
Quantifying the difference in activity between diabetics and

healthy controls using activity data measured by

accelerometers

by

Chih-Kai Chang

A dissertation submitted to The Johns Hopkins University in conformity with the

requirements for the degree of Master of Science.

Baltimore, Maryland

May, 2018

c© Chih-Kai Chang 2018

All rights reserved



Abstract

The National Health and Nutrition Examination Survey (NHANES) is a com-

bination of multiple cross-sectional studies designed to be representative for the US

population. In addition to standard demographic, environmental and behavioral vari-

ables the 2003-2004 and 2005-2006 NHANES samples recorded activity data using a

hip accelerometer, at the minute level and up to 7 days a week for each individual.

The primary goal of this thesis is to understand how activity patterns are associated

with health. The secondary goal of the thesis is to quantify the subject-specific pat-

terns of physical activity transitions and study their distribution in the population.
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Chapter 1

Introduction

1.1 Background

Diabetes is a chronic metabolic disorder in which the amount of insulin produced

by the body falls below the normal range. According to the published literature

(Healy et. al,2008, Jeon et. al 2007),there is an association between physical ac-

tivity and diabetes. Some of these papers (Colberg et. al,2016, Sigal et. al 2006)

suggest that doing moderate intensity physical activity, such as brisk walking, can

substantially reduce the risk of type 2 diabetes. However, quantifying the association

between diabetes and objectively measured physical activity and what type and vol-

ume physical activity are more strongly associated with reducing risk of developing

diabetes and are an area of ongoing research (American Diabetes Association, 2004).

Understanding these associations could substantially impact the range of interven-
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CHAPTER 1. INTRODUCTION

tions and provide specific hypothesis about the types of interventions that could be

most effective. Some evidence exists that increasing activity levels for individuals with

consistently high levels of activity may be associated with a lower risk of developing

diabetes (Aune et. al, 2015).

Given that lack of physical activity is believed to be in the causal pathway of

developing diabetes, understanding the patterns of objectively measured physical

activity might provide novel insights into these associations above and beyond the

effect of the total volume of activity. The National Health and Nutrition Examination

Survey (NHANES) is a collection of cross-sectional studies designed to assess the

health status of people in the United States. To assess the pattern of physical activity

transition, we will used the physical activity counts information and diabetes status

information in NHANES.

1.2 Data

The NHANES data is available from the Center for Disease Control website and

categorized into several areas: demographics, dietary, examination, laboratory, ques-

tionnaire, and limited access respectively. Throughout this study, individuals wore

accelerometers on hip. The accelerometry data can be downloaded from the ”Physical

Activity Monitor” subcategory. Regarding the data structure of activity counts, we

used 1440+ format to analyze (Leroux et. al, 2017). It recorded accelerometry data

2



CHAPTER 1. INTRODUCTION

at the minute level. Here 1440 corresponds to the number of minutes in a day and

”+” indicates that data may also contain quality and wear/non-wear information.

According to a published paper (Leroux et. al, 2017?), this format can reduce the file

size and streamlines the process of identifying non-wear time and activity counts.

We used NHANES 2003-2004 and 2005-2006 with a total of approximately 5000

subjects completing the health examination component of the survey every year.

These two studies have information for 50231 and 52185 subject-days (rows) respec-

tively, including accelerometry information (1440+ format) and hundreds of predic-

tors (columns) such as age, weight, height, medical history (demographics covariates

and health status ). In addition to the activity measurements, the data contains dia-

betes status for 6517 (approximately 65.2%) of the population. This information was

coded ”Yes” after an individual was diagnosed with diabetes by a doctor or health

professional. This information will be referred to as an indicator to determine whether

this individual has diabetes. The survey is unique in that it combines interviews and

physical examinations. The number of individuals with diabetes in the NHANES

2003-2004 and NHANES 2005-2006 was 1149 (11.5%). Of course, the percent of indi-

viduals with diabetes varies strongly with age and below we provide a table of number

and percent of individuals by study and age group who have diabetes.
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CHAPTER 1. INTRODUCTION

Table 1.1: Number and percentages of diabetics by age group

6-10 y.o.

0

(0 %)

11-16 y.o.

0

(0%)

17-22 y.o.

2

(1.2%)

23-28 y.o.

5

(1.1%)

29-34 y.o.

25

(5.3%)

Number of diabetics

(percentages)

35-40 y.o.

53

(12.9%)

41-46 y.o.

67

(15.1%)

47-52 y.o.

96

(23.0%)

53-58 y.o.

111

(31.8%)

59-64 y.o.

203

(41.4%)

65-70 y.o.

212

(47.1%)

71-76 y.o.

161

(44.4%)

77-84 y.o.

143

(38.4%)

Health status and physical activity information obtained from accelerometers is

missing for some individuals and these data are omitted from our analyses. More

precisely, there were 6517 individuals with diabetes status in NHANES 2003-2004

and NHANES 2005-2006. Furthermore, even if some subjects had activity data, the

quality of the data was not considered to be adequate and some days needed to

be excluded (according to the NHANES protocol). After these exclusions and data

deletions we were left with a reduced data set. Below we provide a table indicating

the number of days of accelerometry per subject for each of the two studies. A zero

indicates that there were 0 days of accelerometry for that particular subject (the

subject did not have any accelerometry data) and so on. For example, there were

1028 (8.4%) individuals who had at least 3 days of accelerometry data.

Table 1.2: The number of days of accelerometry per subject

Number of Days

1 2 3 4 5 6 7

# subjects
777

(6.0%)

824

(6.4%)

1082

(8.4%)

1381

(10.9%)

1869

(14.6%)

2846

(22.2%)

4023

(31.4%)

4



CHAPTER 1. INTRODUCTION

Also, We assume that the final numbers in our dataset will indicate the number

of people with accelerometry among subjects who have diabetes health status.

1.3 Objectives

The main objectives of this analysis is to investigate the pattern of physical activity

of individuals with diabetes and those without diabetes. Since we already know

physical activity is related to the risk of getting diabetes, we focus on the pattern of

physical activity transition (PAT) in this study.

The analysis that approach our objective is organized as follows: Exploratory data

analysis (Chapter 2), analysis of matched case-control study (Chapter 3), analysis of

difference in transition applied survey weight GLM (Nordberg, 1989) (Chapter 4),

and conclusion (Chapter 5).
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Chapter 2

Data Structure/EDA

2.1 Activity count

As mentioned previously, the physical activity information used in this analysis

provides a single ’activity count’ for every minute of the day. This minute level

count is determined using an algorithm that summarized the raw data from the

accelerometer over a sixty-second window. In NHANES each individual wore an

uniaxial ActiGraph GT1M accelerometer at the hip for seven consecutive days. While

some papers (Tudor-Locke, 2012, Bai et al., 2014; Schrack et al., 2013) suggested that

the activity count magnitude can vary by device location, in NHANES the location

of the device was quite consistent and we assume that measurements are comparable

across individuals. For the purpose of this thesis we will just assume that counts

are comparable and on the same scale for all individuals and not test whether the

6



CHAPTER 2. DATA STRUCTURE/EDA

assumption is correct. For preprocessing of the data we used previously developed R

functions for NHANES 20032006 (Dane et. al, 2014).

One important feature of the marginal distribution of the activity count data

is that it is highly skewed. Working with the data on the original scale can thus

substantially affect inference as a few outliers may lead to substantial changes in

the inference. Here we follow the advice in (Schrack et. al, 2013) and apply the

transformation: counts → log(1 + counts) at the minute level to reduce skewness,

transform 0 to 0 and maintain the positivity of measurements.

Applying the log transformation to the activity count data results in a much

more symmetric distribution of daily Total activity counts. Figure 2.1 illustrates

the substantial change in the distribution of daily total activity counts after the log

transformation. The histogram on the right, daily total log activity counts (TLAC)

exhibits substantially less skeweness (0.045) than the histogram on the left, daily total

activity counts (TAC). This is very important in practice, especially when we compare

various groups using, for example, t-tests or regression analysis and the groups are

moderate or small in size. To be precise, in our notation for TAC and TLAC, let yijk

be minute level activity count (as obtained from the Actigraph proprietary algorithm)

for subject i, on day j and minute k. The formulas for TAC and TLAC are :

TACi =
1

valid days for subject i

1440
∑

k=1

∑

j=valid day

yijk

7



CHAPTER 2. DATA STRUCTURE/EDA

TLACi =
1

valid days for subject i

1440
∑

k=1

∑

j=valid day

log(1 + yijk)

Figure 2.1: Comparison of Transformed Daily Daily Total (log) Counts

Another important reason for using TLAC instead of TAC was highlighted by

Varma et. al, 2017 who showed that TLAC is highly correlated with the Light-

Intensity Physical Activity (LIPA), the major contributor to total accumulated phys-

ical activity across the day. In contrast, TAC is more correlated with moderate-

to-vigorous activity (MVPA). Another important characteristic of TLAC is that its

correlation with LIPA is maintained across the age span, whereas the association

between TAC and MVPA becomes less strong as age increases. Indeed, Figure 2.2

shows that the correlation between TAC and MVPA decreases when age increases

(correlation coefficient decreases from 0.93 to 0.70), while the correlation between

8





CHAPTER 2. DATA STRUCTURE/EDA

2.2 Visualizing Activity

The first step to analyzing complex activity data is to visualize it. We first dis-

play the activity counts at the minute level for each subject to provide the necessary

intuition.

Activity counts can be seen as a time series throughout the day, where the x-axis

is labeled in one-minute time increments and a particular time of the day (say mid-

night) is considered as the beginning and end of the day. This can be changed, but

throughout the document we will use the midnight-to-midnight representation of the

data. To do this we randomly selected six individuals and plotted their individual

daily trajectories in Figure 2.3. In the figure, each panel corresponds to single subject

and each sub-panel represents a different day. Within each panel, blue indicates the

magnitude of the activity count at every minute while red color indicates that the

subject did not wear a device (as estimated from the NHANES-specific algorithms

for missing data). Areas where neither blue or red is shown, indicate that no data

are available for those particular intervals. The two horizontal green dash lines in

each panel are thresholds that indicate the boundary between inactivity and LIPA

and between LIPA and MVPA. These thresholds are equal to 2019 and 100 and they

are the standard values used in NHANES.

10



CHAPTER 2. DATA STRUCTURE/EDA

These graphs indicate that there is substantial within- and between-subject vari-

ability and that some days should be excluded from the analysis. We excluded data

that were either of low quality (quality flag = 0) or entire days that had more than 10

hours/day of estimated non-wear time. Another visible characteristic of the data is

that most activity seems to be concentrated between 8am and 11pm, though some of

this may be due to the NHANES wear protocol. Indeed, subjects were instructed to

not wear the device during sleep, which accounts for the long periods during the night

that were identified as non-wear (shown in red). The thresholds (green dash lines)

can be used to categorize and summarized into different activity levels. For example,

we can obtain time and volume of activity in MVPA and LIPA, respectively.

11
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Due to the large sample size of NHANES, it is impractical to visualize all days

and all subjects. However, we could easily visualize the within-age-group average at

the minute level. Figure 2.4 displays these averages in 5-year age groups starting

with the 6 to 10 year olds and ending with the 77 to 84 year olds. This figure

indicates that most activity within a day happens between 8am and 11pm. With the

exception of children and teens we see a continuous decrease in overall activity across

the lifespan and the time of day. The shape of the mean function within age groups

stays relatively similar, especially after age 23 and the decrease in activity is more

accentuated in older age and accelerated in the second part of the day (3pm to 8pm).

We will not be using these daily age group profiles in our analyses, but they provide

valuable insight and indicate that, indeed, objective measures of activity based on

accelerometers behave reasonably, at least in terms of age.

13





Chapter 3

Matched Case-Control Study

3.1 Quantify Activity Transition (PAT)

Our overall goal is to study the associations between diabetes status and within-

day transition patterns among various types of activity intensities. More precisely,

the original counts data collected at every minute is first transformed into four cate-

gories: ”non-wear”, ”sedentary”, ”low intensity physical activity (LIPA)” and ”Mod-

erate to Vigorous Physival Activity (MVPA)” using published thresholds (Troiano et.

al,2008). Thus, the original time series of counts is transformed into a time series of

activity intensities. We estimate the subject-specific transition probabilities between

these activity intensity stages and investigate whether these transitions are different

by disease group. This is done using matched case-controls and regression modeling

approaches.
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CHAPTER 3. MATCHED CASE-CONTROL STUDY

3.1.1 Categorized Physical Activity Data

To categorize PA into sedentary, light intense physical activity (LIPA), and mod-

erate to vigorous activity (MVPA) for every minute k = 1, . . . , 1440 we define

flagk =



















1 if subject wears the device at minute k

0 if subject does not wear the device at minute k

(3.1)

and the state-time series is obtained as

Statek =



























































Sedentary if ACk ≤ 100 and flagk = 1

LIPA if 100<ACk ≤ 2019 and flagk = 1

MVPA if ACk > 2019 and flagk = 1

NA if flagk = 0

(3.2)

Here we denoted by ACk the activity count at minute k of the day. Before we used

the notation yijk to indicate the minute k of the day j for subject i. Here we have

dropped the i and j indexes to make definitions easier to read, but this procedure

is applied to every subject and every day at every minute. Thus, the index k is a

specific minute time point in a day, from midnight 00:00 (k = 1) to 23:59 (k = 1440).

The flagk is an indicator variable for wear, non-wear status. The Statek variable is

a derived variable indicating at every minute the intensity of physical activity with

3 levels of intensity (Sedentary, LIPA, and MVPA) and one level that is not defined

due to non-wear (NA). After categorizing physical activity into specific states, we

16



CHAPTER 3. MATCHED CASE-CONTROL STUDY

can extract transition probabilities between the various states during the day. These

numbers can then be averaged across days to provide a subject-specific number or

they can be analyzed at the day level using a repeat measures approach. Here we

choose the simpler approach of averaging at the subject level

3.1.2 Average Daily Activity Transition

For every subject, we calculated the average daily number of physical activity

transitions among three different states in a day, Sedentary (labeled S), LIPA (labeled

L), and MVPA (labeled M), respectively. We excluded invalid days and calculated

the average daily number of transitions for each individual.

A simple example to better understand what we are doing can be seen if the set

of transitions is

S − S − S − S − L− S − L− S − S −M − S

. Therefore, there are nine different type of physical activity transitions events: S−S,

S − L, S − M , L − S, L − L, L − M , M − S, M − L, M − M , respectively. The

number of physical activity transitions are nPAT (S − S) = 4, nPAT (S − L) = 2,

nPAT (L− S) = 2, respectively.

17



CHAPTER 3. MATCHED CASE-CONTROL STUDY

3.1.3 Normalization of Physical Activity Transi-

tions

We will be focusing on analyzing and comparing all nine types of transition be-

tween the three states, though we will need to normalize data first. More precisely, we

want to use data that are more comparable across subjects and days. For example,

some subjects may have more transitions simply because they had more wear time.

Therefore, it would make more sense to compare the number of events relative to a

reference set. That is, we have to consider the interpretation of each method, and

the meaning behind it. We will use three different types of normalizion methods.

The first one is the number of physical activity transitions (nPAT) relative to the

total active count (TAcC) per day. TAcC is defined as the number of activity

counts greater than zero when the subject wore the device. More precisely, we define

Active Counts at every minute k as

AcCk =







































1 if ACk ≥ 1 and flagk = 1

0 if ACk = 0 and flagk = 1

NA if flagi = 0

(3.3)

Once the Active Counts are defined, we define the Total Active Counts as

TAcC =
1440
∑

k=1

AcCk ,

18
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where, again, we conveniently ignored the indexing by subject and day. Across days

we simply add the TAcC to obtain a subject specific TAcC.

To better understand this assume that the data for 10 minutes is

S − S − S − S − L− S − L− S − S −M − S

and the corresponding number of counts were

0, 90, 0, 25, 500, 0, 340, 0, 35, 3300, 27 .

In this case the number of transitions from S to L is equal to nPAT (S − L) = 2,

while the number of Active Counts, that is the number of minutes that have a count

larger than 0 is AcC=7. Thus, we define the normalized proportion of transitions

relative to the number of active minutes as

PTAcC(S − L) =
2

7
= 0.286 .

This normalized quantity can be interpreted as the frequency of physical activity

transitions from one state to another, given that the subject was active (AC¿0). In

this example, we can say that given that the subject is active, the physical activity

transition from sedentary to LiPA is 0.2. Figure 3.1 displays the histograms of the

proportion of transitions normalized by TAcC across subjects. For activity transition

that involve MVPA (panels in the last row and column), the distribution of normal-

ized transition probabilities is highly skewed. For the other types of transitions the

distributions are more symmetric. Part of this difference could be explained by the

fact that some individuals simply have very few periods when they are in MVPA.

19
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Continuing with our example, assume that the device was worn at each of the 11.

Then nPAT(S − L) = 2 and TWT = 11. Therefore,

PTWT (S − L) =
2

11
= 0.182 .

This variable can be interpreted as the frequency of physical activity transition

from one state to another given that the subject was wearing the device. Figure 3.2

displays the histogram of frequency of transitions relative to total wear time across

subjects. As in the previous case, the distributions for transitions that involve MVPA

are highly skewed (panels in the first and last column). The distributions for all other

transitions are more symmetric. While the distributions do not change substantially

in shape, the actual numbers are different in Figure 3.1 versus Figure 3.2. Our

example should explain exactly why this is the case.

The last normalization procedure for the number of physical activity transition

(nPAT) is done by dividing by the daily total time spent in a certain state (time

at risk). The first step is to calculate the average daily time in a particular activity

state for each individual (e.g. Sedentary). In our example, there are 2 S-L transitions

and the subject was Sedentary in 8 out the 11 minutes. In this case the proportion

of S − L transitions normalized by the time at risk is 2/8 = 0.25.

In general, we define the

PS(S − L) =
nPAT(S− L)

∑

k I{Statek = S}
,

21
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with two individuals without diabetes because there are many more individuals with

diabetes than without. For 1-all matching we matched an individual with diabetes

to all of the individuals without diabetes within the pre-defined margin for age and

BMI and of the same gender.

3.2.1 Compare covariates

There are total 943 subjects in diabetes group and total 1799 subjects in control

group. After matching, for 1-1 matching ,there are both 409 subjects in diabetes and

control groups. For 1-2 matching, the sample size is 214 in the diabetes group and

428 in control groups. As for 1-all matching, there are 403 subjects in diabetes group

and 451 in the control group.

3.2.2 Compare transition probability

To compare whether the physical activity transition probabilities is different be-

tween the diabetes and non-diabetes groups, we obtained the bootstrap confidence

intervals for the the absolute median difference, relative risk, and log odds ratio of the

normalized transition proportions. Our null hypothesis is that there is no difference

between the two groups and set type one error α = 0.05.

Absolute Bootstrap median difference: |(P (Diabetes)−P (Non−Diabetes)) ∗ 100%|

Relative Risk : P (D)/P (ND)
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Log OR : log[P (D)/1− P (D)]/[P (ND)/1− P (ND)]

Here P (D) and P (ND) are generic notation for the normalized transition fre-

quency for the diabetes and non-diabetes groups, respectively. We have not indicated

exactly what transition we are focusing on because we will consider all of them. In

the following section, we will provide the results for each normalization procedure

and matching method.

3.2.2.1 Normalized by Total Wear Time

1-1 Matching

For one to one matching, given that subject worn a device , individuals without

diabetes tends to have more physical activity transition from LIPA to MVPA and

from MVPA to LIPA than individuals with diabetes. The absolute median difference

for physical activity transition from LIPA to MVPA is 0.0028 with 95% confidence

interval (CI) [ 0.0010, 0.0040 ]. The probability of transition form LIPA to MVPA for

non-diabetic individuals is 48% higher (relative risk= 0.62 with 95% CI [0.53, 0.82]

) than that for diabetic individuals . The log-odds ratio for this type of transition is

−0.46 [ 95% CI: −0.20, −0.69 ]

Secondly, the probability of transition form MVPA to LIPA for non-diabetic in-

dividuals is 39% higher (relative risk = 0.61 with 95% CI [0.51, 0.83]) than that for

diabetic individuals , and its absolute median difference between two group is 0.0029

with 95% CI [ 0.0011, 0.0039 ] and its log-odds ratio is −0.45 with 95% CI [ −0.20,
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−0.67 ].

Furthermore, the probability of transition form MVPA to sedentary for non-

diabetic individuals is 24% higher (relative risk= 0.76 with 95% CI [0.62, 0.90]) than

that for diabetic individuals and the log-odds ratio for this type of transition is −0.28

[95% CI: −0.47, −0.10].

In addition, transition form sedentary to MVPA is also found to be significantly

different between diabetes and non-diabetes groups. The probability of transition

form sedentary to MVPA for non-diabetic individuals is 28% higher (relative risk =

0.72 with 95% CI [0.58, 0.96]) than that for diabetic individuals , and its absolute

median difference between two group is 0.0002 with 95% CI [ 0.0000, 0.0004 ], and

its log-odds ration is −0.30 with 95% CI [ −0.55, −0.04 ].

Thirdly, we also found that given that subject worn a device, individuals without

diabetes tends to stay longer in MVPA than those with diabetes. The absolute median

difference is 0.0021 with 95% confidence interval [ 0.0007, 0.0042 ], and the relative

risk is 0.48 with 95% CI [ 0.25, 0.76 ], which means non-diabetic individuals have 52%

higher probability in transition from MVPA to MVPA than non-diabetic individuals.

Last, given that subject worn a device, individuals without diabetes tends to stay

longer in LIPA than those with diabetes. The absolute median difference is 0.030

with 95% confidence interval [ 0.005, 0.050 ], and the relative risk is 0.89 with 95%

CI [ 0.82, 0.98 ], which means non-diabetic individuals have 11% higher probability

in transition from LIPA to LIPA than non-diabetic individuals.
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As for other type of physical activity transition, there is no significant difference

between diabetes and non-diabetes groups.

In conclusion , individuals without diabetes tends to have more physical activity

transition frequencies between LIPA and MVPA than individuals with diabetes given

a subject worn a device.

1-2 Matching

For 1-2 matching, again results are consistent with those for 1-1 matching, though

another transition was found to be statistically different between the diabetes and

non-diabetes group. Transition from sedentary to sedentary becomes significant. The

probability of this transition for diabetic individual is 12% higher (relative risk is 1.12

with 95% CI [ 1.04, 1.18 ]) than non-diabetic individual and its absolute median dif-

ference is 0.0003 [ 95% CI: 0.0001, 0.0005 ]. Others transitions are still not significant

but p-value for test the difference between two group become smaller.

1-All Matching

For 1-all matching, all of the physical activity transition frequencies were found to be

statistically significantly different.

3.2.2.2 Normalized by Total Active Time

1-1 Matching

We now focus on comparing the transition frequencies normalized by Total Active

Time (TAcT). For 1-1 matching, individuals without diabetes have more physical
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activity transition (PAT) from LIPA to MVPA and from MVPA to LIPA than indi-

viduals with diabetes. The absolute median probability difference for physical activity

transition from LIPA to MVPA is 0.0030 with a 95% confidence interval (CI) [0.0013,

0.0053]. Its relative risk and log-odds ratio are 0.69 [ 95% CI:0.54, 0.84 ], −0.39 [

95% CI: −0.63, −0.17 ] respectively.

The absolute median difference in the probability of transition from MVPA to

LIPA between two group is 0.035 with a 95% CI [ 0.0017, 0.0052 ]. Its relative risk is

0.66 [ 95% CI 0.53, 0.82 ]. As for its log-odds ratio, it is −0.42 with a 95% confidence

interval [ −0.63, −0.21 ].

Another finding is that individuals with diabetes have more physical activity tran-

sition (PAT) from LIPA to sedentary and sedentary to LIPA than individuals without

diabetes. The absolute median difference for physical activity transition from LIPA

to sedentary individuals is 0.0071 with 95% confidence interval [ 0.0035, 0.0104 ]. The

relative is 1.05 with 95% CI [1.02, 1.07]. This means the probability of transition form

LIPA to sedentary for diabetic individuals is 5% higher than that for non-diabetic

individuals. Its log odds ratio is 0.06 with 95% CI [ 0.03, 0.08 ].

In addition, the absolute median difference for transition from sedentary to LiPA

is 0.0039 with 95% CI [ 0.0014, 0.0074 ]. The probability for that transition for

diabetic individuals is 7% higher than that for non-diabetic individuals (relative risk

= 1.07 with 95% CI [ 1.01, 1.15 ]), and its log odds ratio is 0.11 [ 95% CI 0.06, 0.17 ].

A third finding was that individuals without diabetes have more physical activity
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transition (PAT) from MVPA to MVPA than individuals with diabetes. The absolute

median difference is 0.0034 with 95% confidence interval (CI) [ 0.0010, 0.0054 ], and

the relative risk is 0.44 with 95% CI [ 0.28, 0.76 ], which means the probability

for transition from MVPA to MVPA in non-diabetic individuals is 56% higher than

diabetic individual.

Fourthly, individuals without diabetes have more physical activity transition (PAT)

from LIPA to LIPA than individuals with diabetes. The absolute median difference

is 0.039 with 95% confidence interval (CI) [ 0.0061, 0.048 ], and the relative risk is

0.91 with 95% CI [ 0.88, 0.98 ] individual.

To sum up, non-diabetic individuals tend to have more transition between LIPA

and MVPA, fewer transitions between sedentary and LIPA. Diabetes status seems to

affect more strongly the LIPA to MVPA than the sedentary to LiPA transitions.

With this matching there were no statistically significant differences in physi-

cal transition frequencies from sedentary to sedentary, LIPA to LIPA, sedentary to

MVPA, and MVPA to sedentary.

1-2 Matching

For 1-2 matching, results are consistent with those for 1-1 matching.

1-All Matching

For 1-all matching, results are consistent with those for 1-1 matching.
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3.2.2.3 Normalized by Time spent in Certain State

1-1 Matching

In this section, we now draw our attention on comparing the transition frequencies

normalized by total time spent in a certain state. For one to one matching, given that

subject spent time in LIPA, individuals without diabetes tends to have more physical

activity transition from LIPA to MVPA than individuals with diabetes. The absolute

median difference for transition from LIPA to MVPA is 0.0071 with 95% confidence

interval (CI) [ 0.0030, 0.010 ]. The probability of transition form LiPA to MVPA for

non-diabetic individuals is 37% higher (relative risk= 0.63 with 95% CI [ 0.53, 0.82

]) than that for diabetic individuals and its log odds ratio is −0.43 [ 95% CI: −0.65,

−0.20 ].

Secondly, given that subject spent time in LIPA, individuals with diabetes tends

to have more physical activity transition from LIPA to sedentary than individuals

with diabetes. The absolute median difference is 0.0265 [95% CI : 0.0109, 0.0452].

Besides, the relative risk for transition from LiPA to sedentary is 1.10 [95% CI : 1.04,

1.17] and its log-odds ratio is 0.14 [95% CI : 0.08, 0.20]. In addition, given that

subject spent time in LIPA, individuals with diabetes tends to stay in LIPA longer

than individuals with diabetes. The absolute median difference is 0.0190 [95% CI :

0.0034, 0.0336]. Besides, the relative risk for transition from LIPA to LIPA is 0.97

[95% CI : 0.95, 0.99].

Thirdly, we also found that given that subject was MVPA, individuals without
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diabetes tends to stay longer in MVPA than those with diabetes. The absolute median

difference is 0.0597 with 95% confidence interval (CI) [0.0187, 0.0960], and the relative

risk is 0.79 with 95% CI [0.69, 0.93], which means the probability of transition from

MVPA to MVPA for non-diabetic individuals is 21% higher than diabetic individuals.

The log-odds ratio for this type of transition is −0.31 with 95% CI [−0.45, −0.15].

To sum up, given a subject was in LIPA, individuals without diabetes have more

transition to MVPA, while individuals with diabetes tend to transit to sedentary.

Once an individual stays in MVPA. An non-diabetic individual tends to stay in MVPA

21% longer than diabetic individual. Besides, once an individual stays in LIPA. An

non-diabetic individual tends to stay in MVPA 3% longer than diabetic individual.

1-2 Matching

Again, for 1-2 matching, results are consistent with those for 1-1 matching. There

is, however, a new transition become statistically significant. Given an individual

is in sedentary, transition from sedentary to sedentary also become significant with

absolute median difference 0.0113 [ 95% CI:0.0003, 0.0264 ], relative risk 1.01 [ 95%

CI: 1.00, 1.03 ], and log-odds ratio 0.08 [ 95% CI: 0.06 , 0.10 ]

1-All Matching

For 1-all matching, all of the physical activity transition frequencies were found to

be statistically significantly different. The two exceptions were the transition from

MVPA to sedentary and MVPA to LIPA.
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Information for the plot Figures 3.4, 3.5, and 3.6, summarize the findings

presented in this section for 1-1, and 1-2 matching in different normalized method,

respectively. All figures contain three different color of arrows: gray, blue and red.

Gray arrows indicate that for that particular transition frequency there was not a

statistically significant difference between the two groups. Red arrows indicate that

for that particular transition frequency the mean of the non-diabetic group was found

to be higher than for the non-diabetic group. Blue arrows indicate that for that

particular transition frequency the mean of the non-diabetic group was found to be

lower than for the non-diabetic group. We also presented three value near an arrow.

They are median difference, relative risk, and log odds ratio, respectively together

with their 95% confidence intervals (details on the top right side of the plot).
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Figure 3.4: Compare Transition Normalized by Total Wear Time
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Figure 3.5: Compare Transition Normalized by TAcT
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Figure 3.6: Compare Transition Normalized by Time spent in certain state
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Conclusions

As wearable devices become more less expensive and accurate, the use of actig-

raphy devices is likely to rapidly increase. There are the wealth of research and

knowledge supporting that physical activity is associated with human health, and

the risk of many chronic diseases. It is crucial that statistical methods are developed

to make inference from this complex data. In this document, we investigated the

association of activity transition and diabetes to help understand aspects of risk of

getting diabetes and prevent it.

4.1 The impact of Activity Transition

From the analysis described in previous chapters, it can be concluded that indeed,

the pattern of activity transition does significantly affect the risk of getting diabetes.
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However, most of transitions is not predictive for the risk of getting diabetes after

adjust total log activity counts (TLAC). There is still moderate support in the data

for the belief that transition from sedentary to moderate to vigorous activity (MVPA)

can predict the risk of diabetes. While this support is based on match-control study,

activity transition patterns can provide us more information for predicting the risk of

diabetes. Other than total active counts, activity transition might take an important

role in human health.

4.2 Future Study

Considering the relatively strong predictive power for some transitions that re-

spond negatively to the risk of getting diabetes, more work needs to be done to

determine if it is still significant after adjusting for all kind of transitions in a model

together and whether the result still hold if we only focus on a specific time period.
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