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Abstract
Accelerometers are person-worn sensors that provide objective measurements of
movement based on minute-level activity counts, thus providing a rich framework
for assessing physical activity patterns. New statistical approaches and computational
tools are needed to exploit these densely sampled time-series data. We implement a
functional principal component mixed model approach to ascertain temporal activity
patterns in 578 overweight women (60% cancer survivors) and summarize individ-
ual patterns with unique personalized principal component scores. We then test if
these patterns are associated with health by performing multiple regression of health
outcomes (including biomarkers, namely, insulin, C-reactive protein, and quality of
life) on activity patterns represented by these scores. Our model elucidates the most
important patterns/modes of variation in physical activities. Results show that health
outcomes including biomarkers and quality of life are strongly associatedwith the total
volume, as well as temporal variation in activity. In addition, associations between
physical activity and health outcomes are not modified by cancer status. Our findings
suggest that employing a multilevel functional principal component analysis approach
can elicit important temporal patterns in physical activity. It further allows us to study
the relationship between health outcomes and activity patterns, and thus could be a
valuable modeling approach in behavioral research.
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1 Introduction

Physical inactivity and sedentary behavior are recognized risk factors formany chronic
diseases [2,3,25,26], driving research on levels of physical activity needed tomaintain a
healthy lifestyle and prevent disease. Accuratemeasurement of physical activity is crit-
ical for designing and implementing interventions aimed at modifying this important
behavior. Accelerometers, person-worn sensors that measure physical activity based
on activity counts derived from accelerations, have become the norm in physical activ-
ity measurement. Use of accelerometers has many advantages, the most commonly
cited of which is that they may be less prone to the biases associated with self-report
[18,22]. A less recognized advantage is that accelerometers record minute-level (or
even second-level) activity, and hence provide a rich and objective framework for
analyzing physical activity patterns.

The majority of research utilizing accelerometers has focused on aggregate or
summary statistics such as daily average activity or weekly percentage of seden-
tary/vigorous activity. While aggregate levels may provide a measure of average
habitual physical activity, there is also much to be gleaned from a more thorough anal-
ysis of temporal activity patterns throughout the day. Analysis of these patterns would
potentially allow a more refined understanding of the implications of the circadian
rhythms of exercise for health, and possibly identify critical windows-of-opportunity
for intervening to increase physical activity or reduce sedentary behavior. To date,
the analysis of temporal patterns of physical activity has generally divided the day
into, potentially, arbitrary time segments which may miss important aspects of the
temporal pattern. More recently functional analysis techniques such as wavelet-based
or principal component functional models [14,15,24,27] have been proposed to study
the full spectrum of accelerometer data. These approaches model minute-level infor-
mation, rather than reducing the data to daily or weekly summaries, thus exploiting
these densely sampled measures.

The use of functional data analysis is gradually becomingmore common in the anal-
ysis of activity patterns in children and adolescents [9,11,23], where a day structured
around school hours makes assessment of circadian activity patterns more tangible.
Among adults, a recent study by [28] applied the functional principal component
analysis technique to a cohort of older men to examine associations between diurnal
patterns of accelerometry measured physical activity with sleep, cognitive function,
and mortality. The study used accelerometry measures from several days to calculate
an “average day” of activity pattern at the minute level which was then subjected to the
functional principal components analysis. The study found specific patterns of daily
activity to be associated with worse sleep, decreased cognition, and greater mortality.
Methods have also been proposed to accommodate and analyze specific experimental
designs [13].

In this article, we implemented a functional principal components mixed model [6]
which uses dimension reduction via principal components to model the minute-level
activity counts. Furthermore, unlike the approach in [28] which averaged an individ-
ual’s daily activity records, the use of mixed models allows inclusion of repeated daily
records in themodel.We used thismodel to characterize subject-to-subject variation in
activity patterns throughout the day, and examine associations between these activity
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patterns and health outcomes. We leveraged data from two large randomized trials:
MENU a randomized diet intervention among 245 overweight women and Reach for
Health a trial examining the use of metformin and a lifestyle intervention in 333 over-
weight, postmenopausal, breast cancer survivors. Use of these two trials provided us
with accelerometer data on 578 overweight women, a rich array of health outcomes
including biomarkers and quality of life. Further, because 60% of the study sample
were cancer survivors, wewere able to test whether activity patterns differed by cancer
status, and whether cancer status moderated the associations between physical activity
and health outcomes.

2 Study Sample

Our study sample comprised 578 overweight women who participated in the NIH-
funded Transdisciplinary Research on Energetics and Cancer (TREC) Study at UCSD
(2011–2017). The primary aim of these studies was to enhance knowledge on the role
of obesity and energetics on cancer risk [16]. To this end, two randomized controlled
weight-loss interventions were conducted: the MENU trial (N = 245) in overweight
otherwise healthy women, and the Reach for Health trial (N = 333) in postmenopausal
overweight breast cancer survivors. In both trials, physical activity was assessed via
7-day accelerometry. We used baseline data from these trials in the current project.
Details on the study design and protocols of these studies have been previously pub-
lished and are briefly described below.

The MENU trial was a 12-month behavioral intervention study among 245
overweight non-diabetic women to investigate the role of dietary macronutrient com-
position on weight loss [12,21]. Participants were randomized to one of three diets:
a lower fat (20% of energy) and higher carbohydrate (65% of energy) diet; a lower
carbohydrate (45% energy) and higher monounsaturated fat (35% energy) diet; or a
walnut-rich (35% fat) and lower carbohydrate (45%) diet. The Reach for Health (RfH)
Study was a 2 × 2 six-month randomized trial of 333 overweight, postmenopausal
early-stage breast cancer survivors, aiming to test the impact of metformin treatment
alone, a lifestyle-based intervention alone, both or neither on weight loss and biomark-
ers associated with cancer risk [17].

Using similar data collection procedures, both trials collected information on demo-
graphic, lifestyle, and psychosocial factors. Height and weight were measured at
clinic visits and used to calculate BMI. Physical activity and sedentary behavior were
obtained via a triaxial accelerometer, the GT3XActigraphmonitors (ActiGraph, LLC;
Pensacola, FL), which is set to collect data at 30 Hz [1]. Self-report questionnaires
were used to elicit demographic information, and the validated SF-36 scale was used
to ascertain quality-of-life scores [4]. Fasting blood samples were drawn at clinic vis-
its and used to assay glucoregulatory and inflammatory markers. Details on tumor
characteristics and treatment were abstracted from medical records in the RfH Study.
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Fig. 1 A typical day of accelerometer data

3 Statistical Framework

3.1 Overview

Accelerometer-based activity counts form irregular functions characterized by peaks
of varying frequencies and locations. Output for a single day is displayed in Fig. 1. On
this day, this participant wore the accelerometer for 863 min from 8:22 am to 10:44
pm. 591 min were spent in sedentary time (i.e., activity counts < 100 [10]) and 7
min in moderate to vigorous physical activities (i.e., activity counts > 1952 [10]). To
handle these high-dimensional time-series data, we used principal componentmethods
to reduce dimension. Also, our studies collected accelerometer measures on multiple
days for each participant. To account for the hierarchical nature of these data (days
within subjects), we used multilevel functional mixed models. Specifically, we used
a two-level functional principal component analysis model as proposed by [6]. We
briefly describe the mathematical underpinnings of this approach below; details can
be found in [6].

3.2 TheModel

As a first step, we will decompose each daily activity record as follows:

Xi j (t) = μ(t) + Zi (t) + Wi j (t),

where Xi j (t) is the accelerometer count function measured at time t on the jth day for
subject i. μ(t) represents the overall population mean acceleration function at time t.
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Zi (t) is the subject-specific deviation from the overall mean function. Wi j (t) is the
residual subject- and day-specific deviation from the subject-mean function. Note,
Zi (t) represents the subject level activity curve that will enable us to characterize
subject-to-subject variation in activity. We call Zi (t) level 1 functions, and Wi j (t)
level 2 functions. This model specifies the 2-level hierarchical structure.

Next, to account for theminute-level high-dimensional data, wewill further decom-
pose level 1 and level 2 functions through the Karhunen–Loeve expansion [19]

Zi (t) =
∑

k

ξikφ
(1)
k (t)

Wi j (t) =
∑

m

βi jmφ(2)
m (t),

where ξik and βi jm are level 1 and level 2 principal component scores, and φ
(1)
k (t)

and φ
(2)
m (t) are level 1 and level 2 eigenfunctions. Substituting these into our original

model, we obtain

Xi j (t) = μ(t) +
∞∑

k=1

ξikφ
(1)
k (t) +

∞∑

m=1

βi jmφ(2)
m (t),

where μ(t), φ
(1)
k (t), and φ

(2)
m (t) are fixed functional effects, and ξik and βi jm are

random variables with mean zero. The principal component scores, ξik, can be used
to distinguish temporal activity patterns between individuals, and are hence the key
focus of the current work. The model is built under the following assumptions [6]:

A.1 E(ξik) = 0, var(ξik) = λ
(1)
k , for any i , k1 �= k2, E(ξik1ξik2) = 0;

A.2 {ϕ(1)
k (t) : k = 1, 2, . . .} is an orthonormal basis of L2[0, 1];

A.3 E(βi jm) = 0, var(βi jm) = λ
(2)
m , for any i , j , m1 �= m2, E(βi jm1βi jm2) = 0;

A.4 {ϕ(2)
m (t) : m = 1, 2, . . .} is an orthonormal basis of L2[0, 1];

A.5 {ξik : k = 1, 2, . . .} are uncorrelated with {βi jm : m = 1, 2, . . .}.
We will not delve into the details of estimating these scores here except to note that

we used eigenfunction decompositions and method of moment methods as detailed
in [6].

3.3 Choosing the Number of Principal Components

Selecting the number of principal components involves a trade-off between explaining
variation in the data, while reducing artifactual patterns. We want to find the optimal
balance between under-fitting and over-fitting.Usually, this number is chosen to ensure
that a “sufficient” amount of the level 1 (and level 2) variation in the dataset is explained
by the selected principal components. What constitutes “sufficient” varies by appli-
cation and context. In our application we will choose enough level 1 components to
explain 50% of the between-subject variation.
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3.4 Derived Features

As we will demonstrate, each level-1 eigenfunction, φ(1)
k (t), for k = 1, 2, · · · can be

used to distinguish a temporal activity pattern. For each eigenfunction, the model also
provides level 1 principal component scores ξik, k = 1, 2, . . . for each subject i , which
quantify the extent to which subject i subscribes to the temporal pattern associated
with the corresponding eigenfunction. Thus these scores can be used to test if variation
in a physical activity pattern defined by a particular eigenfunction is associated with
health outcomes.

Another potentially useful statistic is the L2 normof the level 1 principal component

scores, which for subject i is defined as
√∑

k ξ2ik . We hypothesized that a higher L2

norm would be associated with a healthier profile. This is based on evidence [7,8]
that it is better to exercise multiple times in a day in short bouts of time, rather than
to exercise just once for a long stretch of time. There has been growing literature
investigating how patterns of sedentary and active time accumulation are associated
with all-causemortality independently of total sedentary and total active times. Studies
show that a larger proportion of longer sedentary bouts are positively associated with
mortality, suggestive that physical activity guidelines should target not only reducing
but also interrupting sedentary time to reduce mortality risk [7,8].

A measure that could distinguish short bouts of exercise versus a single long exer-
cise bout is the total variation of the accelerometer profile, defined as the integral of
the absolute value of the derivative of the activity functions, i.e.,

∫ |X ′
i j (t)|dt . We

hypothesized that the L2 norm of the level 1 PC scores would also capture the total
variation of daily activity, based on the following rationale. Recall the subject-specific
deviation function Zi (t) = ∑

k ξikφ
(1)
k (t), and suppose that the k-th principal com-

ponent score, ξik has a large (absolute) value. This indicates that the corresponding
eigenfunction, φ(1)

k (t), gets multiplied by a coefficient of large magnitude. Thus if the

eigenfunction φ
(1)
k (t) represented a pattern with highs and lows at different times of

the day, these will get magnified by the large ξik . Now, one potential way for the L2
measure to have a large value is if there are several level 1 principal component scores
with moderate-large values. This would result in multiple magnified eigenfunctions
getting superimposed to produce greater and more frequent oscillations in the activity
profile.

To visually illustrate this hypothesis, we simulated two daily profiles with the same
average physical activity but different L2 norms. The comparison is shown in Fig. 2.
The blue curve represents a profile with ξ1 = 1000 and ξk = 0 for k > 1. The green
curve represents a profile with ξ1 = 1000, ξ2 = 500, ξ3 = 500, ξ4 = −3300, and
ξk = 0 for k > 4. The two daily activity profiles have the same average activity but the
green profile clearly has larger L2 norm than the blue profile. To analytically justify
the L2 norm, we calculated the total variation of each daily profile in our sample using
the above definition, and compared the total variation to the L2 norm. The correlation
between the L2 norm of the level 1 PC scores and total variation of daily profiles was
0.70 (p-value< 0.005), suggesting that the L2 norm provides a reasonable assessment
of total variation. In fact, if we define total variation only based on level 1 PC functions
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Fig. 2 Compare two simulated daily activity profiles with the same average activity but different L2 norms
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Fig. 3 Compare a randomly chosen daily profile of the person with the largest L2 norm of the level-1 PC
scores to a randomly chosen daily profile of the person with the smallest L2 norm of the level-1 PC scores

and ignore the residual function Wi j (t), i.e., total variation =
∫ |μ′(t) + Z ′

i (t)|dt , the
correlation between the L2 norm of the level 1 PC scores and total variation defined
this way was even higher at 0.83 (p value< 0.005). These results motivated our use of
the L2 norm as it is more easily derived than total variation. Finally as an illustration
of the usefulness of these L2 norms in our application, we plotted the activity profile
of the two participants with the largest and smallest L2 norms in Fig. 3.

We emphasize that the L2 measure is a level 1 measure, and there may be many
ways to attain a large L2-value, of which the above interpretation is but one.
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4 Statistical Analysis

4.1 Data Processing

As mentioned in Sect. 2, objective physical activity in our study was assessed via
the GT3X Actigraph, which is a triaxial lightweight accelerometer approximately
2′′X2′′X1′′ in size. The Actigraph GT3X+ monitor was set to collect acceleration
data at 30 Hz. The ActiLife program applied a band-pass filter to remove non-human
acceleration signal from the data and then summarized the signal to counts per minute
using a proprietary algorithm [1]. The magnitude of the count is related to intensity of
the activity [1]. The device has been validated and calibrated for use in both controlled
and field conditions [1]. Participants were provided with written protocols for best
positioning of the device and instructed to wear it on the hip for 7 days during all
waking hours, except for when in contact with water. Non-wear time was identified
via pre-defined algorithms of consecutive zero counts using standard protocols [5] and
labeled as missing data.

To account for varying start and stop wear times and to maximize information, we
retained days with 12 or more hours of consecutive wear time, and only used these
“complete profiles” in our analysis. The set of complete profiles consisted of 570 par-
ticipants, out of the 578 originally recruited, so that < 1% of the subject sample was
discarded. Out of the 4475 original daily profiles, 1062 (24%) were discarded, leaving
a total of 3413 daily records for our analysis. The number of days per participant in
the resulting data set ranges from 1 to 14 and has a mean (SD) of 6.0 (1.8). Lastly,
we aligned all daily records by the first minute of device wear, thus allowing each
participant to start her daily activity at different times of the day. On average, partic-
ipants started wearing the accelerometers at approximately 7:30 am (SD 85 min). In
the following analysis, we used the first 720 points (i.e., 12 h) of each record.

4.2 Temporal Activity Patterns and Health Outcomes

We derived the principal component eigenfunctions and scores, as described in the
previous sections. We first compared each activity pattern between the cancer (RfH)
and non-cancer (MENU) samples by performing two-sample t tests on the level 1
principal component scores associated with this activity pattern. Next, to examine
associations between temporal activity patterns and health outcomes, we developed
multiple regression models of health outcomes on activity patterns represented by
the level 1 principal component scores. We adjusted for age at study entry, education,
BMI, smoking status, and cancer status. Additionallywe tested the interaction between
cancer status and activity patterns, in particular, whether having cancer changes the
relationship between health outcomes and activity patterns. More specifically, we fit
the following regression models:

1 health outcome = β0 + β1 ∗ PC1 + β2 ∗ PC2 + β3 ∗ PC3 + β4 ∗ PC4 +
other covariates

2 health outcome = β0 + β1 ∗ L2 + other covariates.
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Here PC1, PC2, PC3, and PC4 refer to the first, second, third, and fourth level
1 PC scores. L2 refers to the L2 norm of the level 1 PC scores. Other covariates
included were age, education (1 if college and above; 0 otherwise), BMI, smoke (1 if
ever smoked; 0 if never smoked), and cancer status (1 if yes; 0 if no). Health outcomes
included insulin, C-reactive protein (CRP), homeostatic model assessment (HOMA),
insulin status (1: HOMA ≥ 3, i.e., insulin resistant (IR), 0: HOMA < 3, i.e.,insulin
sensitive (IS)), physical quality of life (QoL), andmental quality of life (QoL).We used
linear regression models for the continuous outcomes (biomarkers, QoL) and logistic
regression for insulin status. Biomarkers were log-transformed to better approximate
the assumption of Gaussian residuals.

To study interactions between cancer and activity patterns, we fit the following
models:

3 health outcome = β0 + PC1∗cancer + PC2∗cancer + PC3∗cancer
+ PC4∗cancer + other covariates

4 health outcome = β0 + L2
∗cancer + other covariates.

Here ∗ represents interaction between two terms. The first two regression models
investigate the relationships between activity patterns and health outcomes. The last
two regression models test if these associations differ by cancer status. Regression
coefficients with 95% confidence intervals and corresponding p values are presented.
Importantly, PC1, PC2, PC3, PC4 were all included in the same model allowing us
to examine the effect of one temporal pattern, while controlling for others. All analyses
used the statistical software package R 3.3.2 [20].

5 Results

5.1 Study Sample Descriptives

Sample characteristics are provided in Table 1. The MENU Study randomized 245
overweight women to one of three diet arms. Women in the MENU Study were on
average 50 years old (SD = 10) at study entry, age range 22–72 years. Mean (SD) years
of education was 15.6(2.2). Race/ethnicity was self-reported as white non-Hispanic
74.3%,African-American 5.7%,Hispanic 17.1%,Asian 1.6%,NativeAmerican 0.4%,
and mixed/other race 0.8%.

The RfH Study randomized 333 breast cancer survivors to one of four metformin
(Y/N) × lifestyle intervention (Y/N) study arms. Women were on average 63 years
old (SD = 6.9) at study entry, with a mean 2.7 (SD = 2) years from their breast cancer
diagnosis; 51% had a college degree; the majority race was White (83%), with 4%
African-American, 2% Asian, and 11% of mixed/other race; 11% reported Hispanic
ethnicity.

The RfH cohort was older than the MENU participants, which is as expected since
the RfH study recruited postmenopausal women. In both cohorts, more than half
the sample had received a college degree. Importantly, biomarker and quality-of-
life outcomes were similar between the two cohorts. Also, at study entry, women in
the MENU and RfH studies had similar daily physical activity and sedentary time
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Table 1 Characteristics of the two study cohorts (mean(SD) or percentages)

RfH study MENU study

Age 63.1 (6.9) 50.8 (10.0)

BMI 31.2 (5.0) 34.2 (3.4)

Education 51.7% college and above; 48.3% o.w 56.0% college and above; 44.0% o.w

Smoke 45.2% Yes; 54.7% No 27.6% Yes; 70.0% No; 2.5% don’t know

Cancer 48% stage 1; 35% stage 2; 17% stage 3 None

Insulina (pg/mL) 464 (335, 659) 484 (363, 726)

CRPa (106pg/mL) 3.1 (1.5, 6.5) 3.4 (1.5, 5.7)

HOMAa 2.89 (2.05, 4.14) 3.05 (2.25, 4.64)

Insulin Statusb 53.8% IS; 46.2% IR 48.6% IS; 51.4% IR

Physical QOL 46.4 (8.8) 50.6 (7.2)

Mental QOL 51.2 (9.4) 50.4 (8.7)

aMedian (1st quartile, 3rd quartile)
bIS insulin sensitive; IR insulin resistant

Table 2 Mean PC scores and cancer status

Cancer (RfH study) Controls (MENU study) t-statistics p-value

PC1 − 0.16 0.02 − 0.65 0.52

PC2 0.14 − 0.16 1.99 0.047

PC3 0.02 0.05 − 0.20 0.84

PC4 − 0.10 0.12 − 2.09 0.04

MVPA (min/d) 17.5 18.2 − 0.31 0.75

Sed Time (min/d) 451 441 1.18 0.24

estimates, spending approximately 18 min/d on moderate–vigorous activity and 7.5
hours being sedentary (Table 2)

5.2 Temporal Patterns

We fit the two-level hierarchical principal components model described in Sect. 3 to
our study sample. Figure 4 illustrates the first four level 1 principal component (PC)
eigenfunctions. As expected, the first level 1 PC curve represents an overall vertical
shift of the mean activity curve, and explained 30% of the between-subject variation
in the sample. This component captures total activity volume, so that a participant
with a high score on this component is on average more physically active than one
with a lower score. The second level 1 PC curve explained 10% of the variation, and
emphasizes variations in the very early parts of the day. The third and fourth level 1
PC curve together explained ∼ 12% and further parse timing of activity, reflecting
variation contrasts between morning activity and activity throughout the rest of the
day for the third PC, and variation in the middle and later parts of the day for the fourth
PC.
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Fig. 4 (MENU + RfH) The mean intensity curve and the effects of adding (red) and subtracting (blue) a
suitable multiple of the first four level-1 PC curves (Color figure online)

Fig. 5 Smoothed heatmap of the correlation matrix between activity counts at any two time points during
the day. X and Y axis represent time (min) since the beginning of the day (or since the subject puts on the
accelerometer)

The PCfunctions and PC scores are estimated via the covariance matrix. The entry
at the i th row and the j th column in this matrix is the empirical covariance value
between the activity count at time i and that at time j . Figure 5 shows a smoothed
heatmap of this covariance matrix after standardizing the rows and columns, so that it
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Fig. 6 Compare the mean curves of the cancer population and the non-cancer population

is now a correlation matrix. We observed high correlation around the diagonal axis on
this heatmap, as might be expected since activities that occur close in time tend to be
similar inmagnitude. These diagonal correlationswere highest in the earliest and latest
intervals, indicating highly consistent patterns at these times. Lowest correlations are
observed between activities that are roughly 3 hours apart. Interestingly, we observed a
slightly higher correlation between activities in the intervals 50–200 min and 500–650
min possibly due to a routine patterns at the start (pre-work) and end (post-work) of
the day.

5.3 Physical Activity Patterns: Cancer Versus Non-cancer

We first investigated the differences in physical activity patterns between cancer sur-
vivors (RfH participants) and subjects without cancer (MENU participants). Figure 6
plots the mean activity function and Table 2 provides the summary statistics and two-
sample t-test p values comparing the first four level 1 PC scores between the cancer
and non-cancer groups. The plots show similar overall volume of activity as is borne
out by the non-significant difference in the PC1 scores. However, there do appear to be
nominal differences in temporal activity patterns between the cancer and non-cancer
populations. In general, cancer survivors had significantly (at the 5%) higher PC2
scores and lower PC4 scores. The higher PC2 scores indicate that the cancer group
tended to have lower morning activity, whereas the lower PC4 scores imply that this
group tends to have higher mid-day activity and lower evening activity. These patterns
are also observable in Fig. 6.

Given that participants in the RfH Study were older thanMENUStudy participants,
we repeated the above analysis adjusting for age. The difference in PC2 scores by
cancer status remained significant at the 5% level, although the PC4 scores were no
longer different between groups.
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5.4 Physical Activity and Health

5.4.1 Biomarkers

Table 3 shows the results of multiple linear regression models (as specified in the first
and secondmodel in Sect. 4) examining associations between physical activity patterns
(i.e., PC1-PC4 scores and L2-score) and insulin, CRP, and HOMA, after adjusting for
BMI, age, education, smoking, and cancer status.

BMI was the only covariate significantly associated with insulin level in both mod-
els. Each unit higher BMI was associated with roughly 0.04 higher log(insulin) level.
In the first model, the PC1 component, a measure of physical activity volume, was
strongly negatively associated with insulin level. None of the other PCs were asso-
ciated with insulin. In the second model, the L2 norm of level 1 PC scores showed
significant negative association with insulin level. The interaction between cancer and
PCs was non-significant (likelihood ratio test p = 0.99), neither was the interaction
between cancer and L2 norm (likelihood ratio test p = 0.8).

BMI and cancer status were significantly associated with CRP level in both models.
Each unit higher BMI was associated with roughly 0.09 higher log(CRP) level; cancer
survivors compared to the non-cancer group had on average 0.44 higher log(CRP). In
the first model, the PC1 component was marginally negatively associated with CRP
level (p < 0.1). None of the other PCs were associated with CRP. In the second
model, the association between the L2 norm of level 1 PC scores and CRP level was
not statistically significant. The interaction between cancer and PCs was also non-
significant (likelihood ratio test p = 0.38), neither was the interaction between cancer
and L2 norm (likelihood ratio test p = 0.16).

BMI was the only covariate significantly associated with HOMA level in both
models. This result was also true when we discretized HOMA into insulin resistance
status, with HOMA > 3 being insulin resistant (IR) and HOMA ≤ 3 being insulin
sensitive (IS), and performed logistic regression of this variable on the PC scores
and covariates. Each unit higher BMI was associated with a 0.15 higher HOMA
level, and 14% higher odds of being IR. In the first model, the PC1 component was
strongly negatively associated with HOMA level (one unit increase in PC1 score
was associated with 0.08 unit decrease in HOMA level); the PC3 component was
marginally negatively associated with HOMA (one unit increase in PC3 score was
associated with 0.11 unit decrease in HOMA level). In the logistic regression, both
PC1 and PC3 were significantly negatively associated with insulin resistance status.
Each unit higher in PC1 score was associated with a 7% lower odds of being IR,
whereas each unit higher PC3 score was associated with a 12% lower odds of being
IR. In the second model, the L2 norm of level 1 PC scores showed significant negative
association with HOMA: one unit increase in L2 norms was associated with 0.13 unit
decrease in HOMA level, and a 9% lower odds of being IR.
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Table 3 Linear/logistic regression of biomarkers on the first four PC scores or the L2 norm of PC scores
(after adjusted for age, education, smoke, BMI, and cancer status)

Dependent
variables

Independent
variables

Coefficient
estimate

SE p-value Confidence interval

Log Insulin PC1 −0.019 0.006 0.002 (− 0.031, − 0.007)

PC2 0.004 0.011 0.699 (− 0.018, 0.027)

PC3 −0.020 0.012 0.103 (− 0.043, 0.004)

PC4 0.028 0.017 0.110 (− 0.006, 0.062)

BMI 0.038 0.005 0.000 (0.029, 0.047)

Cancer 0.061 0.052 0.244 (− 0.042, 0.163)

Log CRP PC1 −0.023 0.013 0.085 (− 0.048, 0.003)

PC2 −0.034 0.024 0.168 (− 0.082, 0.014)

PC3 −0.035 0.026 0.178 (− 0.085, 0.016)

PC4 −0.017 0.037 0.648 (− 0.089, 0.056)

BMI 0.092 0.010 0.000 (0.072, 0.112)

Cancer 0.447 0.111 0.000 (0.228, 0.666)

HOMA PC1 −0.081 0.028 0.004 (− 0.136, − 0.026)

PC2 0.014 0.052 0.793 (− 0.089, 0.117)

PC3 −0.107 0.055 0.053 (− 0.216, 0.001)

PC4 0.092 0.079 0.244 (− 0.063, 0.248)

BMI 0.150 0.022 0.000 (0.108, 0.193)

Cancer 0.277 0.239 0.247 (− 0.192, 0.746)

InsulinStatus (1:IR, 0:IS) PC1 −0.070 0.028 0.012 (0.882, 0.984)

PC2 0.004 0.052 0.932 (0.908, 1.114)

PC3 −0.126 0.055 0.022 (0.791, 0.981)

PC4 0.057 0.081 0.480 (0.906, 1.243)

BMI 0.132 0.023 0.000 (1.092, 1.196)

Cancer 0.204 0.233 0.380 (0.779, 1.943)

Log insulin L2 −0.033 0.009 0.000 (− 0.050, − 0.015)

BMI 0.038 0.005 0.000 (0.029, 0.047)

Cancer 0.059 0.052 0.254 (− 0.043, 0.161)

Log CRP L2 −0.028 0.019 0.156 (− 0.066, 0.011)

BMI 0.094 0.010 0.000 (0.074, 0.114)

Cancer 0.432 0.111 0.000 (0.214, 0.651)

HOMA L2 −0.130 0.042 0.002 (− 0.211, − 0.048)

BMI 0.151 0.022 0.000 (0.108, 0.193)

Cancer 0.266 0.238 0.265 (− 0.202, 0.734)

InsulinStatus (1:IR, 0:IS) L2 −0.098 0.044 0.027 (0.828, 0.986)

BMI 0.133 0.023 0.000 (1.093, 1.196)

Cancer 0.193 0.231 0.403 (0.772, 1.915)

The parameter estimates for BMI and cancer status are also given. Note the PC scores and L2 norm have
been scaled down by dividing 1000
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Table 4 Linear regression of quality of life on the first four PC scores or the L2 norm of PC scores (after
adjusted for age, education, smoke, BMI, and cancer status)

Dependent
variables

Independent
variables

Coefficient
estimate

SE p-value Confidence interval

QOL physical PC1 0.308 0.101 0.002 (0.110, 0.505)

PC2 −0.111 0.188 0.555 (− 0.480, 0.258)

PC3 0.047 0.198 0.812 (− 0.342, 0.436)

PC4 −0.263 0.284 0.353 (− 0.820, 0.293)

BMI −0.505 0.078 0.000 (− 0.657, − 0.352)

Cancer −4.870 0.855 0.000 (− 6.550, − 3.190)

QOL mental PC1 0.279 0.115 0.016 (0.053, 0.505)

PC2 0.020 0.215 0.925 (− 0.403, 0.443)

PC3 0.277 0.227 0.222 (− 0.168, 0.722

PC4 −0.694 0.325 0.033 (− 1.331, − 0.056)

BMI −0.011 0.089 0.900 (− 0.186, 0.164)

Cancer −1.658 0.980 0.091 (− 3.582, 0.267)

QOL physical L2 0.506 0.148 0.001 (0.215, 0.797)

BMI −0.503 0.077 0.000 (− 0.654, − 0.352)

Cancer −4.904 0.850 0.000 (− 6.573, − 3.235)

QOL mental L2 0.411 0.171 0.017 (0.075, 0.746)

BMI −0.014 0.089 0.875 (− 0.188, 0.160)

Cancer −1.604 0.979 0.102 (− 3.528, 0.319)

The parameter estimates for BMI and cancer status are also given. Note the PC scores here have been scaled
down by dividing 1000. Similarly the PC scores used to compute the L2 norm here have been scaled down
by dividing 1000

5.4.2 Quality of Life

Table 4 shows the regression model results (as specified in the first and second model
in Sect. 4) of the associations between physical activity and quality of life (physical
and mental).

BMI and cancer status were significantly associated with physical QOL in both
models. Each unit higher BMI was associated with roughly half a point lower physical
QOL; cancer survivors compared to the non-cancer group had on average a five point
lower physical QOL. In the first model, the PC1 component was strongly positively
associated with physical QOL. None of the other PCs were associated with physical
QOL. In the second model, the L2 norm of level 1 PC scores showed significant
positive association with physical QOL. The interaction between cancer and PCs was
non-significant (likelihood ratio test p = 0.88), neither was the interaction between
cancer and L2 norm (likelihood ratio test p = 0.42).

Neither BMI nor cancer status was significantly associated with mental QOL in
the models. In the first model, the PC1 component and the PC4 component (which
measures variation in the middle and later parts of the day) were strongly associated
with mental QOL. None of the other PCs were associated with mental QOL. In the
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Table 5 Correlations (p value) between level 1 PC scores and traditional measures of physical activity
including average physical activity per minute, number of minutes performingmoderate to vigorous activity
daily, and number of minutes in sedentary time daily

Average physical activity MVPA Sedentary activity

PC1 0.75 (0.00) 0.68 (0.00) − 0.17 (0.00)

PC2 0.05 (0.28) 0.00 (0.98) − 0.07 (0.08)

PC3 0.16 (0.00) 0.03 (0.44) − 0.17 (0.00)

PC4 0.04 (0.29) 0.07 (0.10) 0.01 (0.75)

L2 norm of PC scores 0.71 (0.00) 0.67 (0.00) − 0.18 (0.00)

second model, the L2 norm of level 1 PC scores showed strong positive association
with mental QOL. The interaction between cancer and PCs was non-significant (like-
lihood ratio test p = 0.86), neither was the interaction between cancer and L2 norm
(likelihood ratio test p = 0.24).

6 Discussion

In this workwe have demonstrated the use of powerful functional principal component
analysis to parse physical activity patterns from accelerometer data. Functional data
analysis provides a sound mathematical framework for elucidating human physical
activity patterns. Instead of looking at activity counts, we can now elicit temporal
patterns and study variation in these patterns across individuals. The discussion on
the first four level 1 PC functions demonstrates the types of patterns we were able
to capture with this method. We could, of course, delve into more intricate patterns
by looking beyond the first four PC functions. Importantly, from this model for each
activity pattern, we derived a numerical score specific to each subject, thus establishing
the foundation for individual-level health analysis.

Conventionally, public health researchers use summary statistics such as average
activity count per minute, number of minutes in moderate to vigorous physical activ-
ities (MVPA) per day, and number of minutes in sedentary time per day, ignoring the
full spectrum of activity profiles provided by accelerometer devices. The functional
data model greatly enriches the framework to study physical activities. To illustrate
some of the information that was obtained via our model but absent in the traditional
physical activity measures, we refer to Table 5. The first level 1 PC scores, which, as
noted earlier, measured the total volume/level of activity, was significantly associated
with average activity and MVPA with correlations close to 0.7 or higher. Hence this
measure does not provide much more information than the conventional measures
of activity, in this sample. However, PC 2 to PC 4 scores exhibited low correlation
with average activity, MVPA, and sedentary activity. As we discussed in Sect. 5, PC
3 was significantly associated with HOMA level/insulin status, and PC 4 was associ-
ated with mental quality of life. Such associations would have been missed in a study
that only used standard summary statistics, such as MVPA or sedentary time, from
accelerometer readings.
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As an aside, in our sample, the L2-norm score was highly correlated with total
physical activity (and MVPA). In particular, individuals with high L2-norm score,
also usually had high levels of activity, so that it was not possible to examine the
independent effects of the L2-metric. However, in general, it is easy to imagine two
individuals with similar total activity, yet one has greater total variation in activity
over the day by virtue of her being a “fidgeter,” while the other has low variation by
virtue of her being more “still.” As noted in Sect. 3, in certain circumstances, the L2
metric can effectively capture total variation, as illustrated in Fig. 2. We hasten to add,
however, that the L2-norm is a level 1 measure, and this is only one implication of a
large versus small L2-norm; there could be other interpretations as well.

Since our sample comprised two studies, one with overweight breast cancer sur-
vivors and the other with overweight healthy women, we had the unique opportunity
to compare physical activity patterns based on cancer status. Both groups had similar
total activity, as evidenced by the non-significant differences in PC1 scores, MVPA,
and sedentary time (Table 2) between these groups. However, there was some evidence
that the temporal activity patterns differed: after adjusting for age, PC2 scores differed
by cancer status, and indicated lower activity in the early part of the day for the cancer
group. This information may be useful for tailoring interventions for cancer survivors.
Most importantly, having cancer did not moderate the relationship between activity
patterns and health outcomes (insulin, CRP, HOMA, insulin status, physical quality of
life, and mental quality of life). Thus, the putative beneficial impact of physical activ-
ity on health persists irrespective of cancer status, an important public health message
for the large cancer survivor population in the world.

We recognize some limitations of the model, such as the interpretability of the more
intricate/complex activity trends. Moreover, we have not incorporated the level 2 prin-
cipal components. Further research can be conducted to investigate these components.
We also used a rather simple curve registration method which aligns all daily profiles
by the starting point and truncates at 12 h.More advanced timewarping functions could
be incorporated to better align the data for analysis. Another natural next step would
be to extend this work from a two-level functional PCA model to a three-level model
incorporating “waves” as the third-level variation. In particular, since we are using
baseline data from clinical trials, we will also obtain longitudinal data collected in
waves (baseline, follow-up, etc.) tracking changes over time. Thus it would be natural
to study dynamic changes of temporal physical activity patterns for each participant.
This approach could be extremely important for intervention studies.

In summary, the functional principal component analysis method has proven to
be useful in analyzing accelerometer data. From a methodological perspective, while
we primarily followed the framework proposed by [6], we introduced the L2-norm of
scores, which could provide an additional summarymetric of physical activity.We also
showed how the covariation of activity could be used to identify periods of consistent
behavior across days. Fromapublic health perspective,we demonstrated how temporal
activity patterns are associated with health. These findings further our understanding
of health benefits of physical activity, by showing that timing of activity, in addition
to total activity volume, can have beneficial effects. If replicated, these results could
help us refine physical activity guidelines and recommendations for healthy living.
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