
It was set to collect 30 Hz raw acceleration time series (x, y and z axes). GT3X+ features an
“idle sleep mode” [31], which means when an internal algorithm detects no movement for 10
consecutive seconds, the last sampled raw acceleration value during the 10th second is repeated
infinitely until movement is detected by the algorithm again. The ActiLife 6 companion software could then calculate axis-specific AC (ACx, ACy and ACz for 3 axes) and the AC Vector
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Magnitude ( ACx2 þ ACy2 þ ACz2 , which is the square root of the sum of square of the axis-speciﬁc AC) using the raw acceleration time series. The AC Vector Magnitudes are referred to as
AC in the rest of this manuscript. An optional data processing procedure called “Low
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Frequency Extension (LFE)” [32] was also implemented while calculating AC. This is a variation on the AC measurement designed to improve AC’s sensitivity to sedentary and light activities [33]. AC with and without LFE were both calculated and used in this paper.

Data collection
The participants performed several standardized tasks while simultaneously wearing an accelerometer, a heart rate monitor, and a portable indirect calorimeter to measure oxygen uptake.
The hip-worn accelerometer was placed at the iliac crest and secured with a belt. Oxygen
uptake (VO2) and heart rate were measured continuously during the physical activity tasks
using the Oxycon Mobile (CareFusion, Rolle, Switzerland), a portable, battery operated,
breath-by-breath metabolic unit.
The tasks of the calibration study were selected to vary in intensity from sedentary to moderate intensity in older women. Women provided Borg ratings of perceived exertion (RPE)
[34] for each task to ensure level of effort did not exceed moderate-intensity. With the exception of treadmill walking at different speeds, participants rested  2 minutes between activities
so that heart rate could return to within 10 beats/minute of resting heart rate. Simultaneous
measurements of accelerometer counts, heart rate, and VO2 were recorded during the entire
period for each physical activity. The duration of tasks was chosen to achieve steady rate
metabolism for measurement of task-specific oxygen uptake. The participants performed tasks
in the following order: watching DVD while sitting quietly (alias: DVD), assembling puzzle
while sitting (alias: PUZZ), washing dishes while standing (alias: DISH), doing laundry while
standing (alias: LAUD), 400-meter walking (alias: WALK), dust mopping while standing (alias:
MOP), treadmill walking at 1.5mph (alias: TM15), and treadmill walking at higher speed,
either 2.0mph (alias: TM20) or 2.5mph (alias: TM25) depending on the RPE. Determination of
a 2.0 mph vs. a 2.5 mph pace for the second walking stage was based on participant’s RPE after
5 minutes into the 1.5 mph walk. At this point, women reporting a RPE of  11 walked at the
2.5 mph pace, while those reporting a RPE of 12−14 walked at the 2.0 mph pace. Women with
a RPE >14 did not continue with the faster paced treadmill walk.
In the rest of the paper, the physical activity types are referred to by their aliases. The raw
accelerometry data were used to compute AI and ENMO. The VO2 was converted to average
energy expenditure during each activity in METs, by dividing the oxygen intake by 3.5 mL/
(kgmin). In addition, standard measurements such as weight, height and blood pressure were
taken during the laboratory visit. More details about these measurements and protocol can be
found elsewhere [19].

The new Activity Index
Raw accelerometer data measure total acceleration from both device movement and gravity;
the latter of which is always 1g downward. As previously reported [28], the variability of raw
acceleration signals (standard deviation or variance) in short epochs (e.g., 1 second) removes
gravity and provides a summary measure of movement intensity. The standard deviation captures the magnitude of the signals’ oscillation. When the frequency of such oscillation increases
(e.g., when the accelerometer wearer switched from walking to running), the standard deviation can detect the increased variability of the signals, while the mean may not change accordingly. Thus, we chose to use the variance of raw accelerometry data along the three axes as
building blocks to construct the proposed metric.
Specifically, let s2im ðt; HÞ denote the variance of participant i’s acceleration signals along axis
m (m = 1,2,3) in the window of length H starting at t. We then aggregate the variability of three
axes by taking their sum, s2i1 ðt; HÞ þ s2i2 ðt; HÞ þ s2i3 ðt; HÞ. The sum was normalized using the
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 2i ¼ s2i1 þ s2i2 þ s2i3 , so that it yields zero values when the
systematic noise variance denoted by s
2
 i depends on the accuracy of the device and can be calculated using raw
device is not moving. s
data in periods while the accelerometer is not moving. Speciﬁcally, s2im (m = 1,2,3) is the average of fs2im ðt; HÞ; t 2 T i g where T i stands for collection of time points t when the accelerometer is not moving. The proposed Activity Index, AIiABS ðt; HÞ; for an epoch of length H starting
at time t is deﬁned by
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
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3
X
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 2i ; 0 :
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AIiABS ðt; H Þ ¼ tmax
3 m¼1 im
The AI captures the variability of device acceleration in excess of systematic noise and has
the same unit as “g”.
In practice, we found that the AI is typically in a narrow range, as expressed in unit of “g”,
especially for sedentary to light activities. To enhance interpretability, we also present a modified version of AI on a relative scale. Specifically, we further standardize the AI using the sys 2i ,
tematic variance s
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
(
) !ﬃ
u
3
2
2
X
u
i
1
sim ðt; HÞ  s
;0 ;
AIiREL ðt; H Þ ¼ tmax
ð2Þ
 2i
3 m¼1
s
so that an AI value of 1 is equivalent to the smallest amount of variability detectable by the
device. The values of the relative scale AI spread in a wider range similar to AC, and might be
preferred by some researchers. For studies that utilize the same accelerometry device for all
participants, two versions of the AIs are directly proportional, with the constant of proportion 2i , so their performances are equivalent. In the application to the OPACH study,
ality equal to s
we reported results using the relative scale AI in the application for ease of presentation and
interpretation. Detailed deﬁnitions of all these quantities are provided in the Supporting
Information.
The newly proposed AI has three desirable properties: ease of implementation, additivity,
and rotational invariance. As these properties hold for AI in both absolute and relative
scale, we denote the new AI as AIinew ðt; HÞ regardless of its scale. With an explicit formula,
AIinew ðt; HÞ could be implemented in a computationally efﬁcient way for large epidemiology
studies with tens of thousands of participants wearing accelerometers. For additivity,
we deﬁned the second-by-second AIinew ðt; Hs Þ to be the ﬁnest level for computing AI,
where Hs was the window size for one second. Any aggregated AI (e.g., 1-minute AI or
AIinew ðt; 60Hs Þ) was obtained by summing up all the adjacent 1-second AIs within that period
P60
(e.g., AIinew ðt; 60Hs Þ ¼ s¼1 AIinew ðt þ s  1; Hs Þ). Rotational invariance means that the AI
summarizes the magnitude of movement over three axes, regardless of whether the orientation
of the device.
These properties are described in the discussion, while the technical details and proofs are
included in the Supporting Information. Note that although previously proposed AI0 [28] was
also based on standard deviation of acceleration signals, it had several drawbacks and did not
possess the three properties discussed above. Specifically, AI0 requires a participant-specific
tuning parameter for the metric normalization, while AI only requires a device- or study-specific tuning parameter. Unlike AI, AI0 does not guarantee rotational invariance because it combines variability from 3 axes using the sum of standard deviations instead of the sum of
variances. More details on the difference between AI and AI0 is included in the Supporting
Information.
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Statistical analysis
Data processing. Among 200 women from the OPACH calibration study, 194 had complete
raw accelerometry data available, which were used in our analysis. Second-by-second AI was computed for each participant during each physical activity. Due to the “idle sleep mode” of the ActiGraph, the 10-second periods in the beginning of the selected non-wear (idle) periods were used to
 i for 10 participants and found them to be very close to each other.
 i . We calculated s
estimate s
 i across different participants (or essentially, devices) allowed us to combine
Such consistency of s
PI
 , second-by-sec i =I, which was a study-speciﬁc systematic variation. Using s
 ¼ i¼1 s
them into s
ond AIinew ðt; Hs Þ was computed for Participant i at time t. Second-by-second ENMO was computed
ﬃ
i
o
n
h qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
P3

2

1
¼
1;
2;
.
.
.
;
H
fX
ðt
þ
s

1Þg
during
by calculating the average of max 0;
s
m
s
m¼1
each one-second window [t,t + Hs − 1] [30], where X1(t), X2(t) and X3(t) are the raw acceleration
signals of each axis and Hs is the window size for one second. The corresponding AC and AC with
LFE at each second were computed using the ActiLife software.
Directly comparing AI, AC and ENMO. Second-by-second AI, AC, and ENMO measurements were compared using different approaches. First, scatterplots of AI versus AC, and
AI versus ENMO, for randomly selected participants were explored. Second, for each of AI,
AC, AC (LFE), and ENMO, a boxplot of pooled metrics across all participants was generated
for all 9 physical activities. Third, receiver operating characteristic (ROC) analyses were conducted to assess and compare the performance of AI, AC and ENMO in distinguishing different activity types. More specifically, we illustrated comparisons with examples of 4 pairs of
activities: DVD vs. DISH, DVD vs. LAUD, DVD vs. PUZZ and WALK vs. MOP. The area
under the ROC curves (AUC) was used to evaluate the prediction performance of each measurement, as it represents the accuracy of the test to discriminate between two samples, with
values significantly greater than 0.5 indicating better discrimination than by chance alone.
Comparing MET prediction performance of AI, AC and ENMO. We compared AI, AC,
and ENMO in terms of their predictive performance of energy expenditure, as measured by a
portable indirect calorimeter in METs. Median METs during each activity were analyzed
together with median AI, AC, and ENMO during each activity type. Scatterplots of AI, AC,
and ENMO versus METs were used for visual inspection of these associations, with Pearson
correlation coefficients reported. We also evaluated the performance of AI, AC, and ENMO
when differentiating between activities of different intensities as defined by thresholds on
METs. Sedentary behaviors were defined as those with MET< 1.5, light activities as those with
MET2 [1.5,3) and moderate-to-vigorous activities as those with MET 3. AUC was used to
compare the prediction performance of these metrics to distinguish between activities performed at different levels of energy expenditure.
Software. AC and AC (LFE) were computed using ActiLife (version 6.11.8; ActiGraph,
Pensacola, FL). AI and ENMO computation, as well as the statistical analysis were performed
in R (version 2.15.3; R Foundation for Statistical Computing, Vienna, Austria). The R package
for AI computation is available on GitHub (https://github.com/javybai/ActivityIndex).

Results
Summary statistics
The 194 women used in our analysis had a mean age of 75.4 years (standard deviation 7.7),
with 21.6% (n = 42) between 60–69 years, 44.8% (n = 87) between 70–79 years, 31.4% (n = 61)
between 80–89 years, and 2.1% (n = 4) between 90–91 years. For body mass index, the participants were evenly distributed across normal weight, overweight, and obesity categories (n = 68,
60 and 63, respectively), while 3 participants were underweight.

PLOS ONE | DOI:10.1371/journal.pone.0160644 August 11, 2016

6 / 14

An Activity Index for Raw Accelerometry Data

Table 1. Summary Statistics of AI, AC, AC (LFE), and ENMO of each activity.
Activity Type

Number of Participants

AI (1 sec) Mean (SD)

AC (1 sec) Mean (SD)

AC (LFE*) (1 sec) Mean (SD)

ENMO* (1 sec) Mean (SD)

DVD*

194

0.61 (3.03)

0.42 (5.06)

0.53 (5.35)

0.001 (0.004)

PUZZ*

193

5.20 (5.69)

2.21 (9.20)

3.39 (10.04)

0.001 (0.004)

DISH*

194

9.33 (7.66)

4.53 (12.29)

6.43 (13.17)

0.002 (0.007)

LAUN*

194

13.53 (9.73)

12.15 (19.79)

15.38 (20.19)

0.002 (0.006)

MOP*

193

25.57 (13.55)

29.69 (25.22)

33.73 (24.66)

0.011 (0.015)

WALK*

190

61.88 (19.78)

43.49 (19.41)

48.06 (18.94)

0.073 (0.033)

TM15*

171

41.62 (10.37)

24.61 (16.15)

29.80 (15.41)

0.041 (0.018)

TM20*

53

49.30 (13.30)

31.02 (19.45)

36.18 (18.75)

0.052 (0.021)

TM25*

90

63.60 (15.08)

42.02 (15.59)

46.62 (15.19)

0.076 (0.025)

*Abbreviations: Activity count, AC; Activity Index, AI; 400-meter walking, WALK; assembling puzzle while sitting, PUZZ; doing laundry while standing, LAUD;
dust mopping while standing, MOP; Euclidean Norm Minus One, ENMO; Low Frequency Extension, LFE; treadmill walking at 1.5mph, TM15; treadmill
walking at 2.0mph, TM20; treadmill walking at 2.5mph, TM20; washing dishes while standing, DISH; watching DVD while sitting quietly, DVD.
doi:10.1371/journal.pone.0160644.t001

Summary statistics (mean and standard deviation) for AI, AC, AC (LFE), and ENMO from
the study are shown in Table 1. For sedentary, light, and moderate activities, the mean of AI
and both ACs increased in the order of the energy cost of the activities: DVD, PUZZ, DISH,
LAUN and MOP. However, the mean ENMO for the first four activities were similar, suggesting that ENMO may underperform the other metrics in terms of distinguishing between types
of sedentary and light activities. For the three treadmill walking speeds, all metrics performed
as expected, increasing as the speed increased from 1.5mph to 2.5mph. However, the ratio of
the mean divided by the standard deviations of ENMO and both ACs were substantially larger
than that of AI for each activity, indicating smaller heterogeneity for AI.

Directly comparing AI, AC and ENMO
Fig 2 displays second-by-second scatterplots of AI (y-axis) versus AC (x-axis) (Fig 2A) and AI
(y-axis) versus ENMO (x-axis) (Fig 2B) for a randomly selected participant. The dots were

Fig 2. Scatterplots of Activity Index (AI, y-axis) versus activity count (AC, x-axis) (A) and AI (y-axis) versus Euclidean Norm Minus One (ENMO,
x-axis) (B) for a randomly selected participant. Each point representing activity summery metrics in a 1-second interval. The points were rendered
in different colors to represent different activity types. A random sample of 100 seconds were shown for each activity to reduce over-plotting.
doi:10.1371/journal.pone.0160644.g002
PLOS ONE | DOI:10.1371/journal.pone.0160644 August 11, 2016
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Fig 3. Comparison of the boxplots of Activity Index (AI), activity count (AC), AC with Low Frequency Extention (LFE) and Euclidean
Norm Minus One (ENMO) during different types of activities. Outliers outside of the upper and lower whiskers are omitted. Each type of
summary metric from all the participants were pooled together and plotted according to the type of activity.
doi:10.1371/journal.pone.0160644.g003

rendered in different colors to distinguish among different activity types (one color per activity). To reduce over-plotting, we randomly sampled 100 seconds from each activity and only
displayed the AI, AC and ENMO during these sampled seconds. The figure shows that ACs
and ENMOs were often equal or very close to 0 for sedentary behaviors such as DVD and
PUZZ. For light intensity activities including DISH and LAUN, AC displayed a wide spread in
the range 0–60 with many zero values, while AI values were mostly nonzero and tended to be
more clustered for each activity type. ENMO was highly correlated with AI for moderate activities (MOP, WALK, TM15, TM20 and TM25).
Fig 3 illustrates the distribution of AI, AC, AC (LFE), and ENMO (after pooling all participants) for each activity. It confirmed that both AC and ENMO (Fig 3B and 3D) had values
very close to 0 for sedentary and light activities (such as DVD, PUZZ, DISH, and LAUN).
Though LFE increased AC’s sensitivity to sedentary and light activities (Fig 3C), there were still
substantial zero counts for DVD, PUZZ, and DISH (with median close to zero). In contrast, AI
in Fig 3A displayed distributions that were more separable for different activities, as the median
AI values increased with activity intensity. For high light to moderate intensity physical activities, such as 400-meter walking and treadmill walking, the values of all four metrics were more
concentrated and increased with gait speed. These observations implied that AI provides summary metrics for raw accelerometry signals that are more likely to be distinguishable among
activities.
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Fig 4 displays the four ROC plots of distinguishing various types of sedentary to light activities using AI, AC and ENMO. The solid, purple dashed, orange dashed, and dotted curves were
ROC curves of AI, AC, AC (LFE), and ENMO, respectively. The dashed and dotted curves in
Fig 4A and 4C were closer to the diagonal line (equivalent to a random guess classifier), while
the corresponding solid curve was much higher overall. It indicated that neither AC nor
ENMO could effectively differentiate DVD from DISH or PUZZ (AUC smaller than/close to
0.50), whereas AI performed much better with an AUC greater than 0.90. The predictive performance of AC and ENMO increased with METs (in the order of PUZZ, DISH and LAUD),
but AI had substantially higher AUCs in all cases. In general, AC with LFE had greater AUC
than both AC without LFE and ENMO, corresponding to better predictive performance for
sedentary and light activities (Fig 4A, 4B and 4C). Fig 4D displays the performance of AI and
AC for a pair of moderate to vigorous physical activities (MVPA), MOP versus WALK. For
this pair of activities of the prediction performance of AC with and without LFE was very close
(AUCs ~ 0.70–0.71). This suggests that LFE enhanced the prediction performance of AC for
sedentary to light activities but not for moderate activities. AI and ENMO out-performed both
versions of AC in this case, with an AUC of 0.93 and 0.95, respectively. Fig 4 confirmed that AI
provided most distinguishable summary metrics for activities at every level of activity intensity,
while AC and ENMO performed well only for MVPA. In addition, ENMO performed as well
as AI for MVPA.

Fig 4. The “receiver operating characteristic” (ROC) curves for distinguishing four pairs of activity types, using Activity Index (AI, solid
curves) or activity count (AC, dashed curves in different color for AC with and without Low Frequency Extension (LFE)) or Euclidean
Norm Minus One (ENMO, dotted curves), respectively. The corresponding area under the curve (AUC) of each ROC curve is given in the
legend section.
doi:10.1371/journal.pone.0160644.g004
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Fig 5. Scatterplots of metabolic equivalents (METs) versus Activity Index (AI) (A), activity count (AC) (B), AC with Low Frequency Extension
(LFE) (C) and Euclidean Norm Minus One (ENMO) (D). MET is on x-axis for all four plots, while AI, AC, AC (LFE) and ENMO are on the y-axis in
(A), (B), (C) and (D), respectively. Each point in the figure represents a participant's median METs during a certain activity (rendered in different
colors) versus the median AI, AC or ENMO while he/she was performing the same activity.
doi:10.1371/journal.pone.0160644.g005

Comparing MET prediction performance of AI, AC and ENMO
Fig 5 shows scatterplots of METs versus four metrics: AI, AC, AC (LFE) and ENMO. The
METs were positively correlated with all four metrics, with coefficients of determination (R2)
values of 0.72, 0.54, 0.59 and 0.62 for AI, AC, AC (LFE) and ENMO, respectively. Although the
ACs and ENMOs were correlated with METs, they were close to 0 for DVD, DISH and PUZZ,
while ENMO was close to 0 even for LAUN. In contrast, the MET values for these activities
were different, suggesting that ENMO and AC may underperform in terms of predicting low
intensity activities. The AC (LFE) exhibited slightly improved sensitivity to sedentary and light
activities. In contrast, AI tracked the increase in METs much closer for all activities.
ROC analyses were conducted to further quantify these findings. Fig 6 provides the ROC
curves of AI, AC (with and without LFE) and ENMO to classify activity intensity categories
such as sedentary (<1.5 METs), light (1.5−3 METs) and MVPA (>3 METs). AI performed better than AC for all activities, while ENMO had slightly worse performance than AC for sedentary and light activities (Fig 6B and 6C, with AUC 0.85 v.s. 0.86 and 0.74 v.s. 0.75). ENMO
performed very well when differentiating MVPA and other activities (Fig 6C), with a AUC
comparable to that of AI (0.97 v.s. 0.96). The predictive performance of both versions of AC
and ENMO was better for MVPA versus light activities (Fig 6A) than light versus sedentary
activities (Fig 6C). This indicates that both AC and ENMO are severely limited as classifiers of
sedentary and light activities. The AC (LFE) performed better than AC for distinguishing
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Fig 6. The “receiver operating characteristic” (ROC) curves of Activity Index (AI), activity count (AC), AC with Low Frequency Extension (LFE)
and Euclidean Norm Minus One (ENMO) to predict whether metabolic equivalents (MET) is smaller or greater than 3 (A) and 1.5 (B), and whether
MET is bigger than 1.5 but smaller than 3 (C). The ROC curves for AI, AC and ENMO are solid, dashed and dotted, respectively, while AC with
and without LFE are rendered in purple and orange. The corresponding area under the curve (AUC) of each ROC curve is given in the legend
section.
doi:10.1371/journal.pone.0160644.g006

between sedentary and light activities (AUC increased from 0.75 to 0.85 in Fig 6C). The AUC
for predicting light versus MVPA was about the same for AC with and without LFE (both 0.92
in Fig 6A). This indicated that LFE does not substantially improve the predictive performance
of AC for MVPA.

Discussion
We proposed AI, a new metric of physical activity based on high-resolution raw accelerometer
data. The AI has several desirable properties including transparency, ease of deployment, additivity, and rotational invariance. The new metric was compared to the established AC (with
and without LFE) and ENMO using laboratory data from 194 women 60−91 years of age in the
OPACH Study. We found that the AI was the best in distinguishing among various types of
physical activities across different intensity levels. AI had the best overall performance in terms
of predicting energy expenditure expressed in METs, and had better predictive performance
for classifying an epoch into various physical activity intensity categories.
 i for AI computation is determined using a pre-annotated “nonAs the systematic noise s
wear period”, AI could be implemented in large epidemiology studies with low effort. The nonwear periods may be obtained in various ways. First, participants could report non-wear periods. Second, data could be collected while accelerometers are placed on a desk, before being
 i , are accelerometer-speciﬁc, instead of
used in the study. In this case, the standard deviations, s
 i needs to be computed for each accelerometer used
participant-speciﬁc. Therefore, only one s
 i can be used for all participants who use the same accelerometer.
in the study, and the same s
Third, a published algorithm [35,36] could be used to identify non-wear periods. Moreover, as
 i , into a “study-spein our data analysis, we could further combine all the standard deviations, s
 , and use this single parameter throughout a study. As long as s
 i 's
ciﬁc” standard deviation, s
are not very different across accelerometers, this approach is reasonable. A simple histogram of
 i can indicate whether the assumption is valid in the study and could identify miss-calibrated
s
accelerometers.
The additivity and rotational invariance are both desired measurement properties that
define the new AI as a proper physical activity measure. AI is additive in the sense that AI

PLOS ONE | DOI:10.1371/journal.pone.0160644 August 11, 2016

11 / 14

An Activity Index for Raw Accelerometry Data

values in different epochs can be added to provide an aggregated AI that is consistent across
resolutions. Additivity is an important self-consistency feature, as it ensures that AI is comparable and generalizable across studies. For instance, if Study A suggests that people use 30 AI
per second as the cut-off for light intensity and moderate intensity activities, it is equivalent to
suggest 30 × 60 = 1800 AI per minute as the cut-off in Study B that calculates AI per minute.
Moreover, AI’s rotational invariance guarantees it remains unchanged while the participant is
performing the same type of physical activity with a rotated accelerometer placed at the same
location on the body. This property is crucial in practice. In many studies that collect free-living data the device can rotate or tilt when they are being equipped or during the data collection.
Our proposed AI theoretically guarantees rotational invariance and reduces noise and bias due
to rotation in practical applications. We expect that this will translate in better robustness to
rotations and small changes in location on the body.
Although summary measures like AI, AC, and ENMO do not retain all the information in
the raw data, analyses based on these metrics should remain a major part of research, due to
the substantially reduced data size and explicit interpretation. Fig 1 indicates that the majority
of analysis pathways rely on summary measures. Our proposed AI is an open-sources alternative to the popular AC for summarizing the raw data, which is a crucial bridge between the raw
data and summary measures. To demonstrate AI is indeed a better method than others to summarize raw data, we showed the AI yielded to more distinct values than AC and ENMO based
on the raw data of different activities. AI was also more highly correlated with METs than AC
and ENMO, and performed much better while used to classify activities of different intensity
categories. Both Evenson et al. [19] and our study showed that although ActiGraph attempted
to improve AC using LFE to better capture low-amplitude movement [37], the improvements
over standard AC are modest. ENMO is another important open-source summary metric for
raw accelerometry data, but was proved to be outperformed by AI for sedentary and light activities. We contend that replacing or complementing AC with AI would provide much-needed
transparency for raw data processing and will greatly enhance the characterization of sedentary
and light activity.
While the comparison of AI with other metrics was conducted using data from a group of
older women, AI’s advantage over AC and ENMO is not limited to this population. Indeed, the
approach summarizes information contained in the acceleration time series data, which are
independent of population characteristics. While we have demonstrated that AI outperforms
AC and ENMO in terms of quantifying sedentary and light activities, it also performs better
(than AC) or equally well (as ENMO) for MVPA. Therefore, while populations of other ages
also perform activities in these four intensity categories and produce similar acceleration time
series, we expect that, in those cases, AI will still have better performance at least for sedentary
and light activities. Future studies on youth and young adults, employing a range of physical
activity intensities, can explicitly test this.
Our work has several potential limitations. For example, only one type of accelerometer, the
ActiGraph GT3X+, was considered in this study. It remains an open problem to compare the
AI collected from other devices, though we expect consistent results for well-calibrated accelerometers. Shaker studies or studies using several devices simultaneously could be conducted to
answer this type of question. Another limitation is that we only investigated data from hipworn accelerometers. As many current studies have moved towards wrist-worn accelerometers
to improve compliance, it is important to understand how AI performs for wrist-worn accelerometers. A final noteworthy limitation is our focus on women age 60 years and older. Exploration in other samples is warranted. Nevertheless, the proposed AI provides a novel and
transparent way to summarize densely sampled raw accelerometry data, and may serve as an
alternative to AC.
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