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ABSTRACT OF THE DISSERTATION

Physical Activity Measurement in Breast Cancer Survivors:
Methodological Issues, Solutions, and Applications

by

Sandahl H. Nelson

Doctor of Philosophy in Public Health (Epidemiology)

University of California San Diego, 2018
San Diego State University, 2018

Professor Ruth Patterson, Co-Chair
Professor Loki Natarajan, Co-Chair

Background: Physical activity after a diagnosis of breast cancer is associated multiple
positive effects. However, the literature indicates that patients’ activity decreases during
chemotherapy. Little is known about when during chemotherapy activity changes, as existing
research has relied on self-reported data. Monitoring devices like accelerometers offer more
objective measures, nevertheless, these devices may introduce other sources of measurement

error.
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Methods: Chapters 1 and 2 leverage data from Reach for Health (RFH), a trial that encouraged
increased physical activity among breast cancer survivors. At baseline and study completion,
participants wore accelerometers and answered the GPAQ. Chapter 1 uses the GPAQ estimates
along with accelerometer measures, processed using standard cut-points and a machine learning
algorithm, to assess agreement of activity estimates. Comparisons are assessed using mixed
effects regression models. Chapter 2 uses a pseudo-simulation to generate missing wear patterns.
The simulated and true data is used to compare 6 possible techniques to account for missing
accelerometer wear. Chapter 3 analyzed the Activity in Treatment (ACT) study which enrolled
32 women prior to starting chemotherapy for breast cancer, all women were given a Fitbit
activity monitor to wear throughout chemotherapy. Restricted cubic splines assessed non-linear
patterns of activity.

Results: At baseline, self-report and machine learning provided similar activity
estimates; while estimates of activity change were only similar between cut-point and machine
learning, the magnitude of agreement with self-report was differential by group. Random slope
imputation and an accelerometer specific multiple imputation performed best in correcting for
missing wear time. MVPA declined linearly at an average of 1.4 min/day (p=0.002) for every
10% of the duration of chemotherapy that passed, while TPA declined linearly at an average of
13.4 min/day (p=0.0007) for every 10% of chemotherapy that passed. This decline occurred until
approximately half way through chemotherapy. Additionally, a HER2+ receptor status was
associated with a greater rate of decline in MVVPA.

Discussion: Our findings highlight the importance of targeting physical activity
interventions during active treatment for breast cancer and increases our ability to standardize

research practices regarding the processing and analysis of physical activity data.

XiX



INTRODUCTION
Background

Approximately 1 in every 8 US women develops invasive breast cancer.* Fortunately,
advances in breast cancer treatment have increased the 5-year survival rate to 91%.2 This high
incidence of breast cancer, combined with increased survival, has motivated research on lifestyle
interventions that can empower patients to improve their quality of life and their cancer
prognosis.

Data from animal and human studies suggest that physical activity after a diagnosis of
breast cancer is associated with short- and long-term positive effects on treatment-related side
effects, quality of life, and prognosis.3>® In addition, provocative new research in animals
suggests that activity might also act to increase the efficacy of chemotherapy treatment.”®
Randomized controlled trials of physical activity during treatment for breast cancer indicate that
exercise can be tolerated by cancer survivors® and helps lessen fatigue, improves physical fitness,
and can improve quality of life.*

Understanding of Physical Activity Patterns in Cancer

Despite the positive effects of physical activity during active treatment, understanding of
the natural trajectory of physical activity during treatment is limited. To date, outside of
interventions, studies of physical activity during chemotherapy for breast cancer have been
almost entirely limited to self-report assessment of activity levels (Table 1.1).**® There is one
small (n=28) study, however, that used objective, accelerometer, measures.!’ It followed
participants during only the first 14 days of chemotherapy and found that patients’
accelerometer measured step count was less than 5000 steps/day, corresponding to an essentially

sedentary lifestyle.?’ In addition, most studies queried physical activity only at several month



intervals and so were unable to assess patterns of physical activity during treatment. Despite
these limitations, almost all studies have found that physical activity decreased following
diagnosis and treatment for breast cancer.!1214.16.1821

In the several studies of free-living activity levels that incorporated accelerometers, all
but one!’ focused on the physical activity following active treatment (Table 1.2).22?” These
studies indicate that breast cancer survivors have low physical activity levels that are
considerably below recommended levels. However, these studies do not provide information
regarding whether physical activity decreased at diagnosis, during chemotherapy, or after
treatment. A better understanding of free-living patterns in physical activity during treatment for
breast cancer would allow researchers to design more targeted interventions and help clinicians
understand when their patients are most likely to need extra motivation to stay active, both of
which could help to improve physical activity levels after treatment.

Self-Report and Objective Activity Measurement

As mentioned above, understanding physical activity behavior among cancer survivors
has largely relied on self-reported data, which has considerable limitations, including social
desirability and recall bias which may be affected by age, obesity, or cognition.?® A 2016 study
found that cancer patients enrolled in a lifestyle trial while undergoing chemotherapy self-
reported moderate to vigorous physical activity (MVPA) levels 366% higher than was
objectively measured.?® Activity researchers are increasingly incorporating objective,
accelerometer based, measures of physical activity. However, the increasing use of
accelerometers coupled with the poor agreement with self-report makes the assimilation of past
and future findings difficult. Increased use of accelerometers also limits study design,

specifically when it is desirable to understand physical activity in the time before a participant



would have been recruited, i.e. pre-diagnosis physical activity in a study only enrolling cancer
patients. Self-report physical activity assessments are likely to be used in future studies because
of the ease and low participant burden of self-report. At the same time there is a growing
adoption of accelerometers for use in physical activity measurement. Thus, it is increasingly
important to quantify agreement between the two forms of measurement and examine other
methods of processing the accelerometer data that might bridge the divide between estimates
from self-report and objective measures.
Agreement in Self-Report and Objective Activity Measurement

Agreement between self-report and objectively measured physical activity ranges (-.71 to
0.96), but is generally low to moderate.*® Thus, choice of measurement method can have a huge
and unpredictable impact on estimated levels of activity. This lack of agreement further calls into
question the comparability of studies that use self-report versus those that use objective
measures, as well as the accuracy of both measures given that they contain differing sources of
bias. Self-report physical activity contains bias due to recall, social desirability, misclassification
due to misunderstanding of terms, or use of a self-report measure that fails to capture the
respondents’ primary mode of physical activity.?® Objective measures contain bias due to non-
wear time and misclassification of activity by the measurement device. Specifically, when
accelerometer data is processed using methods developed in young, active, participants, it might
fail to recognize the lower absolute intensity seen in older participants’ perceived vigorous
activity, despite the activity being equal or greater in relative intensity.3-% This limitation is
especially important in the cancer setting as breast cancer incidence is more than 7 times higher
in women over fifty.3 The difference between relative (activity intensity based on an

individual’s fitness level) and absolute intensity is another reason that self-report and



accelerometer measurements in older adults or cancer patients with treatment related side-effects
might have especially low agreement.

It has also been hypothesized that self-report and objective measurement capture different
aspects of physical activity,® thus the measurement method used might affect the conclusions
reached, for example regarding the benefits of physical activity on various risk biomarkers.>*
Celis-Morales et al. examined the relationship between self-report and accelerometer measured
MVPA with biomarkers and found that self-report consistently overestimated MVPA, but that
the relationship between biomarkers and MVPA were sometimes only significant with self-
reported MVPA and sometimes only in accelerometry measured MVPA.* Understanding
agreement between objective and self-report measures, and testing a method of accelerometer
data processing that can better align these two measures, within a population of older adult breast
cancer survivors, is vital. This understanding will help researchers make informed decisions
regarding physical activity measurement in the design of future studies and will help with the
interpretation and assimilation of findings regarding physical activity in breast cancer survivors.

Machine Learning

Machine learning is a method which uses objectively measured activity data plus the
ground truth of the activity being performed to create an algorithm that can reliably predict the
activity being performed in future activity recordings. In this way machine learning uses
accelerometer measures to classify activity based on behavior rather than intensity, thus it may
prove to be a way in which to process objectively measured physical activity that provides
estimates that bridge the gap between self-report and standard objective measures. Machine
learning has the ability to bridge the gap because someone with a lower fitness level will have a

higher rating of perceived exertion for the same absolute level of physical activity intensity, for



example, an accelerometer processed using standard intensity cutpoints would classify the
activity as low, while a self-report account would classify it as moderate to vigorous. The
machine learning processing classifies activity based on behavior patterns rather than intensity
thus, when developed in a population with similar fitness levels, can help to capture estimates
that more closely align with relative intensity, while removing biases associated with self-report.
Wear Time in Objective Activity Measurement

In addition to data processing, bias in accelerometer estimates may arise from variability
in wear-time. Specifically; missing data due to participants removing their accelerometer for
varying and undocumented reasons has the potential to introduce non-random error.>® Previous
studies have highlighted that error exists due to inconsistencies in the number of wear days®’ and
the amount of wear time each day.**° This variability in wear can lead to inaccurate
assessments of physical activity* thus presenting an obstacle to accelerometer based research.
To date, physical activity researchers have implemented a variety of techniques for dealing with
missing data due to variability in wear time. These techniques include normalizing activity
measures by wear time,***3 adjusting for wear time in regression models,***° residualizing
physical activity estimates, Bayesian correction techniques,*®*’ and various forms of
imputation.*®0 In addition, a recent multiple imputation technique has been developed
specifically to apply to minute level accelerometer data.>* Xu et al. also developed an inverse
wear time weighting method for use in physical activity analysis when physical activity is the
dependent variable of interest.>? While these have been a useful advancement to the field, it is
also very common in physical activity studies for the outcome of interest to be something other

than physical activity (e.g., BMI or biomarkers). In this case any mismeasurement due to wear



time is now in the x variable, thus validation of wear time corrections when the mismeasurement
(due to wear time) was in the y variable cannot be assumed to apply.
Aim of the Dissertation

The overall aim of this dissertation is to investigate sources of error and bias in measures
of physical activity among breast cancer survivors, test wear time correction methods, and make
use of objective, continuous, activity measurement to characterize physical activity patterns
during active treatment for breast cancer.

Chapter 1 and 2 of this dissertation leverage data from the Reach for Health (RFH) study.
RFH is an NIH funded, randomized, controlled, weight loss trial that encouraged increased
physical activity and reduced energy intake among 333 postmenopausal, overweight or obese
breast cancer survivors. Women were randomly assigned to weight loss counseling versus
educational materials over 6 months.>® At baseline and at study completion all participants
answered the Global Physical Activity Questionnaire (GPAQ), a well validated questionnaire
that allows for the calculation of physical activity in metabolic equivalents (MET) units.>*>®
Participants also wore hip accelerometers at both baseline and study completion. Minute-level
physical activity estimates from the accelerometer were processed into METS using standardized
cutpoint processes®® and using a supervised machine learning algorithm. This rich data source
provides an ideal setting to examine error in physical activity estimates and test possible
corrections among breast cancer survivors. Chapter 1 contributes to the literature by quantifying
agreement between self-report and objective measures, examining how agreement may differ
based on randomization group, and exploring the use of a supervised machine learning algorithm
to help process objective physical activity measures in a way that provides physical activity

estimates that are aligned with both self-report and standard objective measures. Chapter 2



provides a comparison and validation of correction techniques to account for variations in
accelerometer wear time for use when physical activity is the independent variable of interest.
This will add to the literature for which there is only validation when physical activity is the
dependent variable of interest. Having wear time correction validated in multiple analytic
situations will allow for standardization of techniques used in physical activity analysis.

The final component of this dissertation, Chapter 3, is the analysis of the Activity in
Treatment (ACT) study. ACT is a pilot study that recruited 32 breast cancer patients who were
scheduled to have chemotherapy at a UC San Diego Cancer Center. Prior to starting
chemotherapy, participants were provided a wrist worn accelerometer (a Fitbit), and asked to
wear it throughout the duration of their chemotherapy treatments. Enrolled patients were not
asked to change their exercise habits. Fitbit data was collected through Fitabase, a database
program that collects physical activity, heart rate and sleep data from the Fitbit cloud. In
addition, cancer and infusion visit related variables were abstracted from participants’ electronic
medical records. Building on the evidence that physical activity is beneficial during active
treatment, Chapter 3 aims to increase our understanding of patterns and changes in physical
activity during treatment. The knowledge gained from Chapter 3 will help researchers build on
randomized trials, which have highlighted the positive effects of exercise, to inform development
of disseminable physical activity programs and better inform clinicians to enable their patients to
stay physically active during this important time. This novel and important study provides in-
depth objective data on the patterns of physical activity throughout chemotherapy. It also
examines variables that may be associated with increased changes in physical activity during
treatment. By gaining a better understanding of activity patterns and their relationship to

chemotherapy, this study helps identify critical times at which to implement programs to increase



physical activity among breast cancer patients, thus potentially increasing quality of life and
prognosis.

In summary, this dissertation builds on the importance of physical activity in breast
cancer survivors and the increasing focus on accelerometer measured physical activity by:
quantifying error in the collection of physical activity data (Chapter 1), comparing approaches
used to deal with these issues, specifically those related to wear time (Chapter 2), and bringing
these findings to clinical relevance by measuring the trajectory of physical activity in patients

undergoing chemotherapy treatment (Chapter 3).
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CHAPTER 1:
Physical Activity Change in a Randomized Trial:
Comparison of Measurement Methods
Sandahl H. Nelson, Loki Natarajan, Ruth E. Patterson, Sheri J. Hartman, Caroline Thompson,

Suneeta S. Godbole, Eileen Johnson, Catherine R. Marinac, Jacqueline Kerr

ABSTRACT

Objectives: To quantify the agreement between self-report, standard cut-point
accelerometer, and machine learning accelerometer estimates of physical activity, and examine
how agreement changes over time among older adults in an intervention setting. Methods: Data
were from a randomized weight loss trial that encouraged increased physical activity among 333
postmenopausal breast cancer survivors. Physical activity was estimated using accelerometry and
a validated questionnaire at baseline and 6-months. Accelerometer data were processed using
standard cut-points and a validated machine learning algorithm. Agreement of physical activity
at each time point and change was assessed using mixed effects regression models and
concordance correlation. Results: At baseline, self-report and machine learning provided similar
physical activity estimates, but the cut-point and machine learning methods assessed physical
activity change over time more similarly. Conclusions: Intervention researchers are facing the
issue of self-report measures introducing bias and accelerometer cut-points being insensitive.

Machine learning approaches may bridge this gap.
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Introduction

Evidence regarding the public health importance of physical activity is incredibly robust,
from decreasing incidence of heart disease! to warding off and helping to recover from some
forms of cancer.?® Studies are continuing to be designed to help hone physical activity
guidelines, and trials are run to understand ways to increase physical activity, and to quantify the
impact of increasing physical activity on various health markers and outcomes. It is important to
public health that we continue to expand our understanding of physical activity measures while
also developing strategies to increase physical activity. Thus, it is equally important to
understand how the way in which we measure physical activity may affect our intervention
findings and ultimately shape physical activity recommendations to the public.

The majority of physical activity research to date relies on self-report or accelerometry
measures. Agreement between self-report and accelerometry measured physical activity is
generally low to moderate, but with a wide range from -0.71 to 0.96.* Thus, choice of
measurement method could have an impact on the reported levels of activity, as well as
assessments of change in activity over time. This discrepancy is particularly important in
randomized trials that need to determine participants’ eligibility to enter a trial based on
estimates of activity or seek to compare change in physical activity between conditions.

The lack of agreement between self-report and accelerometry methods does not predicate
that one measurement should be used while the other is discarded, as both self-report and
accelerometer measures are affected by different sources of systematic error. Self-report physical
activity may be misclassified due to poor recall, social desirability (ie, over-reporting of activity),
misunderstanding of terms, or use of survey items that fail to capture the respondents’ primary

mode of physical activity.> Recall bias may be of particular concern in older populations or
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cancer survivors whose treatment may have affected cognitive capacity.®’ Social desirability bias
can be problematic in intervention trials, as one group may come into greater contact with study
staff, leading them to potentially report greater activity improvements. At the same time,
accelerometer measures are subject to measurement error due to differences in non-wear time
(eg, if participants only wear devices on active days), number of accelerometer wear days
deemed valid, missing activities such as swimming, or due to different decision rules used when
processing the data. Specifically, standard intensity cut-point methods developed in young,
active, participants may not perform well in all populations, such as older adults. As adults age,
the threshold that constitutes vigorous activity changes and absolute cut-points may not take into
account this physical limitation.®® In older adults, the correlation between accelerometer counts
and caloric expenditure is not linear, especially when assessed on a treadmill.® This difference
between relative (activity intensity based on an individual’s fitness level) and absolute intensity
is one reason self-report and accelerometer measurements in older adults may have especially
low correlations.'® For example, given that many older adults prefer to walk, recall of this
activity may be more accurate while accelerometer cut-points defined for a younger population
may underestimate the same walking.

Machine learned algorithms have recently been developed for multiple population groups
to potentially overcome the measurement error associated with employing single axis minute
level absolute cut-points. Machine learning methods can employ data from the 3 axes of
movement and extract feature vectors from the raw data signal.*! Most algorithms, however,
have been developed in the laboratory setting, which limits their application to real world
cohorts. In contrast, Ellis et al. have developed algorithms using real world data, including in

breast cancer survivors.** This specific machine learned algorithm was developed to classify
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activity based on behavior rather than intensity. Thus, we seek to assess whether, when
developed in a free-living setting and in a population with similar fitness levels, machine
learning behavior estimates may help to capture physical activity estimates that more closely
align with relative intensity, while removing biases associated with self-report. While self-report
and accelerometer measures have historically provided very different estimates, we hypothesize
that they could be more closely aligned and that machine learning behavioral algorithms offer a
way in which to process accelerometry data, focused on behavior rather than intensity, that could
bridge the two and provide estimates that align with both self-report and standard accelerometer
measures.

This study leverages data from Reach for Health, a weight loss trial that encouraged
increased physical activity and reduced energy intake among 333 postmenopausal, overweight or
obese breast cancer survivors.'? The trial collected self-report and accelerometer measured
physical activity at baseline and follow-up (6 months). Accelerometer measures were processed
using standard cut-points and using a validated machine learning algorithm. The aim of this
study was to quantify agreement between self-report, standard cut-point accelerometer, and
machine learning accelerometer activity estimates and to examine how agreement may differ by
randomization group over time. All with the goal of providing measurement method
recommendations for future physical activity research to facilitate standardization of methods.

Methods

This study uses data from Reach for Health (RFH), a randomized, controlled, weight loss
trial in non-diabetic breast cancer survivors, conducted at the University of California (UC) San
Diego as part of the Transdisciplinary Research in Energetics and Cancer (TREC) Center

initiative to examine the role of insulin resistance and inflammation in breast cancer risk.

20



Participants were recruited between August 2011 and May 2015 from San Diego and the
surrounding communities. Informed consent was obtained from all participants, and the IRB
granted ethics approval for the trial.

Details of the RFH Study are published.*? In short, the RFH study was a 4-arm trial in
333 postmenopausal, overweight/obese (BMI >25 kg/m?), women diagnosed with stage 1, 2, or 3
breast cancer within the past 10 years, with no eligibility restrictions placed on habitual physical
activity levels. The trial used a 2x2 factorial design with all participants randomly assigned to
weight loss counseling versus educational materials and to either Metformin or a placebo,
resulting in a 4-arm trial, with all therapies conducted over 6 months. Metformin is a common
oral diabetes medication that helps control blood sugar levels and is safe for non-diabetics.
Because of the factorial design, Metformin was equally distributed between the counseling and
educational material arms, and had no impact on physical activity measures, thus analysis only
compared the weight loss versus control groups. Participants wore hip accelerometers
(ActiGraph GTX3+) and completed the Global Physical Activity Questionnaire (GPAQ) at
baseline and at 6-month follow-up.
Lifestyle Intervention Versus Control

The lifestyle intervention was delivered by trained lifestyle coaches via 12 motivational
interview calls over the 6-month intervention. The 12 calls were scheduled with weekly
frequency in the beginning of the intervention followed by monthly calls later in the intervention.
Food-related weight loss strategies were discussed, and participants were given pedometers and
encouraged to increase their physical activity levels to 300 min/week of moderate to vigorous
physical activity (MVPA), primarily through walking. Women in the control group were given

the 2010 US Dietary Guidelines for Americans and were contacted by study staff at 2 weeks, 1
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month, and 3 months to encourage adherence to taking their pills (double blinded Metformin or
placebo).
Data Collection

Self-reported physical activity: Prior to randomization and at study completion
participants answered the Global Physical Activity Questionnaire (GPAQ), a validated
questionnaire developed by WHO to estimate physical activity in a typical week.** The GPAQ
collects information on physical activity accumulated in 3 domains; at work, in travel to and
from places, and in recreational activities. The GPAQ estimates activity in a typical week by
asking; time spent per day in vigorous (and as a separate question moderate) intensity activities
in each of the 3 domains and asking, in a typical week, how many days one does vigorous (and
as a separate question moderate) intensity activities as part of each of the 3 domains.*® The
answers to these questions are then processed to calculate the time of total physical activity on
average per day as per the World Health Organization scoring guidelines.*®

Accelerometer measures: All participants wore the ActiGraph (model GT3X+) at
baseline (in the week prior to randomization) and at the 6-month follow-up (in the week prior to
study completion). Participants were instructed to wear the ActiGraph on the right hip during all
waking hours, excluding water-based activities (eg, swimming, showering) for 7 consecutive
days. The ActiGraphs were initialized to collect data at 30 Hz. To apply the traditional cut-
points, ActiGraph data was processed using the ActiLife software to create 60-s epochs with the
low-frequency extension enabled. The data were then processed using the Choi algorithm in R’
to define wear and non-wear minutes. Minute level physical activity estimates from the
accelerometer were processed using the standard 1952 cut-point.'® Time in moderate to vigorous

physical activity (MVPA) was used to estimate physical activity time. As a sensitivity analysis
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we also examined accelerometer data processed using 1041 and 760 cut-points as these have
been proposed to be more appropriate for older adults.®

Machine learning processed physical activity: The machine learning algorithm used in
this analysis was specifically developed for this population of overweight/obese postmenopausal
breast cancer survivors and its creation has been described in detail elsewhere.* In brief, for
development of the machine learning algorithm 38 women wore an ActiGraph GT3X+
accelerometer on the right hip and a camera (a SenseCam) around their neck which captured
images at 15 second intervals during waking hours over 7 free-living days. The activities
captured by the pictures were manually annotated and served as the ground truth by which to
develop the algorithm to process accelerometer measured activity. The machine learning
algorithm used 39 statistical features with a random forest classifier and a hidden Markov model
to predict 4 behaviors (sitting, standing, ambulation, and riding in a vehicle). The development
and testing process was conducted in 38 women not eligible for (or included in) the current trial
but who represented the population, The algorithm was further validated in another sample of
222 older women, independent from the testing phase.® In this analysis the machine learning
estimate of ambulation time serve as the machine learning estimate of physical activity time.

Participant characteristics: Demographics data (age, ethnicity, and educational
attainment) as well as Short Form Health Survey (SF-36) measures of mental and physical health
were obtained via self-report at baseline. Weight and height were measured by trained study staff
at baseline and were used to calculate BMI. Cancer related variables were obtained via medical

chart abstraction. Details of measurement procedures are published.*?
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Statistical Analysis

Data preparation: Of the initial 333 women enrolled in the RFH trial, 289 (87%) had
self-report and accelerometer measured physical activity at baseline and follow-up. For the
purposes of this analysis only the 289 with complete physical activity data were included in the
analytic sample.

For all physical activity analyses, the mean of the day level accelerometer and mean of
the day level machine learning measurements were calculated (separately at baseline and follow-
up) to provide single estimates of minutes per day. Collapsing daily measurements to a single
estimate was done in order to match the units in self-report, which asks about average weekly
activity and is scored to provide a single estimate of “minutes of total physical activity on
average per day”, as outlined in the World Health Organization analysis guidelines.®

Descriptive statistics: Descriptive statistics (mean/SD) were calculated for demographic
variables at baseline, stratified by group (lifestyle intervention and control) and overall. We also
calculated descriptive statistics (mean/SD) of the minute per day estimates of physical activity
from each measurement technique: self-report (SR), accelerometer using machine learning
processing (ML), and accelerometer using each of 3 cut-points: Freedson’s 1952 cut-points
(1952 CP), Copeland 1041 cut-points (1041 CP), and Matthews 760 cut-points (760 CP).21820
Descriptive statistics were calculated at baseline (pre-randomization), follow-up, and for the
change between the time points (follow up — baseline), with follow-up and change statistics
stratified by intervention group assignment. We also assessed estimates of the intervention effect
on the change in activity, separately, using each physical activity measurement technique. This
analysis was carried out using a mixed effects regression models of activity with a fixed effect

terms for intervention group (lifestyle intervention or control), time-point (baseline or follow-
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up), and the time-by-intervention interaction. These models included a random intercept and
used unstructured covariance as determined by AIC comparison. For all models, other than self-
report, we also adjusted for the sum of accelerometer wear time at each time-point. The sum of
wear time was used rather than daily wear time because daily accelerometer measurements were
collapsed to a single estimate (as described previously in “data preparation”). Thus, the sum of
wear time, rather than average, allowed us to control for the total amount of information
gathered, ie, how many days the accelerometer was worn and for how long each day.

Comparison of agreement: Agreement of the estimates of min/day of physical activity
at baseline, at follow-up, and the change (follow up — baseline) were examined pairwise between
self-report, accelerometer using machine learned processing, and accelerometer using only 1952
cut-points. Statistical analysis of the agreement between measures was carried out by calculating
descriptive statistics (mean, SD), Bland-Altman limits of agreement, and the concordance
correlation for each pairs’ difference at baseline, follow-up, and for the activity change (follow
up — baseline).?! We also calculated the Pearson and Spearman correlation for each of these
comparisons. All analyses were stratified by lifestyle intervention with the exception of baseline
data which was assessed with the groups combined, as this measurement was prior to
randomization (results presented in Table 1.2).

To test for statistical significance of the difference between measurement techniques, in a
way that accounts for the correlated nature of the measurements nested within individuals, we
used a linear mixed effects model with a random intercept. This modeled physical activity as the
outcome and included a fixed effect terms for measurement method, time (baseline versus
follow-up), group (control versus intervention), as well as all 2- and 3-way interactions between

these variables. Appropriate model contrasts were used to test if there were measurement method
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differences in estimates of (i) activity at baseline and follow-up, (ii) change in activity in each
arm (2-way interactions) (iii) group differences in change in activity (3-way interactions), results
presented in Table 1.3.
Results

Participants

At baseline, women in the study were on average 62.8 years old (SD=7.03),
predominantly white (83.4%), non-Hispanic (88.2%), with a college education or greater
(50.9%). Participants were an average of 2.6 years post-surgery (SD=1.93); 48.8% had Stage 1
breast cancer, 51.9% had received chemotherapy, and 70.2% had received hormone therapy. The
average BMI was 31.1 kg/cm?® (SD=4.97), participants had an average self-reported physical
health score of 46.2 (SD=8.81) and mental health score of 51.3 (SD=9.18). Table 1.1 presents
these demographics, stratified by intervention group. There were no significant baseline
differences between study arms, all p > .05.

Table 1.1: Characteristics of Overweight/Obese Breast Cancer Survivors in a Randomized
Controlled Trial, Stratified by Intervention Group (N = 298)

Lifestyle
Control (N = 146) Intervention (N
Variable =143)
mean (SD) mean (SD)
Age 62.6 (6.94) 63.0 (7.13)
Age at diagnosis 60.0 (6.76) 60.3 (7.30)
Years from Diagnosis to study 2.5 (1.78) 2.7 (2.09)
Physical Health (SF-36") 46.0 (9.06) 46.3 (8.57)
Mental Health (SF-36") 50.5 (9.54) 52.1 (8.76)
BMI 31.1 (5.01) 31.1 (4.94)
n (%) n (%)

White 123 (84.2%) 118 (82.5%)
Non-Hispanic 132 (90.4%) 123 (86.0%)
College education or greater 74 (50.7%) 73 (51.0%)
Received Chemotherapy 77 (52.7%) 73 (51.0%)
Received Hormone Therapy 107 (73.3%) 96 (67.1%)
Breast cancer stage

[ 67 (45.9%) 74 (51.7%)

1l 50 (34.2%) 49 (34.3%)

i 29 (19.9%) 20 (14.0%)

T: Score based on the SF-36 self-report questionnaire, ranges 0-100 with higher scores corresponding to better health
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Activity Distribution and Intervention Main Effects by Measurement Technique

Average minutes per day of physical activity at baseline, follow-up, and the change
(follow up — baseline) are presented in Table 1.2 for each of the measurement techniques (self-
report, machine learning, Freedson 1952 accelerometer cut-point, Copeland 1041 accelerometer
cut-point, and Matthews 760 accelerometer cut-point). As the baseline measurement period was
pre-randomization and there were no significant differences between control and intervention
group (p > 0.1) the groups remained combined at baseline. Self-report physical activity at
baseline was 56.2 (SD=76.48) min/day; the controls showed an increase in 22.7 min/day versus
an increase of 36.9 min/day in the intervention group. Machine learning estimates at baseline
were similar to self-report, with an average min/day of 67.8 (SD=41.08). Unlike with self-report,
machine learning estimates for controls show a decrease of 4.9 (SD=29.50) min/day, while the
intervention group shows an increase of 7.7 (SD=35.88) min/day. Freedson, 1952, cut-point
estimates provide the lowest baseline measures with an average of 20.0 (SD=18.51) min/day.
The controls show a decrease of 2.0 (SD=13.34) min/day, while the intervention group shows an
increase of 2.4 (SD=17.16) min/day. The Copeland, 1041, cut-point baseline estimate was 62.0
(SD=35.46) min/day, controls show a decrease of 4.3 (SD=22.75) min/day, while the
intervention group shows an increase of 1.6 (SD=28.95) min/day. Matthews, 760, cut-point
estimates provide the highest baseline measures with an average of 95.3 (SD=45.81) min/day.
The controls show a decrease of 5.5 (SD=28.92) min/day, while the intervention group shows an
increase of 0.2 (SD=36.11) min/day. Assessment of the statistical significance of the intervention
effect on physical activity change (ie, the difference in activity change between groups) was non-
significant when measured by self-report (p = 0.18). With both the machine learning and

accelerometry using the standard 1952 cut-point we found a significant intervention effect for the
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change (difference of change) in physical activity (p = .003 and .028 respectively). Similar to
self-report, the Copeland (1041) and Matthews (760) accelerometer cut-point did not detect a
significant intervention effect (p = .095 and .235 respectively).
Table 1.2: Distribution of Activity, Among Overweight/Obese Breast Cancer Survivors in a
Randomized Controlled Trial, as Measured by Self-Report, Accelerometry with Machine

Learning, and Accelerometry with Standard Cut-Point. Stratified by Time and Intervention
Group (N = 298; Ncontrot = 146, Niifestyle intervention = 143).

Change Group
Baseline Follow-up (6 month) (Follow-up - Baseling) difference of
change
MVPA
min/day by Prt_a— _ Control Llfestyl_e Control Llfestyl_e B p-
measurement | randomization Intervention Intervention value
(SD)
72.6 22.7
Self-report 56.2 (76.48) 8330) | %07 (121.12) (77.12) | 369 (101.15) | 14.21 | .18
Machine 61.5 -4.9 "
Learning” 67.8 (41.08) (35.95) 76.7 (46.33) (29.50) 7.5(35.88) | 11.5 | .003
Accelerometer
17.1 -2.0
1952 CP 20.0 (18.51) (14.81) 23.3(22.74) (13.34) 2.4 (17.16) 3.96 | .028*
1041 CP | 62,0 (35.46) (3515504) 66.3 (36.47) (2'; '735) 162895 | 509 | .095
0CP | 95358 | 4815589) 99.6 (45.47) (2'5"952) 0.2(36.11) | 454 | 235

*: Significant difference of change between groups (P < .05)
T: Ambulation min/day used as estimate of MVPA min/day

Due to non-significance of the intervention effect over time with the lower accelerometer
cut-points, we carried out the remaining comparisons using only the 1952 cut-point. Physical
activity over time, stratified by group, for each of the 3 measurement techniques - self-report,
accelerometer cut-point (1952), and machine learning - are depicted graphically in Figure 1.1.
This figure shows that baseline estimates are similar when measured using self-report or machine
learning but are lower using 1952 cut-points, regardless of intervention group. It also illustrates
that the trajectory of change is similar when measured by machine learning or 1952 cut-points,
but that the trajectory of change is larger (in both the control and intervention group) when

measured by self-report.
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Figure 1.1: Physical Activity Change Over Time, Among Overweight/Obese Breast Cancer
Survivors in a Randomized Controlled Trial, Stratified by Group, for Each of the 3 Physical
Activity Measurement Techniques (N = 298).

Agreement Between Self-Report, Machine Learning, and Standard Accelerometry

A formal pairwise comparison of self-report, machine learning, and accelerometry using
the 1952 cut-point (chosen given its sensitivity to detect change) is presented in Table 1.3
stratified by intervention group for post-randomization assessment. Baseline values show
statistically significant concordance correlation (rc) between each pairwise comparison, as well
as significant Pearson (rp) and Spearman (rs) correlation (Table 1.4, supplementary table).
Despite statistical significance, baseline correlation was low (r < .5) for all comparisons, with the
exception of Pearson and Spearman correlation between machine learning and 1952 cut-points

(rp=.62 and rs = .58). At baseline, our mixed effects regression analysis showed a significant
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difference between the 1952 cut-point estimate and both the self-report and machine-learning
activity estimates, with difference estimate of 36 and 48 minutes per day respectively (p < .001).
Baseline estimates of self-report and machine learning were also significantly different (p =
.002), but with a smaller magnitude of difference (11.5 min/day).

Table 1.3: Comparison of Self-Report, Machine Learning, and 1952 Cut-Point Physical Activity
Measures Among Overweight/Obese Breast Cancer Survivors in a Randomized Controlled Trial

(N = 289).
. . . Mean Concordance Mixed
Time Comparison Q|fference C lation CC Lower CC upper effects
min/day(SD) orre p-value
Overall (N = 289)
Baseline SR -ML -11.5 (75.10) 0.26 0.14 0.38 .002
SR - Accel 36.3 (72.09) 0.13 0.07 0.18 <.001
ML - Accel 47.8 (33.43) 0.23 0.17 0.29 <.001
Lifestyle Intervention (N = 143)
SR -ML 23.0 (114.19) 0.22 0.12 0.31 <.001
SR - Accel 76.5 (115.33) 0.09 0.05 0.13 <.001
Follow-up | ML - Accel 53.4 (34.65) 0.27 0.2 0.33 <.001
(6 months) Control (N = 146)
SR -ML 11.1 (87.84) 0.06" -0.06 0.18 .061
SR - Accel 55.5 (82.20) 0.04" 0 0.08 <.001
ML - Accel 44.4 (27.65) 0.21 0.16 0.27 <.001
Lifestyle Intervention (N = 143)
SR -ML 29.4 (103.50) 0.07" -0.03 0.16 .001
SR - Accel 34.6 (100.72) 0.03" -0.02 0.08 <.001
(F%TI%C\?_Ep ML - Accel | 5.1 (30.55) 0.4 03 05 545
- Baseline) Control (N = 146)
SR -ML 27.6 (81.32) 0.03" -0.07 0.13 .001
SR - Accel 24.7 (77.75) 0.01" -0.04 0.06 .003
ML - Accel -2.9 (26.76) 0.31 0.21 0.42 727

1= Non-significant correlation coefficient
(SR) = Self-Report, (ML)= Machine learning, (Accel) = 1952 Cut-point accelerometry, (CC) = Concordance
correlation

Comparison of follow-up PA estimates, stratified by group, found a significant
concordance correlation between each pairwise comparison among the intervention group,
although the correlation values were again low (rc < .35). Within the control group only the
comparison of machine learning and 1952 cut-points showed significant concordance
correlation. All comparisons still showed significant Spearman correlation, although Spearman

correlation estimates were lower in the control group. This is notable as Spearman correlation
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indicates similar ranking of participants, an attribute that is important to maintain if association
between physical activity and another trait (eg, biomarkers) is of interest. The comparison of
follow-up physical activity estimates from our mixed effects regression analysis showed
significant differences in estimates for all comparisons, with the exception of the comparison
between machine learning and self-report within the control group only (p = .061).

Concordance correlation of the change estimates between self-report and both machine
learning and standard accelerometry were low (essentially zero, rc < .07) and non-significant,
regardless of group — this was also the case for Pearson correlation (r, < .12). The correlation of
ranking, as measured by Spearman correlation, showed significant correlation of the change
estimate between all measurement techniques in the intervention group, however in the control
group only machine learning and the 1952 cut-points showed significant agreement of ranking
(Spearman correlation). This indicates that there is a differential level of agreement between
measurement techniques in the control and intervention group for the ranking of each
participants’ physical activity change.

Discussion

In this study we undertook an in-depth comparison of self-report, cut-point
accelerometry, and machine-learning accelerometry methods for measuring physical activity and
physical activity change within the context of a randomized lifestyle intervention trial.
Baseline Physical Activity Comparisons

In our comparison of baseline, pre-randomization, measurements we found that standard
1952 cut-point accelerometry had much lower estimates of physical activity then self-report,
which aligns with previously published findings comparing the International PAQ (IPAQ) with

1952 cut-point accelerometry.?22® We also replicated results which found that that machine
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learning activity estimates were much higher than the 1952 cut-point estimates.?* A novel finding
was that machine learning activity estimates closely matched self-report and 1041 accelerometry
cut points, while 760 cut-point provided much higher estimates. These findings in lower cut-
points were contrary to a 2015 analyses within the Women’s Health Study,? which found both
the 1041 and 760 cut-points provided lower estimates for the percent of women meeting 150
min/wk of MVPA than their self-report survey. This discrepancy may be explained by the use of
a Women’s Health Study specific questionnaire for self-report physical activity, as opposed to
the GPAQ used in our study, and raises the importance of standardizing self-report
questionnaires. A second study which compared physical activity using self-report (Active
Australia Survey) and accelerometry (1952 cut-point) in a randomized controlled trial of physical
activity among male and female type 2 diabetics?® also found that, at baseline, self-report
measures were lower than accelerometry measures, a difference again possibly explained by the
difference in the self-report measure used; it could also be due to the use of physical activity
(based on self-report) as a known eligibility criteria for entry into the study, which was not a
criteria for entry into the study we assessed, thus causing participants to underreport physical
activity in a conscious or unconscious effort to gain entry into the study.

The findings from our baseline comparison has implications for cross-sectional studies
and for eligibility screening in future randomized trials. In particular, if physical activity
guidelines are developed mostly from self-reported evidence?’ then the 1952 cut-point would
greatly underestimate the number of people meeting guidelines, especially older adults. Thus,
for eligibility screening or cross-sectional analysis interested in how well people are meeting
guidelines, the GPAQ self-report, machine learning, or 1041 accelerometry cut-point appear to

provide similar estimates and would more closely align with current PA guidelines.
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Physical Activity Change Comparisons

In our examination of change in physical activity we found notable differences between
measurement techniques. Self-report estimates showed large increases in physical activity among
both the intervention and control group, while accelerometry methods (machine learning and cut-
points) detected only modest increases in the intervention group and showed decreases among
the control group. Our findings are consistent with the examination of change in a previous study
assessing agreement in physical activity change between self-report (IPAQ) and accelerometry
(1952 cut point) in a single arm trial of physical activity in Latina women? which found that
participants self-reported far greater increases in moderate physical activity then were detected
by the accelerometer (median 232 min/week increase versus a 65 min/week increase
respectively). Another study, previously referenced, that compared physical activity change
using self-report (Active Australia Survey) and accelerometry (1952 cut-point) in a randomized
controlled trial of physical activity?® also found that the measurement difference (between self-
report and 1952 cut points) increased following the intervention, but unlike in our study, they
found that the magnitude of the difference was greater in the intervention group then in the
control group. We also observed a weakening of the correlation between self-report and
accelerometry (machine learning and 1952 cut point) at follow-up as compared to the baseline. A
finding that, in the self-report and 1952 cut point comparison, has been previously seen.?82° A
novel finding in our study was the greater decline in correlation between self-report and
accelerometry (machine learning and 1952 cut points) seen among the control group as
compared to the intervention group. A finding which was not seen between the machine learning
and 1952 cut point measures. Change estimates measured by machine learning and 1952 cut

points were significantly correlated (regardless of intervention group) but were both uncorrelated
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and meaningfully different (on the order of about 30 min/day) from self-report. The difference in
correlation following the intervention, and concomitant difference in change estimates, between
self-report and accelerometry that was seen in these studies, and in our own, may stem from an
increase in social desirability bias after completion of a study that included contact with study
staff. Or may stem from a genuine over-estimation of the activity in an ‘average day’ especially
after randomizing participants to an intervention which increased focus on daily physical
activity. Regardless of the underlying reason, these finding supports the use of accelerometry,
rather than self-report, in studies where change in physical activity is an outcome of interest,
especially when change is compared between groups.

This study also assessed differences, based on measurement technique, in study findings
regarding physical activity in the context of a randomized intervention trial. In randomized trials
it is the difference in physical activity change between groups that is often the most important
statistical parameter. Here we find that only the machine learning and 1952 cut-points provide
sensitive enough measurements to detect a significant difference in physical activity change,
thus, supporting the use of one of these measurements in randomized trials.

Limitations

It is important to note that this study was conducted in a specific population; overweight,
post-menopausal, breast cancer survivors and thus may not be generalizable to another
population. While this is a potential limitation it is also a strength as it is generally less active
populations for which we target our physical activity studies and interventions. In addition,
understanding measurement differences for physical activity among older adults is of particular
importance in breast cancer patients and survivors, as breast cancer incidence is more than 7

times higher in women over fifty*® and the benefits of physical activity in breast cancer patients
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and survivors®-3* makes physical activity research in this population an important and expanding
field of study.

The examination of different cut points is also limited by the inclusion of only women, as
physical activity in men may be detected differently by cut-point accelerometry. Another
important consideration is the fact that the machine learning algorithm used in this study was
designed specifically for this population, thus use of a less specific algorithm may not perform as
well and designing an algorithm in the case of each study may not be feasible. Lastly is the fact
that machine learning categorizes physical activity by presence of ambulation while cut points
categorize physical activity by magnitude of the activity, thus “Moderate to Vigorous Physical
Activity” (MVPA) would no longer be an applicable term. At the same time, it is potentially
much more feasible for the general public to interpret prescribed activity (ie, “walk 30 min/day’)
then to interpret prescribed intensity (ie, “spend 30 min/day being moderate to vigorously
active™).

Given these limitations, future studies should include participants of various age and
activity ranges, as well as men, to further validate our findings, especially those regarding the use
of machine learning accelerometry. In addition, studies should be carried out which use less
precisely tailored machine learning algorithms to assess how closely the training population must
match the study population before the gains in sensitivity seen in machine learning over cut-point
accelerometry are lost.

Interpretation of Findings

The goal of this study was to present findings to inform measurement methods for future

physical activity studies and in interpreting the findings of existing studies. In populations such

as the one examined here, if the parameter of interest is accurate cross-sectional physical activity
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estimates then self-report, accelerometry with 1041 cut-points, and machine learning appear to
provide similar estimates. If the parameter of interest is change in physical activity, then self-
report should be avoided, and an accelerometry based method should be used. Lastly if the goal
is detecting a difference of change between groups then machine learning and 1952 cut-points
both appear to have appropriate sensitivity. Thus, if a study seeks to use one measurement
method to examine all 3 of these things; baseline physical activity levels, estimates of change,
and detection of a difference in physical activity change between groups, then our findings
recommend machine learning as an objective and therefore minimally biased measurement
option, that still provides adequate sensitivity to detect change between groups.
Conclusion

Intervention researchers are facing the issue of self-report measures introducing bias and
accelerometer cut-points being insensitive. Machine learning algorithms can provide a new
approach to bridge this gap. While we may still wish to analyze multiple approaches to be able to
compare to previous literature, the study’s question of interest should be accounted for when

deciding on the primary assessment protocol.

*Chapter 1 is currently in submission for the publication of the material. Co-authors include Dr.
Loki Natarajan, Dr. Ruth Patterson, Dr. Sheri Hartman, Dr. Caroline Thompson, Suneeta
Godbole, Eileen Johnson, Dr. Catherine Marinac, and Dr. Jacqueline Kerr. The dissertation

author was the primary investigator and author of this material.
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cut-point physical activity measures (n=289)

Table 1.4: Pearson and Spearman correlation analysis of self-report, machine learning, and 1952

Time | Comparison | Pearson r Pearson r | Spearman | Spearman
p-value r p-value
Overall (n=289)
Baseline SR -ML 0.33 <.0001 0.36 <.0001
SR - Accel 0.36 <.0001 0.42 <.0001
ML - Accel 0.62 <.0001 0.58 <.0001
Lifestyle Intervention (n=143)
SR -ML 0.34 <.0001 0.38 <.0001
SR - Accel 0.00 <.0001 0.45 <.0001
Follow- | ML - Accel 0.69 <.0001 0.68 <.0001
up Control (n=146)
SR -ML 0.09 0.2957 0.18 0.030
SR - Accel 0.17 0.046 0.26 0.001
ML - Accel 0.70 <.0001 0.68 <.0001
Lifestyle Intervention (n=143)
SR -ML 0.11 0.187" 0.21 0.010
SR - Accel 0.11 0.1937 0.23 0.006
Change | ML - Accel 0.53 <.0001 0.54 <.0001
R Control (n=146)
SR -ML 0.05 0.590" 0.16 0.056"
SR - Accel 0.04 0.638" 0.14 0.0997"
ML - Accel 0.42 <.0001 0.46 <.0001

(SR) = Self-Report, (ML)= Machine learning, (Accel) = 1952 Cut-point accelerometry,

(n=Correlation coefficient, T = Non-significant correlation coefficient
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CHAPTER 2:
Accelerometer Measured Physical Activity:
Methods to Account for Missing Wear
Sandahl H Nelson, Selene Yue Xu, Suneeta Godbole, Ruth Patterson, Caroline Thompson,

Jacqueline Kerr, Sheri Hartman, Loki Natarajan

Abstract

Purpose: To compare correction techniques that account for error due to missing
accelerometer wear time, for use when examining the independent effect of physical activity on
health-related dependent variables.

Methods: We used a pseudo-simulation approach to generate missing wear, based on
observed missing data patterns, in complete wear days (> 12 hr wear) among 328 female
participants of the Reach for Health (RFH) study. Six possible techniques to account for missing
accelerometer wear were separately applied to the simulated data. Results from regression
models of BMI on moderate to vigorous physical activity (MVPA) or total activity were
compared to the true data.

Results: Adjusting for wear time in regression models and residualizing physical activity
resulted in lower coverage than applying no correction. Random slope imputation and an
accelerometer specific multiple imputation performed best with regard to power.

Conclusion: Use of a random slope imputation or accelerometer specific multiple
imputation could help negate the error due to missing accelerometer wear time. These methods
are easy to use and could reduce disposal of days with low wear while helping to standardize

accelerometer analysis.
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Introduction

Personal monitoring devices, such as hip-worn accelerometers, offer more objective
measures of physical activity than survey methods, and are becoming the recommended norm in
physical activity research as they are seen to be less prone to the biases associated with self-
report.>? Nonetheless these devices may introduce other sources of measurement error and
bias.>® For example, missing data due to participants removing their accelerometer for varying
and undocumented reasons leads to non-random bias. This in turn makes it difficult to accurately
assess physical activity® and presents an, often overlooked, obstacle to the analysis and
interpretation of accelerometer measured physical activity.

Previous studies have highlighted that both random and systematic error exists in
accelerometer physical activity estimates due to inconsistencies in the number of wear days
across participants® and the amount of wear time each day.*® To date, physical activity
researchers have implemented a variety of techniques in an attempt to account for this missing
data and adjust for the variability in wear time. These techniques include normalizing activity
measures by wear time,”® adjusting for wear time in regression models,'**! residualizing
physical activity estimates, Bayesian correction techniques,'>*2 and various forms of multiple
imputation.!**” All in an attempt to produce physical activity estimates as close to the objective
truth as possible, despite subjective variability in participant wear time.

Xu et al. examined wear time correction methods for use in physical activity analysis
when physical activity was the dependent (i.e., outcome) variable of interest.'® However, it is
also very common for physical activity to be the independent variable (x) with the dependent
outcome of interest (y) health related (e.g. BMI or biomarkers). In which case, any

mismeasurement due to wear time affects the independent variable (x). Additionally, when
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physical activity is the independent variable, the dependent outcome of interest is usually not
also measured at the day level, so day level physical activity estimates must be condensed into
average estimates. Thus, validation of wear time correction methods for physical activity as the
dependent outcome variable (y) may not be relevant for the independent variable (x) scenario.

In this study we used a pseudo-simulation approach to simulate missing data patterns in
the Reach for Health (RFH) study,'® a randomized controlled weight loss trial in female breast
cancer survivors. Specifically, we considered days with > 12 hours of wear to be “complete”
profiles. Within this complete dataset, we simulated missing wear patterns based on observed
missing data patterns in the full RFH cohort. The RFH trial implemented a minimum wear
criterion for entry into the study and requested re-wears for participants with low wear time, thus
it attained a high level of device wear time compliance and offers an excellent opportunity to
examine the effect of missing wear data and possible corrections to account for it. VVarious wear
time corrections were applied to the simulated “missing” data and results were then compared to
the true complete data. The wear time corrections tested were ones regularly used in physical
activity research as well as emerging technigues shown to be good candidates based on previous
work with physical activity as the dependent variable. 11718

The goal of this study is to compare correction techniques for use when physical activity
is the independent variable and day-level physical activity must be condensed into week-level
estimates. In doing so we hope to ascertain the optimal wear time correction technique for use
when examining the independent effect of physical activity on health-related dependent
variables. Identifying an optimal correction will serve to reduce the need to omit days with
insufficient wear, consequently increasing power and lowering participant burden, and will allow

for the standardization of techniques used in physical activity analyses.
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Methods

Study Sample

This study uses baseline, pre-randomization, data from Reach for Health (RFH), a weight
loss trial in non-diabetic, postmenopausal, breast cancer survivors, conducted at the University of
California (UC) San Diego as part of the Transdisciplinary Research in Energetics and Cancer
(TREC) initiative to examine the role of insulin resistance and inflammation in breast cancer
risk. Participants were recruited between August 2011 and May 2015 from San Diego and the
surrounding communities. Informed consent was obtained from all participants, and UC San
Diego IRB granted ethics approval for the trial.

Details of the RFH trial are published elsewhere.'® Briefly, the RFH study was conducted
with 333 postmenopausal, overweight/obese (BMI >25 kg/m?), women diagnosed with stage 1,
2, or 3 breast cancer within the past 10 years, with no eligibility restrictions placed on habitual
physical activity levels.
Study Measures

Physical activity (PA) data was collected using a hip worn accelerometer. Prior to
randomization each participant was instructed to wear an ActiGraph (model GT3X+)
accelerometer (ActiGraph, Pensecola, FL) on the right hip for 7 days during all waking hours,
excluding water-based activities (e.g. swimming, showering). Data were downloaded after the
wear period and screened for completeness and irregularities. Participants were asked to re-wear
the accelerometer if it was not worn for at least 10 hours per day for 5 days, or on 4 days with a
total of 3000 minutes of wear.

Demographic data (age, ethnicity, and educational attainment) as well as Short Form

Health Survey (SF-36) measures of mental and physical health were obtained via self-report at
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baseline. Weight and height were measured by trained study staff at baseline and were used to
calculate BMI. Cancer related variables were obtained via medical chart abstraction.
Analytic Approach Overview

Figure 2.1 outlines the analytic approach of this study. Of the initial 333 women enrolled
in the RFH trial, 328 (98%) women had at least one day of complete Actigraph wear (defined as
> 12 hr/day of wear*®) for a total of 2091 complete wear days that made up the true data set.
Non-wear time was classified using Choi’s criteria® and standard calibration thresholds were
used to aggregate data into minutes spent in light, moderate, and vigorous activity using the
Freedson cut points.?* A pseudo simulated data set was then created using these complete wear
days. The pseudo simulation method has been described previously.*® In short, patterns of
missing wear from the full cohort were used to generate a simulation algorithm that created a
realistic missing data pattern. This pseudo simulation was carried out multiple times (n=100) to
create data sets with “realistic” missing wear time (simulated data). All simulated days, with no
minimum threshold for total wear time remaining in the day, were retained. This simulated data,
along with the complete true data, makes up the final data set used to examine the correction
potential of 6 strategies to account for missing wear in the modeling of health outcomes
putatively associated with physical activity. In the analysis we tested the effect of physical
activity on BMI, where physical activity was the mean minutes of total physical activity (light,
moderate, and vigorous activity), or mean minutes of MVPA (moderate and vigorous physical

activity), averaged across the participants’ wear days.
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5) Random slope imputation (RS)
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var) on BMI (dependent var)
* Compare results from true data and
simulated data

Figure 2.1: Study Schematic

Missing Data Correction Methods
The correction methods are as follows:
1. No correction (Naive): For this method no correction is implemented on the simulated
data.
2. Normalizing activity measures to a full day (Normalized): As described by Katapally
and Muhajarine.® The total minutes of daily physical activity are normalized to a
researcher defined “full day”, with the goal of equalizing the different intervals of
measured wear time. A 12-hour day was chosen as the researcher defined “full day”
as it was the wear time amount used for inclusion in the true data set. Specifically;

this calculation multiplies the original activity minutes (total PA or MVPA minutes)
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by the minutes in the analyst defined “full day” (in this case 12 hours or 720
minutes). This measure is then divided by the participant’s total wear time to get the
normalized activity measure, which is then used in all subsequent physical activity
analysis. For example, a participant with 20 minutes of MVPA and 10 hours (600
minutes) of wear time would have (20*720) / 600 = 24 minutes of MVPA after
normalization to a 12-hour day.

Regression model adjustment for wear time (Adjust for WT): In this method no pre-
processing of the physical activity data occurs. Minutes of physical activity (total PA
or MVPA minutes) are used in the regression model and average wear time, averaged
across all days of wear, is included as a covariate in the regression model.
Residualizing physical activity (Residualized): This correction is implemented by
regressing week level physical activity minutes (total PA or MVVPA minutes) on
cumulative wear. Residuals from this model, inflated by the mean predicted value, are
then used as the new, corrected, measure of physical activity. Residuals are inflated
by the mean predicted value for ease of interpretation.

Random slope imputation (RS): As described by Xu et al.,*® this correction fits a
linear mixed effects regression model of day level physical activity minutes (total PA
or MVPA minutes) on day level wear time as the predictor variable. A random effect
for both intercept and slope is included, resulting in a slope estimate for each
individual (3;). This subject specific slope is then used to impute to an analyst defined

“full day” (in this case 12 hours or 720 minutes) for all participants with less than a

full day of wear by adding j; x (720 — wear time) to the observed total physical
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activity minutes to get the updated activity measure which is used in all subsequent
physical activity analysis.

6. Multiple imputation with a zero inflated binomial log normal distribution (MI): A

multiple imputation technique that specifies a mixture of a zero-inflated Poisson and
Log normal distribution to specify the missingness. This method is implemented on
minute level activity data using an R program (accelmissing) that was developed
specifically for this use.!’
For methods 2, 4, and 5; the wear time correction was applied to the day level PA data before
aggregating to the week level. For method 6 the wear time correction was applied to the minute
level PA data before aggregating to the week level.
Statistical Analysis

Descriptive statistics of the hours per week of total activity and minutes per week of
MVPA were calculated in the true data and for each correction method in the simulated data
(with the exception of method 3, adjusting for wear time, which does not change the activity data
estimates). The mean was calculated separately in each of the 100 simulated data sets, the mean
(mean) and standard deviation (simulation SD) of these 100 means was then reported in addition
to the average standard deviation across the 100 data sets (average SD). Lastly, we calculated the
correction bias as the difference between the true activity and the corrected activity.

To assess the correction potential of the various strategies we used separate linear
regression models to assess the association between average week level PA (independent
variable) and an outcome variable known to be associated with PA (BMI). Models were run
separately using the true data with no correction and using the simulated data with each

correction technique. Models adjusted for standard potential confounders (age, ethnicity,
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education, smoking status, alcohol use, breast cancer stage, and progesterone receptor status). In
addition, correction method 3 (regression model adjustment for WT) also included the daily
average wear time (based on the simulated week) as a covariate in the regression model.

Correction potential of each method was quantified by calculating the relative efficiency
of each method compared to the naive model, and statistical coverage, as well as by comparing
the estimate (8p4) and p-values from the true data with that from the simulated data after each
correction (model bias). Relative efficiency was calculated by taking the ratio of the mean-
squared error (MSE) between the tested correction method and the uncorrected naive method.
Relative efficiency was calculated in comparison to the naive method as MSE is calculated as the
squared difference between the corrected estimate and the true data estimate, averaged across the
simulations. Coverage was calculated as the proportion of simulation iterations for which the null
hypothesis was rejected, with the estimate in the same direction as the true data, in each of the
100 simulated data sets, using the true data model’s significance level as the alpha. Relative
efficiency and coverage are displayed graphically by plotting a bar-graph of the relative
efficiency/coverage produced by each correction method. Separate graphs are displayed for total
physical activity and MVPA.

Regression models were run separately for each of the 100 simulated data sets and
outcome parameters were averaged across the 100 data sets.

Results

The full RFH cohort had 333 subjects with an average of 10.8 (SD=4.1) wear days per
person, and 10.2 (SD=5.7) hours per day of wear. The true data set, which included only days
with > 12 hours of wear, included 328 subjects with an average of 6.4 (SD=1.9) wear days per

person, and 14.4 (SD=1.5) hours per day of wear making up the true data set. Across the 100
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pseudo-simulated datasets, consisting of the 328 subjects, average device wear was 12.5
hours/day (average SD=4.2, simulation SD=0.02).

The distribution of weekly average min/day of total physical activity and MVPA in the
true data, and in the simulated data with each wear time correction, is shown in Table 2.1. In
comparison to the true data, the simulated data with no correction applied (naive) underestimated
total activity by an average of 41.58 min/day and MVPA by an average of 2.68 min/day.
Normalized activity measures resulted in estimates of mean total activity and MVVPA that were
farthest from the true data, underestimating total activity and MVPA by an average of 49.26
min/day and 2.92 min/day respectively. In addition, normalization had the largest variation
between simulations for MVVPA (simulation SD = 0.47 min/day). Residualized activity, provides
average estimates that are identical to the uncorrected data, but with slightly lower average
standard deviation. Random slope imputation also provided average estimates roughly identical
to the uncorrected data, but with a slightly larger average standard deviation. Random slope
imputation also resulted in the largest variation between simulations for total PA and second
largest for MVPA (simulation SD = 6.04 and 0.44). The multiple imputation technique resulted
in estimates that were the second most closely matched to the true data, behind normalization,
underestimating total activity and MVVPA by an average of 14.55 min/day and 1.68 min/day
respectively. The imputation technique also resulted in the lowest variation in total activity
estimates across simulations (simulation SD = 0.84) although this same trend was not true for

MVPA.

50



Table 2.1: Comparison of activity estimates: True data and simulated data with corrections

applied.
Total Physical Activity (min/day) MVPA (Min/Day)
Mean Mean
Average Sim  Difference Average Sim  Difference
Method Mean SD SD  (Corrected- Mean SD SD  (Corrected
True) -True)
True Data (n=328) 326.74 83.97 - - 20.24 18.40 - -
Simulated Data
1) Naive 285.16 82.58 1.08 -41.58 17.56 16.35 0.17 -2.68
2) Normalized 277.48 73.76 1.25 -49.26 17.32 18.07 0.47 -2.92
4) Residualized 285.16 79.02 1.08 -41.58 17.56 16.23 0.17 -2.68
5) Random slope 28601 88.65 604  -40.73 1763 1767 044  -261
imputation
6) Multiple imputation =~ 312.19 76.10 0.84 -14.55 18.56 16.35 0.20 -1.68

Numerical results of the comparison of regression model output for each correction
methods are presented in Table 2.2 while Figures 2.2 to 2.5 present the corresponding graphical
representation. As noted previously, relative efficiency was calculated as the ratio of MSE from
the correction method versus that of the naive method, thus lower values indicate better
performance. Coverage was calculated as the proportion of times the null hypothesis was
rejected, with the estimate in the same direction as the true data using the true data model’s
significance level as the alpha, thus higher values indicate better performance.

As shown in Table 2.2, comparison of the estimates for regression models of activity
(total PA or MVPA) on BMI reveal differences from the true value that range from a 2% to 15%
difference. For total PA, normalization and adjusting for wear time provided estimates closest to
the true value (5% and 2% below the true value), however these corrections also resulted in the
largest standard errors for the estimate. Conversely, for MVPA, normalization provided MVPA
on BMI estimates among the farthest from the true value (11% below the true value) but resulted
in the lowest standard error of the estimate (SE=0.94). Residualization resulted in estimates and
standard errors equivalent to no correction, for both total PA and MVPA models. For total PA on

BMI, random slope imputation provided estimates furthest from the true value (15% below the
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Table 2.2: Comparison of regression model output: True data and simulated data with
corrections applied.

) % SE of )
Method Estimate ES(térB?te Estimation esst:;:n(;fte estimate E?;L?gxi CF;?/reCreame
Bias (SD) y g
. Original Data -0.53 -- -- 0.20 -- -- --
£ 1)Naive -0.48 0.10 -10% 0.21 0.006 1 25
B 2) Normalized -0.51 0.08 -5% 0.23 0.005 0.5 8
< — i
= 3 Adustforwear o5 005 2% 023  0.003 02 0
S5 time
2 E 4) Residualized -0.47 0.09 -11% 0.22 0.005 0.9 13
= ?%Eig?% m slope 5 45 0.08 -15% 019  0.005 1.0 27
"5' .
- ?%Bﬁ‘t‘;'lgf -0.59 0.06 10% 0.22 0.004 05 45
Original Data -3.67 -- -- 0.91 -- -- --
1) Naive -4.02 0.23 9% 1.03 0.022 1 23
S 2) Normalized -3.25 0.63 -11% 094  0.088 33 9
§ fi)m'Z‘dJUSt forwear g9 0.20 8% 1.04 0.021 08 10
§ 4) Residualized -3.99 0.21 9% 1.05 0.022 0.8 10
S
S ?%E&g‘:% r: slope -3.74 0.19 2% 096  0.021 0.2 22
?%m‘:;:gf -4.07 0.21 11% 1.03 0.021 12 30

true value) but with the smallest standard error of the estimate (SE=0.19). For MVVPA on BMlI,
random slope imputation provided estimates closest to the true value (2% above the true value)
and with the second smallest standard error of the estimate (SE=0.96). For total PA on BMI
multiple imputation had similar bias and standard errors as no correction (10% bias, SE=0.22),
but was the only correction to result in an estimate that was larger than the true value.
Comparison of relative efficiency in total physical activity models (Figure 2.3) illustrates
that adjusting for wear time performed the best (RE=0.2), followed by normalization and
multiple imputation (RE=0.5), while the relative efficiency of residualization and random slope
imputation was similar to no correction (RE=0.9 and RE=1). In MVPA models (Figure 2.3)
random slope normalization had the best relative efficiency (RE=0.2) while normalization

performed the worst (RE=3.3) and the others performed similarly to no correction.
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Figure 2.2: Relative efficiency, compared to the naive model, of different correction methods in
estimating the total physical activity coefficient.
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Figure 2.3: Relative efficiency, compared to the naive model, of different correction methods in
estimating the MVPA coefficient.
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Figure 2.4: Comparison of coverage for estimating the significance of the total physical activity
coefficient.
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Figure 2.5: Comparison of coverage for estimating the significance of the MVPA coefficient.
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Performance with regard to percent coverage (Figure 2.4) was consistent between total
activity and MVPA models. Multiple imputation correction had the greatest percent coverage,
followed by random slope normalization, which was similar to uncorrected data. While
residualization, adjusting for wear time, and normalization all had coverage much lower than
uncorrected data.

Discussion

In this study we used a pseudo simulation, based on generating real-world missing data
patterns, to compare the efficacy and practical difference of 6 techniques used to account for
missing accelerometer wear time. Quantifying and comparing the effectiveness of wear time
correction techniques is important as it is a critical step towards uniform practice for physical
activity analyses. Specifically, this study examined wear time corrections for use when physical
activity is the independent variable of interest and day level physical activity must be aggregated
to the week level.

We observed that the correction providing the greatest precision (relative efficiency) and
least bias was not consistent between physical activity models (total activity or MVVPA). For total
PA, adjusting for wear time, arguably the most commonly used correction, had the least bias and
the greatest relative efficiency, however had high standard errors and zero percent coverage.
Also, for total PA, Random slope imputation had the largest bias and a relative efficiency
equivalent to no correction however achieved low standard errors and relatively high percent
coverage. Lastly with regard to total PA, multiple imputation had bias equivalent to no correction
but good relative efficiency and the greatest percent coverage. For MVVPA, adjusting for wear
time and residualization performed equivalent to no correction but with much a lower percent

coverage. Random slope imputation had the least bias and best relative efficiency but had only
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moderate coverage, equivalent to no correction. While multiple imputation had bias and
precision slightly worse than no correction but did achieve higher coverage.

Adjusting for wear time is arguably the most common correction applied to physical
activity research and while it performed well for bias and precision in the total PA model, it
performed only equivalent to no correction in MVVPA models and consistently achieved much
lower coverage. Therefore, applying no correction appears to be a better alternative than
adjusting for wear time.

Random slope imputation and multiple imputation appear to perform the best overall.
Random slope imputation resulted in very high precision and low bias in the case of MVPA,
moderate precision and bias in the case of total activity and good coverage in both cases.
Another strength of random slope imputation is that it was also shown by Xu et al. to be a good
option for use when physical activity is the dependent variable of interest,8 thus providing a
correction that is conducive to uniform practice in physical activity analyses (i.e. regardless of
whether activity is the independent or dependent variable). A limitation of random slope
imputation is that it is dependent on selection of an analyst-defined full wear day. This study
used 12 hours as the full day as this was the minimum number of hours selected for inclusion
into the true data set. However, the number of hours in the ‘true’ data is not knowledge that
researchers with a free-living data set would know. Multiple imputation was also a viable
correction as it resulted in the highest coverage for both total activity and MVPA. The multiple
imputation approach also has the advantage of using a zero-inflated Poisson and Log-normal
distribution to specify missingness and thus is more precisely tailored to the patterns of
accelerometer missingness'’; additionally we found that it produced more accurate average

estimates of physical activity. However, a practical disadvantage is that this multiple imputation
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approach uses minute-level data (a major computational drawback in large observational
studies).

There are limitations inherent to the use of a simulation, which relies on the assumption
that the simulated data set is an accurate representation of what the data would be if those who
wore their accelerometer all day had been less compliant. This limitation is greatly diminished
by the use of a pseudo simulation, rather than a standard simulation, as pseudo simulations use
actual data from similar participants to make these assumptions. At the same time, the use of a
postmenopausal breast cancer survivorship population as well as the use of hip worn
accelerometers with an “awake time” wear protocol (rather than 24-hour wear) may have led to a
pattern of missingness different from what would have been seen in a different population with a
different accelerometer wear protocol. In addition, RFH had a strict wear criterion for entry into
the study and obtained re-wears for any participants who did not achieve at least 10 hours per
day for 5 days. This is a strength of the study as the “true data” is representative of the entire
sample rather than coming from just the few people with large wear. However, this is also a
weakness as missingness patterns may be different in groups who are not compliant with this
stringent re-wear criteria. Notably, these limitations are mitigated as other studies have found
similar missingness patterns to the one used for our simulation.?>?® Another potential limitation
is that it is common practice in physical activity research to remove all days with less than a
specified amount of wear from the analytic sample.?#?% We were not able to test removal of days
with less than a set number of hours as it would essentially undo the pseudo simulation, leaving
only days with a small amount of wear removed, thus making any outcomes look more like the
true data then would occur in a free-living situation. This is not a major limitation as a goal of

this research was to identify a wear time correction that reduced the need to omit days with
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insufficient wear, thus increasing power and lowering participant burden to wear the device for
extended periods.

In our population of older (postmenopausal) female cancer survivors, random slope
imputation appears to be a viable option given its ease of use and good relative performance.
While a future project should seek to further compare the random slope imputation and multiple
imputation wear time correction techniques under various circumstances, this pseudo simulation
approach provides a paradigm for testing correction methods and choosing the one that is best
suited for each application and population.

In summary, this study provides a comparison of wear time correction techniques for use
when physical activity is the independent variable of interest and day level physical activity must
be aggregated to the week level. This adds to the literature for which there is only validation
when physical activity is the dependent variable. Having a wear time correction validated in
multiple analytic situations will allow for the standardization of techniques used in physical
activity analyses and reduces the need to discard data with low wear. Our results indicate that use
of a random slope imputation or accelerometer specific multiple imputation could help to negate

the error, due to missing wear time, that is inherent in the use of accelerometers.

* Chapter 2 is currently being prepared for submission for the publication of the material. Co-
authors include Selene Xu, Suneeta Godbole, Dr. Ruth Patterson, Dr. Jacqueline Kerr, Dr. Sheri
Hartman, Dr. Caroline Thompson, and Dr. Loki Natarajan. The dissertation author was the

primary investigator and author of this material.
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CHAPTER 3:
Continuous, Objective Measurement of Physical Activity During Chemotherapy for Breast
Cancer: The Activity in Treatment Pilot Study
Sandahl H. Nelson, Lauren S. Weiner, Loki Natarajan, Barbara A. Parker, Ruth E. Patterson,
Sheri J. Hartman
ABSTRACT

Purpose: To assess patterns of objectively measured physical activity in women
undergoing chemotherapy for breast cancer and identify predictors of these patterns.

Methods: Thirty-two women enrolled in the Activity in Treatment observational pilot
study prior to starting chemotherapy. All women were given a Fitbit to wear throughout
chemotherapy. Restricted cubic splines were used to assess non-linear patterns of Fitbit
measured total physical activity (TPA) and moderate to vigorous physical activity (MVPA)
throughout the duration of chemotherapy treatment (mean of 17 weeks, SD=6.3). Mixed effects
regression models were used to assess the rate of decline. Regression of subject level random
slope were used to assess predictors of the rate of decline in PA on participant characteristics,
cancer characteristics, and self-reported physical and mental functioning.

Results: MVPA declined linearly at a mean of 1.4 min/day (p=0.002) for every 10% of
the duration of chemotherapy, while total activity declined linearly at an average of 13.4 min/day
(p=0.0007) for every 10% of chemotherapy, until around half way through chemotherapy at
which point activity rates leveled off. Having HER+ receptor status was associated with a greater

rate of decline in MVPA, =13.3, p=0.04.
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Conclusion: Much of the reduced physical activity level seen among breast cancer
survivors looks to occur during the first half of a course of chemotherapy. It appears that

interventions to target physical activity should target this early decline in activity levels.
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Introduction

Over 3.1 million women are currently living with a diagnosis of breast cancer in the
United States (US), representing 41% of all female cancer survivors.! The increased breast
cancer survival rate has necessitated a shift in cancer care towards enabling patients to improve
their quality-of-life during and after treatment. Dependent on the stage, some 40-75% of women
diagnosed with breast cancer receive chemotherapy! which is often associated with negative side
effects such as fatigue, nausea, disturbed sleep, decreased activity, and weight gain.>* Data
from animal and human studies indicate that physical activity after a diagnosis of breast cancer
may counteract some of these negative effects, thus improving quality of life for breast cancer
survivors.>10

Despite many potential benefits of engaging in physical activity during breast cancer
treatment, it appears that activity levels typically decline throughout treatment.**"*> Much of the
existing research on how physical activity changes with breast cancer has focused on physical
activity levels in the period following treatment. These studies have found activity levels to be
below that of healthy controls and well below recommended levels.*®2° Numerous observational
studies have examined patterns of physical activity during active treatment for breast cancer.t!-
152123 However, to our knowledge, all studies but one relied on self-reported activity levels and
therefore only able captured periodic, often retrospective, snap shots of activity. Despite these
limitations, the majority of studies agree that physical activity decreases from before to after
treatment!'2° and that the decrease is greater in women who receive chemotherapy as part of
treatment.*>>22 Additional factors have been assessed as predictors of this decline, including age
and obesity, but findings are mixed.****> Randomized controlled trials of physical activity

during treatment for breast cancer indicate significant positive effects, including improved sleep
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quality,® fatigue improvement,® and increased disease free survival.®’ In addition, evidence from
animal studies indicate that physical activity during treatment may increase the efficacy of
chemotherapy.?*? Therefore, understanding the patterns and predictors of physical activity
during chemotherapy can have a significant public health impact by facilitating interventionists’
understanding of key points in the process in which to intervene, and by helping clinicians assess
when their patients are most likely to need extra motivation to stay active.

In the Activity in Treatment (ACT) pilot study, we assessed daily physical activity levels
using objective measurement throughout the patient’s chemotherapy treatments. We recruited
women just before initiation of chemotherapy for breast cancer and all women were given a wrist
worn activity tracker (a Fitbit Charge HR) to wear throughout the duration of their treatment.
The daily activity data, along with chemotherapy associated medical records, were gathered to
assess natural trends in physical activity throughout chemotherapy and assess health and
participant characteristics associated with changes in physical activity.

The aim of this study is to increase our understanding of free-living patterns of physical
activity during chemotherapy for breast cancer and to assess correlates of these patterns in
physical activity.

Building on the evidence that physical activity is beneficial during chemotherapy,° yet is
decreased in breast cancer survivors,*6-2° this in-depth data will provide a new perspective on the
patterns of activity levels. It will also help to identify if there are critical times in which to
intervene to prevent physical activity declines, thereby helping to inform the development of
disseminable physical activity programs that can shape guidelines for providers to help their

patients stay physically active during this important time.
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Methods
Study Design

This was a longitudinal pilot study that recruited breast cancer patients who were
scheduled to have chemotherapy at a UC San Diego clinic. Participants were recruited prior to
starting chemotherapy via oncologist referrals and flyers posted in the oncologists” waiting room.
Flyers directed potential participants to contact the research team by telephone or email and/or
potentially eligible participants were approached by their oncologist to determine interest and
were then contacted via telephone by study staff. All potential participants were screened by
telephone for eligibility based on the following inclusion criteria: (1) diagnosed with breast
cancer, (2) scheduled to receive chemotherapy, but had not yet started, (3) receiving
chemotherapy at a UCSD clinic, (4) willingness to wear the Fitbit monitor throughout their
course of chemotherapy, (5) access to a computer or Bluetooth enabled phone/tablet to upload
the Fitbit data, (6) able to read and communicate in English, (7) Age 21 to 85 years old, and (8)
No serious physical limitations that greatly limited mobility.

Interested and eligible participants attended a single study visit at the start of the study,
prior to initiation of their chemotherapy. At this visit participants were provided a wrist worn
activity tracker, the Fitbit Charge HR, and were instructed on how to wear and upload (synch)
the Fitbit data on a computer or mobile device. Participants were asked to wear the Fitbit for 24
hours a day throughout chemotherapy and to sync it with the Fitbit mobile app or website at least
once a week. Participants were not asked to alter their exercise in any way. Participants also
completed computerized Patient-Reported Outcomes Measurement Information System
(PROMIS) questionnaires. At study completion, data from electronic medical records were

collected including stage and cancer characteristics at diagnosis, type of surgery, chemotherapy
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regimen, and date of each infusion visit. The study was approved by the UC San Diego

Institutional Review Board and all participants provided written informed consent.
Measures

Fitbit Measured Physical Activity

Physical activity data was collected through the Fitbit Charge HR, an accelerometer-
based activity meter that collects data on intensity of physical activity at the minute level. The
Fitbit Charge HR has begun to be validated against the Actigraph GT3X and has shown strong
correlation?® and although step counts appear to provide poor agreement, agreement in regard to
MVPA is strong.?” The Fitbit is watch sized, provides a digital clock, is wrist worn, and holds 20
days of physical activity data. Fitbit data (physical activity and heart rate) was accessed through
Fitabase, a web-based database program that collects physical activity, heart rate, and sleep data
from the Fitbit cloud. Study staff monitored Fitabase to ensure that the Fitbit was being synced
and charged. Participants were contacted by study staff if they had not synced for at least one
week or if battery charge was low.

Fitbit’s proprietary algorithm classifies the types of activity over a 24-hour day, with each
minute classified as being asleep, sedentary or in light, moderate, or vigorous activity. Activity
level by minute was downloaded and cleaned using R?® to calculate daily total physical activity
minutes (TPA), moderate to vigorous physical activity minutes (MVVPA), and total non-sleep
wear minutes. Non-wear time was determined by the lack of heart rate and activity (steps or
intensity) at any given minute. All days are considered a “valid day” if there was any wear
recorded (defined as > 5 minutes of wear). This 5-minute threshold for a valid Fitbit wear day
was used to avoid recording days where the Fitbit had simply been picked up and moved from

one place to another while, at the same time, avoiding excluding days where the participant had
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purposefully worn the Fitbit. Our analyses used an inverse wear time weighting, which has been
validated to account for missing wear without excluding days based on minimum wear hours in a
day.
Chemotherapy

Participants were asked to wear the Fitbit throughout their chemotherapy. For this study,
we defined chemotherapy time in terms of the original chemotherapy plan. Participants who,
after completing or stopping their original planned chemotherapy, were switched to a different
chemotherapy regime and given a new chemotherapy plan, were considered finished with the
original chemotherapy plan for the purposes of our analyses. The first day of chemotherapy was
defined as the first day of infusions and the final day was defined as 14 days after the last
infusion of the original chemotherapy plan. Fourteen days was chosen because it was the mean
length of time between infusions.
Other Measures

Medical charts were abstracted to obtain information regarding cancer diagnosis and
treatment (cancer stage at diagnosis, receptor status, date of each infusion), height and weight.
Baseline questionnaires were used to collect demographic data as well as self-reported cognitive
and physical functioning. PROMIS questionnaires were used to measure the self-reported
cognitive and physical functioning. These measures assess patient-perceived abilities and
problems in the past 7 days. Higher scores represent greater ability. The scores are standardized
with a mean of 50 and a SD of 10.

Data Analyses
Descriptive statistics (mean/SD or n/%) were calculated for demographics, self-reported

functioning, and cancer related variables. In addition, we calculated the mean and standard

67



deviation (SD) for the number of days participants wore the Fitbit as well as the average
percentage of chemotherapy days with Fitbit wear. Lastly, we (1) calculated the mean and SD for
each participant’s average minutes/day of MVPA, TPA, and hours/day of non-sleep wear
overall; and (2) calculated these values during the time pertaining to 0-10%, 45-55%, and 90-
100% of chemotherapy completed. Given variation in chemotherapy lengths among participants,
the percentage of treatment that had been completed at each day (percentage chemotherapy
completed) was used as the time variable throughout this analysis to standardize the time axis,
with all statistical analyses controlling for the total number of chemotherapy infusions. Patterns
of physical activity were examined graphically by plotting the average day level physical activity
(MVPA or TPA) by percentage of chemotherapy completed, with a rolling average of the
physical activity overlaid as a line to help visualize trend.
Statistical Analysis

Restricted cubic splines (RCS) were used to model patterns of change in physical activity
(MVPA and TPA) throughout chemotherapy (modeled as the percentage of chemotherapy
completed) while allowing for non-linearity. RCS models included 3 knots as determined by QIC
comparison. The 3 knots were located at prespecified locations according to the percentiles of
the distribution of percentage of chemotherapy completion, the 5™, 50", and 95" percentiles.*
The restricted cubic spline model was carried out using mixed effects regression with a subject
level random intercept and slope. A test for non-linearity was carried out by comparing the log
likelihoods of the model containing the knots with the linear model. Restricted cubic splines
were carried out using PROC GLIMMIX, SAS Version 9.4 (SAS Institute Inc., Cary, NC, USA).

Interpretation of non-linear models was carried out graphically by plotting predicted physical
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activity (MVPA or TPA), based on the RCS model, on the y axis by percentage of chemotherapy
completed on the x axis.

After visual inspection of the RCS model, we assessed the linear change in physical
activity throughout chemotherapy (modeled as the percentage of chemotherapy completed) for
the visually ascertained linear range (0-60% for MVPA and 0-50% for TPA) using linear mixed
effects models with a subject level random intercept and slope on percentage of chemotherapy
completed. All models control for the confounding effects of total infusion count, cancer stage,
receptor status, education, BMI, and age. All models account for wear time using inverse wear
time weighting? and use an unstructured covariance structure.

We assessed 7 possible predictors of the rate of physical activity change; participant
characteristics (age, BMI), cancer related variables (receptor status, cancer stage, mastectomy),
and baseline self-reported functioning (cognitive and physical). Predictors of the rate of physical
activity change were assessed by first determining the subject specific slope. The slopes were
determined using a linear mixed effects model of the 2 physical activity measures (separately) on
percentage of chemotherapy completed, with a subject level random intercept and slope,
controlling for total infusion count and accounting for wear time using inverse wear time
weighting. The mixed effects model was carried out on only the portion of chemotherapy
determined to have a linear decline in activity based on visual assessment of the restricted cubic
spline model (0-60% for MVPA and 0-50% for TPA). We then regressed the subject level slope
on each of 7 possible predictors: age, BMI, receptor status, cancer stage, mastectomy and

baseline self-reported cognitive and physical functioning.
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Results
Study Population

Eighty-one women were screened by telephone for eligibility. Of these, 33 were eligible
and 32 completed a baseline visit. Ineligibility reasons included: already started chemotherapy
(n=19), change in treatment plan or no longer receiving chemotherapy (n=12), not receiving
chemotherapy at UCSD (n=5), uncomfortable reading/communicating in English (n=3), and not
interested/unable to comply with study procedures (n=42).

Baseline characteristics of the 32 study participants are outlined in Table 3.1. Participants
were on average 50 years old, had a BMI of 28, and reported roughly average self-reported
cognitive and physical functioning. The majority of participants had stage Il cancer and received
a lumpectomy. The participants received, a mean of 10 chemotherapy infusions and had a mean
chemotherapy duration of 17 weeks.

Physical Activity Trends

Table 3.2 provides the distribution of Fitbit wear and average physical activity (min/day
of TPA and MVPA) overall and at segments of chemotherapy corresponding to 0-10%, 45-55%,
and 90-100% of chemotherapy completed. On average, women wore the Fitbit for 84%
(SD=20.1) of their chemotherapy days and wore the Fitbit on average 13 (2.7) waking hour/day.
Participants averaged 11 (9.4) minutes/day of MVVPA and 189 minutes/day (77.2), or 3.2
hour/day, of total activity.

Figures 3.1 and 3.2, provide a graphical representation of average day level physical
activity by percentage of chemotherapy completed. Figure 3.1 shows that MVVPA declines
throughout chemotherapy while, Figure 3.2, shows that total physical activity declines until

about half way
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Table 3.1: Participant characteristics in a sample of breast cancer patients (n=32)

Variable mean (SD) or n/%
Demographics

Age 49.6 (10.72)
BMI 27.5 (6.03)
White 25/78.1%
Latina 5/15.6%

Education (% college graduates) 20/62.5%
Married or living with partner 17/53.1%
Employed 22/ 68.8%

Self-reported functioning

Cognitive 51.9 (10.92)
Physical 54.0 (6.11)

Cancer Characteristics
Disease stage

Stage | 5/15.6%
Stage Il 19/59.4%
Stage Il 6/18.8%
Stage IV 216.3%
Receptor type
HER2+ 9/28.1%
ER+ or PR+, HER2- 12/ 37.5%
Triple-negative (ER-, PR-, HER2-) 11/34.4%
Pathologically positive lymph nodes 18/58.1%
Mastectomy 9/28.1%
Infusion count 9.7 (6.02)
Chemo duration, weeks 17.3 (6.26)

Table 3.2: Physical activity and Fitbit wear distribution (n=32)

Variable Mean (SD)
Days with Fitbit wear¥ 102.5 (48.42)
Percent of chemo days with Fitbit wear 84.0 (20.10)
Chemotherapy Overall

Fitbit wear hours/day” 12.9 (2.69)

MVPA min/day 10.5 (9.43)

Total PA min/day 189.1 (77.15)
0-10% of chemotherapy*

Fitbit wear hours/day” 13.9 (2.80)

MVPA min/day 15.2 (15.42)

Total PA min/day 203.5 (89.75)
45-55% of chemotherapy*

Fitbit wear hours/day" 12.4 (4.11)

MVPA min/day 9.7 (11.00)

Total PA min/day 183.8 (82.82)
90-100% of chemotherapy*

Fitbit wear hours/day” 12.8 (3.57)

MVPA min/day 7.2 (8.72)

Total PA min/day 172.4 (93.01)

¥ Days with > 5 min wear
T Non-sleep wear
*Distribution at proportion of chemotherapy completed
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through chemotherapy and then levels off. Because these figures appear to suggest a tapering off
in the decline in activity, we began our examination by assessing the significance of a non-linear
association between activity and percentage of chemotherapy.

Non-linear analysis of activity by percentage of chemotherapy shows a significant non-
linear association for both MVVPA and TPA (both p < 0.001). Figures 3.3 and 3.4 provide
graphical interpretation of the non-linear model. In Figure 3.3 we see that MVVPA declines
roughly linearly until around 60% of chemotherapy and then levels off. In Figure 3.4 we see that

TPA declines until around the midpoint (50%) of chemotherapy and then rebounds slightly.
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Figure 3.3: Non-linear association between percent of chemotherapy and MVPA, n=32
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Figure 3.4: Non-linear association between percent of chemotherapy and total activity, n=32

Based on our non-linear analysis we carried out statistical analysis of the linear change in
activity by percent of chemotherapy, during the portion of chemotherapy with a linear trend (0-
60% for MVPA and 0-50% for TPA based on visual inspection of the non-linear analysis) Linear
analysis shows a significant decrease in MVVPA and TPA as chemotherapy progresses (f=-14.2,
p=0.002 and =-133.9, p=0.0007). This can be interpreted as a 1.42 minute/day decline in
MVPA and a 13.39 minute/day decline in TPA for every 10% of chemotherapy that passes, up
until physical activity decline plateaus, equating to a total decline of 8.5 minutes/day (1
hour/week) in MVPA and 67 minutes/day (7.8 hours/week) in TPA.

Predictors of Physical Activity

We assessed age, BMI, receptor status, cancer stage, mastectomy, and baseline self-

reported cognitive & physical functioning as potential predictors in the rate of physical activity

decline. We found no significant predictors for TPA, although BMI did trend towards greater
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declines in TPA (B=-7.9, p=0.09). For rate of decline in MVPA, receptor status was significant:
those with a HER2+ receptor status had a significantly greater rate of decline then those with a
HER2- and ER or PR+, or triple negative receptor status (B=13.3, p=0.04). However, when
compared individually, the difference between HER2+ and those who were HER2- /ER+ or PR+
and between HER2+ and triple negative did not achieve significance (f=14.1, p=0.05 and
B=12.5, p=0.09). This result is likely due to the relatively small sample size when split into 3
groups. No other variables were significant predictors for declines in MVPA, although age and
BMI did trend towards greater declines in MVPA (=-0.42, p=0.12 and p=-0.68, p=0.16).
Discussion

In this pilot study we assessed physical activity using daily objective measurement in 32
women throughout the duration of their course of chemotherapy for breast cancer. We observed
a significant decline in MVPA and TPA from the start of chemotherapy until roughly half way
through treatment. Equivalent to a decrease of 1 hour/week in MVPA and 8 hour/week in total
activity. We also found that a HER2+ receptor status, greater age, and higher BMI were the
strongest predictors of decline in MVPA.

To our knowledge, this is only the second study of physical activity during chemotherapy
for breast cancer, outside of a physical activity intervention, to use an objective assessment of
physical activity. To our knowledge, it is also the first to include an assessment of physical
activity for the duration of a complete course of chemotherapy. The first study using objective
measures? assessed only the first 14 days of chemotherapy and measured steps rather than
minutes of activity as our study does. Despite these differences, their findings are consistent
with ours as they also found a significant decrease in activity even in this short time.?® Our

findings are also consistent with the largest study to examine physical activity during treatment
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for breast cancer,*® (n=19,696) which assessed retrospectively self-reported pre-diagnosis
activity and activity at 6 months after diagnosis. Their study included all treatment types and
found the greatest decrease in physical activity was among those who underwent chemotherapy.
They reported a decrease in MVVPA of around 2 hours/week for those who received
chemotherapy and 1.6 hours/week for those who received chemotherapy and radiation. This
finding was consistent with ours, although was larger than the decrease of 1 hour/week in MVPA
that we observed based on our linear analysis. The difference is partially explained due to the
previous study’s comparison with pre-diagnosis activity levels which another study found to be
higher than post-diagnosis/pre-treatment levels.3* Another explanation for the discrepancy in
magnitude of findings is the difference in measurement (self-report versus objective) because
self-report physical activity is prone to poor recall or social desirability (ie, over-reporting of
activity).? Our use of objective measures also expands upon their findings as these measures
permitted daily measurement, allowing for the elucidation the timing of changes in physical
activity levels during chemotherapy.

Several studies have reported that the greatest declines in physical activity were seen in
those who received chemotherapy.'**2! Our study focused on those receiving chemotherapy
and, unlike these earlier studies, examined factors within this population that might signal an
opportunity for increased intervention to thwart decline. We found that those with a HER2+
receptor status had significantly greater decline in MVPA, a result not seen in the only other
study to examine this predictor.®® This discrepancy may be due to the fact that our study was
restricted to those receiving chemotherapy, and it might be only among those treated with
chemotherapy that HER2 status predicts decline. It is also possibly explained by the use of

specific chemotherapy in HER2 positive cancers.® We also found that increased age and BMI
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were associated with greater, although non-significant, decreases in MVVPA, both of which are
consistent with previous findings.%41°

Studies assessing activity levels in women only after the completion of treatment have
found that physical activity in breast cancer survivors is below recommended levels'®1:20:34 and
below that of matched controls.3° These previous studies report only small further decreases in
activity following completion of treatment,'”?° coupled with our findings, this suggests that the
decline is happening during treatment.

There are several limitations to our study. As this was a pilot study, the chief limitation is
the small sample size. Despite this, the long duration of daily measurements allowed us to assess
significance of the decline in activity. The assessment of physical activity throughout
chemotherapy is also limited by the fact that women undergo chemotherapy of varying lengths.
We attempted to mitigate this by changing the time scale from days to percent of chemotherapy
completed at each day. In this way we were able to avoid having extremes of time with only a
few, potentially sicker, participants still completing their chemotherapy.

Another possible limitation is the use of a commercially available Fitbit to measure
activity. Because the Fitbit provides the user immediate feedback on activity and steps taken, this
might have resulted in women being more active than they otherwise would have been,
potentially attenuating our findings. However, a previous trial found that a Fitbit alone did not
significantly increase physical activity beyond that seen in controls.®® A final limitation is the
possibility that selection bias may have occurred because participants knew they would be
provided a Fitbit. Consequently, women more interested in/accustomed to physical activity may

have self-selected to participate. Previous research has shown that women with higher starting
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levels of activity have greater declines in activity during treatment,® thus our study may have
seen greater declines than if no self-selection had occurred.

Despite limitations, using Fitbit to record activity offered considerable advantages. First
is the strength of using an objective, versus self-report, measure to capture physical activity,
thereby reducing possible bias due to recall or social desirability.*? Second is the fact that, in
addition to activity, the Fitbit monitors heart rate, making wear time more measurable. Lastly, by
using the Fitbit, which has been designed to be small and attractive and acceptable for long term
use, we were able to ask women to wear the device for the entirety of chemotherapy and achieve
high compliance.

Given the WHO recommendation of 150 min/week of MVPA,® the decrease of 60
min/week of MVPA is alarming and is likely a large contributor to the low activity levels seen
among breast cancer survivors. Therefore, these results indicate that interventions are needed
early in chemotherapy to stem this decrease in activity. The next step, beyond replicating these
findings in a larger cohort of patients, is to recruit women early enough to be able to objectively
measure trends in activity starting prior to diagnosis and continuing into chemotherapy. This
would expand our understanding of the decline in objectively measured physical activity and
provide a greater understanding of when to intervene.

To our knowledge, this is the first study to undertake objective daily measurement of
physical activity throughout the duration of chemotherapy for breast cancer. This protocol made
it possible to examine patterns in activity and pinpoint the chemotherapy-related decline in
physical activity, a critical finding that can aid development of interventions to counteract this

drop in physical activity.

78



* Chapter 3 is currently being prepared for submission for the publication of the material. Co-
authors include Lauren Weiner, Dr. Loki Natarajan, Dr. Barbara Parker, Dr. Ruth Patterson,
and Dr. Sheri Hartman. The dissertation author was the primary investigator and author of this

material.
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DISCUSSION

Physical activity is associated with improved outcomes and quality of life in breast
cancer survivors.? Although there is a growing body of research on physical activity in cancer
survivors,® there remains a lack of standardization in how physical activity data is collected,
analyzed, and interpreted.* At the same time, recent advances and market adoption of wearable
activity monitors have made it possible to collect long term, continuous, objective data of
patients rather than relying on snapshots of activity.*®

The overarching theme of this dissertation is physical activity among breast cancer
survivors, with a two-fold goal. First, we examine methodological issues in the collection and
analysis of physical activity data within this population. Second, we aim to fill the gap in
knowledge regarding free-living physical activity of patients undergoing chemotherapy for breast
cancer using a commercially available activity tracker allowing for long term, continuous,
collection of data.

Capturing Physical Activity Estimates

Historically, physical activity estimates have been assessed using participant self-report.
However there has been a shift to objective measurement using accelerometers, which avoids the
potential for bias in self-report, such as recall or social desirability.> Nonetheless, physical
activity estimates captured using standard accelerometer cut-points may be insensitive,
especially misclassifying older adults due to differences in perceived (relative) and measured
(absolute) intensity.” Chapter 1, titled Physical activity change in a randomized trial:
comparison of measurement methods, examined the agreement between self-report and standard
cut-point accelerometry within the context of a randomized trial that promoted increased

physical activity in postmenopausal breast cancer survivors. This chapter also examined a
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machine learning method for processing accelerometer data to provide estimates that would more
readily account for perceived intensity while still avoiding biases associated with self-report. The
context of a randomized trial allowed us to examine how these measurement methods compare
cross-sectionally and how they capture change in activity after an intervention to increase
physical activity.

In the comparison of baseline measures of MVVPA, we found that self-report estimates
were much higher than standard 19528 cutpoints. However, self-report estimates were closely
matched with activity estimates from both machine learning and the 1041 accelerometry cut-
points, the 1041 cutpoints being a newer threshold proposed to be more appropriate for older
adults.® While all comparisons of the similarity between self-report and machine learning
algorithms are novel, our findings regarding the similarity of self-report and 1041 cut-points are
not consistent with what is generally reported in the literature. The Women’s Health Study
(WHS) found that 1041 cut-points produced lower estimates (than self-report) of the percent
meeting recommended activity levels.?® A second study out of Australia found that 1952 cut-
points produced higher estimates than self-report.!! The differences in these studies, both from
each other and from our study, are likely explained by the difference in self-report measures that
were used. Specifically, we used the GPAQ questionnaire while WHS and the Australian studies
used study-specific questionnaires. Some of the differences may also be due to study eligibility
criteria. For example, participants in the Australian study were only eligible if they reported low
enough levels of activity. These differences spotlight the need to standardize self-report
measures and are a compelling reminder that comparisons of study findings that use different

self-report measures should be done cautiously.
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We also found that self-report estimates showed large increases in physical activity
among both the intervention and control group, while accelerometry-based methods (machine
learning and cut-points) detected only modest increases in the intervention group and showed
decreases among the control group. Previous studies reported a decreased correlation between
self-report and cutpoint accelerometry following an intervention.!* However, we had a novel
finding that the correlation decreased significantly more within the control group than the
intervention group. As the goal of randomized trials is often to detect a statistical difference in
change, we also examined the sensitivity of each measure to detect this difference. We found that
only the machine learning and 1952 cut-points provided sensitive enough measurements to detect
a significant difference in physical activity change.

Machine learning did not produce the differential bias in change that self-report suffers
from, was sensitive enough to detect a difference in change between groups, yet still produced
estimates more closely aligned with the perceived intensity captured by self-report. Thus, we
concluded that machine learning algorithms are a promising method for physical activity
research. A large new cohort of cancer survivors is in the process of longitudinal data collection
that includes accelerometry measures.® Therefore machine learning methods have considerable
potential for better integration of findings from new data collected and previous self-report
findings.

Analysis of Objective Physical Activity Estimates

This dissertation’s inspection of methods used to capture physical activity estimates in
chapter 1 highlights the bias associated with self-report measures and with objective measures
due to different decision rules (e.g. cutpoints) used to process the raw data. However, another

important area that can lead to bias in objective, accelerometer, measures is differences in device
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wear time. While studies can apply strict wear time criteria, there will likely still be some
missing wear time, resulting in biased estimates as well as the discarding of low wear days,
further reducing power and increasing participant burden. Chapter 2, titled Accelerometer
measured physical activity: Methods to account for missing wear, examined statistical methods
used to account for variation in wear time. Specifically, Chapter 2 used a pseudo simulation
based on a cohort of postmenopausal breast cancer survivors to compare 6 different methods for
dealing with wear time in the analysis of physical activity as the independent variable of interest.

We found that adjusting for wear time, arguably the most commonly used correction, had
good relative efficiency compared to no correction, however this adjustment had poor coverage
compared to the true data. Therefore, adjusting for wear time is a poor choice of correction when
we wish to assess the association between physical activity and health outcomes while avoiding
type Il statistical errors. We found that random slope imputation, a novel method introduced by
Xu et al.,*? and a multiple imputation with zero inflated binomial log normal distribution,
designed specifically for accelerometer data by Lee et al.,*® provided the best coverage. We also
found that random slope imputation had good relative efficiency and low bias for MVVPA but not
(comparably) for total activity; while multiple imputation had good relative efficiency and low
bias for total activity but not MVPA.

It is worth noting that while these 2 methods performed the best, we observed little
practical difference (regarding bias and efficiency) between doing nothing regarding wear time
and applying one of these computationally heavy techniques. This finding is especially relevant
if the goal is simply to provide estimates of physical activity, particularly for MVVPA where the
difference in daily estimate between no correction and multiple imputation was on the order of

1 minute/day. As the amount of bias in the estimate was of little practical significance, we

86



focused on percent coverage as our criteria for best correction method in a regression setting, and
recommend multiple imputation or random slope imputation, the latter of which is preferable in
large data sets as it does not require minute level data.
Physical Activity in Cancer Survivors Undergoing Chemotherapy

A main theme of this dissertation was the methodological and computational issues that
arise in physical activity measurement. However, it was also our goal to apply this theory to
application and assess a new practice of physical activity measurement, namely long term
continuous physical activity monitoring. In Chapter 3, titled Continuous objective physical
activity patterns during chemotherapy for breast cancer: The Activity in Treatment study, we
used commercially available Fitbit activity monitors to assess physical activity in 32 women
throughout their chemotherapy for breast cancer, on a mean of 17 weeks. This allowed us to (1)
fill a gap in the literature regarding the pattern of objectively measured physical activity
throughout chemotherapy for breast cancer, (2) assess potential predictors of the trajectory of
physical activity, and (3) assess the feasibility of having cancer survivors wear an activity tracker
for an extended period. By using the Fitbit, which has been designed to be small, attractive, and
acceptable for long term use, women were able to wear the device for the entirety of
chemotherapy and achieve a high compliance (i.e., a mean of 84% of their chemotherapy days).

In the Activity in Treatment (ACT) study we observed a significant decline in both
MVPA and total activity from the start of chemotherapy until approximately half way through
chemotherapy. This equated to a 60 minute/week decrease in MVPA and an 8 hour/week
decrease in total activity. Given the WHO recommendation of 150 min/week of MVPA,* this
decrease of 60 min/week in MVPA implies that the previously observed activity levels below

recommended levels following treatment™>8 could likely stem from a decrease that occurs
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during treatment. Our observations are consistent with previous self-report research'®-2!
including a large study (n=19,696) which assessed retrospective pre-diagnosis activity and
activity at 6 months post-diagnosis and found a decrease in MVPA of around 2 hours/week for
those who received chemotherapy.'®

In addition to the trends in activity, we examined predictors of the rate of decline in
activity. We found that cancer survivors with a HER2+ receptor status had significantly greater
decline in MVVPA. However, this result was not seen in the other study which examined receptor
status as a predictor.'® This difference may be because our study was restricted to those receiving
chemotherapy and perhaps HER2 status predicts decline only among those receiving
chemotherapy. We also found that increased age and BMI were associated with greater (although
non-significant) decreases in MVPA, both of which are consistent with previous findings.1%222

Limitations

The research in this dissertation has several limitations. Chapters 1 and 2 were conducted
in overweight, post-menopausal, breast cancer survivors who were also generally white and
college educated.? This specific population makes methodological conclusions less
generalizable. Specifically, in Chapter 1, the large disparity between self-report and
1952 cutpoints may not be seen in a younger, more fit, population as relative and absolute
intensity may be more aligned. Nonetheless, understanding measurement differences for physical
activity among older adults is of particular importance in breast cancer survivors, as breast
cancer incidence is more than 7 times higher in women over fifty.2* In Chapter 2 this specific
population may have posed a limitation as it means the missing wear profile used to create the
pseudo simulation could have been less representative of what we would see in breast cancer

survivors overall. However previous research has found similar missingness patterns to the one
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used for our simulation.?>?% The work in chapter 2 is also limited by the use of data from a 7-day,
awake time, hip worn, wear protocol. This means that future research (Chapter 3 included) with
24-hour, wrist worn, wear protocols may experience different missingness patterns, especially
when the devices are worn for extended periods of time (weeks or months). Future validations
should be done using data generated from these different wear protocols to confirm.

Chapter 3 is limited by its small sample size because it was a pilot study. The ACT study
was only able to achieve recruitment of 32 due to the small window of time between diagnosis
and the initiation of chemotherapy. Nonetheless, because of the high daily wear compliance, we
were still able to assess trends in activity throughout chemotherapy, although assessment of
predictors of trend had limited power. The use of a commercially available Fitbit was a strength
because it allowed us to capture long term physical activity trends with high wear compliance.
However, the Fitbit provides the user feedback on steps and activity, which may have resulted in
women being more active than they otherwise would have been. If women were more active as a
result of the Fitbit, this would have attenuated our findings. However, a previous trial found that
a Fitbit alone did not significantly increase physical activity beyond that seen in controls.?” In
addition, selection bias may have occurred by recruiting women into a study where they knew
they would be provided a Fitbit. However, we attempted to identify and actively recruit all
women who were eligible for the study, with an aim to reducing self-selection bias.

Future Directions

Previous research has highlighted physical activity as a key self-care tactic to increase
health and well-being in breast cancer survivors.?®3 The potential for a large amount of future
research on this topic highlights how important it is for researchers to adopt standard practices

for processing and analyzing activity data. At the same time, while self-report measurement of
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physical activity has generally given way to objective accelerometer measurement in research,
these research grade accelerometers have laid the foundation for consumer based physical
activity monitoring devices. The increased usability of commercially available devices allows for
long term continuous measurement. Therefore, an important future direction is validating and
standardizing these commercially available devices, especially over long-term wear periods.

Increased adoption of longer-term continuous monitoring makes it feasible to recruit
participants prior to diagnosis to obtain a more complete picture of how physical activity changes
over the course of diagnosis, treatment, and recovery from breast cancer. There has also been a
call to incorporate continuous physical activity monitoring into oncology practice as a more
accurate measure of functional status, thereby helping evaluate the suitability and effects of
therapy in practice and in clinical research.® A recent study in breast cancer survivors showed
support for technology-based exercise interventions and found that 90% reported an activity
tracker would be the most helpful technology to incorporate.® Thus, increased validation and
standardization of commercially available activity monitors can improve our ability to quantify
physical activity and increase physical activity among breast cancer survivors.

Conclusions

Our results highlight the importance of targeting physical activity interventions during
active treatment for breast cancer and lays the groundwork for incorporating long term
continuous activity monitoring into this critical time. Given the benefit of physical activity in
breast cancer survivors, both to increase health and as a potential clinical marker of functional
status, future physical activity research in breast cancer survivors is likely to expand. This future

work will likely include observational and interventional work with self-report and objective
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measures. Combined with the results of this dissertation, this expanding body of research

emphasizes the importance of standardizing practices for processing and analyzing activity data.
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