
Towards Sedentary Lifestyle Prevention: An
Autoregressive Model for Predicting Sedentary

Behaviors

Qian He
Department of Computer Science

Worcester Polytechnic Institute

Worcester, MA 01609

Email: qhe@cs.wpi.edu

Emmanuel O. Agu
Department of Computer Science

Worcester Polytechnic Institute

Worcester, MA 01609

Email: emmanuel@cs.wpi.edu

Abstract—Sedentary lifestyles are ubiquitous in modern soci-
eties. Watching television, playing video games, and using the
computer while sitting are examples of sedentary behaviors that
are now common worldwide. Multiple research studies have
found that the length of sedentary time is linked with an increased
risk of obesity, diabetes, cardiovascular disease, and all-cause
mortality. Medical researchers have identified time, daily rhythm,
and past sedentary habits as three determinants (causes) of
sedentary behaviors. Building on these insights, in this paper we
propose an approach to automatically discover patients’ temporal
patterns of sedentary behaviors from raw activity logs by using an
autoregressive model with maximum entropy method. With this
approach, health care providers will be able to predict patients’
deleterious sedentary behaviors as evidence to drive computer-
generated preventive interventions based on behavior change
theories such as the Theory of Planned Behavior.

I. INTRODUCTION

Sedentary behaviors are lifestyle activities performed during

a person’s day, which do not increase energy expenditure

substantially above resting levels. Examples include sleeping,

sitting, lying down, watching television, and other forms of

screen-based entertainment. Quantitatively, sedentary behav-

iors are defined as waking behaviors with an energy expen-

diture ≤ 1.5 METs (Metabolic Equivalent of Task) while in

a sitting or reclining posture [1]. Recent study results have

shown that sedentary time is associated with an increased risk

of diabetes, cardiovascular disease, and cardiovascular and all-

cause mortality [2], [3]. Lees and Booth [4] coined a new

term—Sedentary Death Syndrome (SeDS)—to characterize

disorders caused by sedentary lifestyles resulting in conditions

that increase premature death .

Understanding the “determinants”—reproducible associa-

tions that are potentially causal [5]—of sedentary behavior

is a key step in mitigating it. New targeted interventions

could be designed by medical researchers to directly target

specific determinants when they occur. For instance, workplace

furniture that encourages sitting was identified as one of the

determinants of sedentary behavior [6]. In cases where this

determinant is identified, adjustable standing desks may be

recommended as an intervention.

Sedentary behaviors have been categorized in prior work.

Owen et al categorized the determinants of sedentary behav-

iors into 4 domains (transport, occupation, household, and

leisure time) and 3 environments (settings) in which seden-

tary behaviors occur (domestic, workplace, and transportation
environments) [6]. For a specific population—university stu-

dents, Deliens et al categorized the determinants of sedentary

behaviors as individual (intrapersonal), social environment
(interpersonal), physical environment (community settings),

macro environment, and university characteristics [7]. Al-

though categories of sedentary behaviors are well defined

with clear examples, the specific determinants contributing to

sedentary behaviors vary from person to person. Moreover,

multiple determinants can contribute simultaneously, which

makes manual inference challenging even for experienced

doctors. Automatic and unintrusive methods to assess the

specific determinants will free health care providers from this

complex and tiring task, and will lead to personally tailored

interventions.

Three common individual determinants of sedentary behav-

ior are time (e.g., having limited time for exercise), daily
rhythm (e.g. students sitting in classes that follow a schedule),

and past sedentary habits (e.g., watching TV shows every

night after work) [7]. In this paper, we propose a method

to automatically discover these three determinants by analyz-

ing patients’ smartphone-sensed time-series logs of physical

activity. Our method explores a user’s history of sedentary

behaviors (the “past sedentary habits” determinant) to find

temporal patterns (the “daily rhythm” determinant) that can

be used to predict future sedentary behaviors.

The ability to predict sedentary behaviors will facilitate

preventive interventions that are guided by the Theory of

Planned Behavior (TPB) [8]. TPB suggests that a patient

is more likely to participate in recommended interventions

to reduce sedentary behaviors if such activities are included

in their plans. If it is possible to predict when a user will

be sedentary at some future time, suggestions on how they

can modify their plans to eliminate or reduce sedentary time

can be made. For instance, if a user is predicted to be



sedentary for 3 hours while watching TV shows, he/she can

be sent a reminder in advance on through his/her smartphone

recommending him/her to stand up and walk around during

commercial (advertisement) breaks. TPB suggests that such

situation-specific reminders sent in advance are more likely to

be accepted by the user.

The rest of this paper is organized as follows: we provide

a brief literature review of the related work in Section II and

then describe our model in detail in Section III. In section

IV, we test our model with a public dataset and evaluate our

model predicting sedentary behaviors. Finally, in section V,

we discuss the limitations of our work and future work.

II. BACKGROUND

A type of random process that is commonly observed in na-

ture. The variable in the process is time-varying ({Xt|t ∈ T}),

and it linearly depends on its previous values and a stochastic

term (see Equation 1, where ε is the stochastic term and c
is a constant number). This type of random process is usually

modeled with autoregressive (AR) model and has been widely

used in different domains where data is represented in time

domain and data points have linear relations with previous

data points.

Xt = α1Xt−1 + α2Xt−2 + . . .+ αkXt−k + c+ ε (1)

In medical research, AR models are commonly used in

electroencephalogram (EEG) analysis [9] where continuous

and linearly correlated biomedical signals are analyzed in

time domain. For example, in [10], Kamińskia, Katarzyna,

and Szelenberger analyzed overnight sleep EEG data with AR

model and found the differences in coherence and propagation

of EEG activity during sleep and wakefulness. In Brain-

Computer Interfaces (BCIs)—a system that can recognize

certain patterns in the human brain [11], AR models are used

to analyze electroencephalogram (EEG), magnetoencephalog-

raphy (MEG) and electrocorticography (ECoG) signals.

In finance, a stock’s return is considered as a random

variable with discrete values over time, yielding a time series.

Linear time series analysis, such as AR models, moving-

average (MA) models, and mixed AutoRegressive Noving-

Average (ARMA) models, provides us a natural framework to

study the dynamic structure of such series [12]. In economics,

AR model is a standard tool for making economic forecasts

[13].

In health behavior change research, behavior predictions

are usually subjective [14], and not computational in nature.

Predictions rely on subjective evaluations and causal relations

(e.g., a person with good intentions to lose weight will be

predicted to exercise more), which sometimes leads to wrong

or missed predictions. For instance, researchers who have

examined the Transtheoretical Model (TTM) [15], a popular

behavior change theory, found that the processes of change

were not able to predict transitions in smoking stages [16]. In

this work, our goal is to predict sedentary behavior based on

user’s objective historical activity data rather than subjective

terms, which are hard to evaluate and often inaccurate.

III. METHODOLOGY

In this study, we assume that sedentary behaviors are corre-

lated in time domain such that user’s next behavior depends on

his/her current and previous behaviors. We utilize AR model

with Maximum Entropy Method (MEM) [17], [18], [19] to

discover such pattern. We explore user’s history of sedentary

behaviors (the “past sedentary habits” determinant) and find

temporal patterns (the “daily rhythm” determinant) that can be

used to predict future sedentary behaviors.

The information about sedentary behavior—the necessary

inputs to our approach—is simply the time when sedentary

behaviors occur (the “time” determinant), denoted as t (e.g.,

10:00AM), and the levels of being sedentary—the sedentary

time per given period (e.g., sits 5 minutes in a one-hour

period), expressed as a percentage and denoted as Xt. This

sedentary level can be measured automatically with smart-

phone’s accelerometer or fitness tracker such as Fitbit.

By utilizing AR model, we assume that a person’s seden-

tary behavior—percent of time spent on sitting—is linearly

correlated with his/her previous sedentary behaviors. This

assumption will be validated through our experiments in the

next section. An AR model for sedentary behavior can be

defined as:

Xt =

l∑

i=1

αiXt−i + α0 + εt (2)

where αi are the autoregression coefficients, l is the order

of AR model, and εt is the noise term. As a first step, we

choose the most reasonable values for l of the AR model,

which we will expound on in the experiment section. Next, the

autoregression coefficients (αi) are estimated using the series

{x1, x2, x3, . . . , xt} of sedentary behaviors from a person’s

historical data. A number of techniques can be used to perform

coefficient estimation. In this study, we use the Maximum

Entropy Method (Burg algorithm [19]). We chose the MEM

method because it outperformed the LSE method in our pilot

experiments.

Our AR model is not fixed and it updates along the time

series. For every patient, at time t, an update-to-date AR model

is built with automatically sensed and logged activity time

series {xt−l+1, xt−l+2, xt−l+3, . . . , xt}. Then, this model is

used to predict his/her sedentary level xt+1 at time t + 1.

Based on this predicted level of being sedentary, a computer

system such as the patient’s smartphone can suggest real-

time health behavior interventions. For example, based on a

patient’s logged sedentary levels in the morning, if the up-

to-date AR model predicts that his/her sedentary level will

be high in the afternoon (100% of the afternoon time will

be spent on sitting), then, his/her smartphone could pop up a

message (intervention) to encourage him/her to stand up and

take a walk every 30 minutes.



IV. EXPERIMENT & DISCUSSION

Our AR-based model for sedentary behaviors is validated

on an existing dataset. In 2013 Spring, a ubiquitous computing

study called “StudentLife” was conducted by Wang et al.
at Dartmouth College to track the mental health and well-

being of students over the course of a term [20]. Forty-

eight students were given a smartphone with a data collection

application installed. Over the 10-week term, the application

collected automatic sensed data such as the students’ ac-

tivities, schedules, locations visited, and smartphone usage.

The StudentLife dataset is publicly available on the project’s

website (http://studentlife.cs.dartmouth.edu). For our purposes,

the StudentLife dataset presents a complete academic term of

activity time series of students, including sedentary behaviors

that we utilize in validating our model.

Our experiments utilized the time series logs of automati-

cally sensed physical activities from the StudentLife dataset.

The physical activity logs consist of a timestamp and an

activity type: Stationary, Walking, Running, and Unknown.

The StudentLife data gathering app recognized each student’s

activity type every 2 seconds with 94% accuracy by using

a decision tree classifier to classify features extracted from

smartphone’s accelerometer data [20].

A. Data Preprocessing

This data preprocessing step is to divide time into time

buckets (e.g. 1 hour, 3 hours). As previously explained, the

information used by the AR model is a timestamp (t) and a

sedentary level (percent of time spent on sitting, xt). To extract

this information from the raw activity logs, we need to select

a “bucket” size—the length of time for calculating the sitting

percentage. For example, if the bucket size is 1 hour, all the

logs in time range [t, t+1h) (1-hour interval) will be grouped

into a bucket. For each bucket, we calculate the percentage

of sedentary activities (logs with label Stationary) performed

by the user. If there are 1,800 (3600s× 0.5Hz) logs recorded

in one hour and 1,260 logs have Stationary labels, then the

sitting percentage is 70%.

One limitation of this experiment is that we assume all

Stationary activities in the StudentLife dataset are sedentary

behaviors, which may not be true. For instance, standing still

is stationary, but it is not a sedentary behavior. This limitation

arose because we used an existing dataset. In future work, we

will gather our own data and will accurately classify such false

stationary states.

B. Overview of Students’ Sedentary Behaviors

For illustrative purposes, we examine activity patterns of

specific students in the StudentLife dataset. After setting

bucket size to 1 hour and performing data preprocessing,

subject 23’s time series of sedentary levels is shown in

Figure 1. Subject 23 spent many full (100% of a bucket) hours

being sedentary (sitting or sleeping). To see if Subject 23 sat

a lot during the day time, we generate a heatmap with the

X axis as Hour of Day, Y axis as Day of Week, and color

representing the sedentary level (Figure 2). Figure 2 shows

Fig. 1: Subject 23’s Time Series of Sedentary Behavior

Fig. 2: Weekly View of Subject 23’s Sedentary Behavior

that Subject 23 started to be more sedentary around 9PM and

resumed activeness around 5AM.

To build an AR model, we need to know: (1) How many past

buckets (the order l) are linearly correlated with a future bucket

(Xt+1)? (2) How are they linearly correlated (the coefficients

αi). These two parameters are experimentally determined in

the next two subsections.

C. Choosing Order l

Order l can be interpreted as the length of historical data

that affects a person’s behavior. For instance, if the activity

performed by a subject in the next hour (Xt+1) depends on

their current activity, and the subject’s activities in the prior

3 hours (Xt, Xt−1, and Xt−2), the order of the AR model

required to model his/her behavior is 3. Different subjects may

exhibit behaviors that are best fitted with models of different

orders. However, we assert that human behavior in a modern

society is schedule-driven and is relatively regular, exhibiting

predictable daily, weekly and monthly cycles [21]. The number

of possible orders is not infinite.

To get a sense of how much the sedentary behaviors

performed in a given bucket depends on the subject’s history,

we calculate the lag-τ autocorrelation of time series. Lag-τ
autocorrelation is calculated as such:

R(τ) =

∑n−τ
t=τ+1(Xt −X)(Xt−τ −X)

∑n
t=1(Xt −X)2

(3)

where X is the average sedentary level and τ is the order

of lag. The greater R(τ) is, the higher the correlation with

order τ in time series is. Figure 3 shows lag-τ autocorrelation

for different subjects. The Y axis is the subject ID and the X

axis is the lag time in hours. Autocorrelation is coded in color

(demonstrated with a color scale). The autocorrelation value is



positive if the time series is positively linearly self-correlated.

A negative value indicates negative correlation, and a value of

zero implies no correlation. The higher the absolute value is,

the stronger the correlation is.

In this figure, we found three phenomena: (1) When the

lag is less than 6 hours, autocorrelation is positive and high;

(2) As the lag increases, autocorrelation decreases; (3) When

the lag is in multiples of 24 hours (1 day), autocorrelation

becomes relatively high; and (4) When the lag is 168 hours

(1 week), autocorrelation is relatively high.

These phenomena imply that sedentary behavior is posi-

tively correlated with the sedentary behaviors in the prior 6

hours and sedentary behaviors may repeat on daily or weekly

cycles. The first implication means that l should satisfy 6
hours ≤ l× bucket size ≤ 168 hours. For example, if the

bucket size is 2 hours, l should be 3 at least and at most

84. The second implication means that sedentary behaviors

are recurrent on fairly predictable cycles. From a medical

perspective, recurrent sedentary behaviors can be anticipated

and prevented automatically based on observations of subject’s

past behaviors.

D. Searching for Optimal Combinations of AR Parameters

In order to build and update the AR model for subjects

in the StudentLife dataset, optimal parameters need to be

searched automatically. Our findings in the previous section

provide information on what ranges of order l should be

searched, depending on the selection of bucket size. In this

study, specifically, the bucket sizes that will be tested are

1 hour, 2 hour, 3 hour, and 6 hours. Different bucket sizes

represent the granularity of the model and predictions (e.g.

predicting sedentary behaviors in the next hour or next 6

hours).

There are 324 possible parameter combinations of 〈l, bucket
size〉. Since the number of combinations is not large and

building an AR model with MEM for a subject takes less

than 5 seconds on a computer with a 2.7GHz dual-core

CPU, we will perform an exhaustive search on the parameter

combinations for each subject. To evaluate the goodness of

fit, we use Mean Square Error (MSE) as the metric for

comparison. At a given time t, we use {x1, x2, . . . , xt} to

build an AR model and apply this model to predict xt+1. The

predicted xt+1 is denoted as x̂t+1. MSE is calculated as:

MSE =
1

n

n∑

i=l+1

(X̂i −Xi)
2 (4)

where X̂i is the sedentary level predicted with the up-to-date

AR model built from history x1, x2, x3, . . . , xi−1 and Xi is

the real sensed sedentary level. Whenever a new data point

(xi) is added to the time series, a new AR model is built and

used to predict xi+1. Due to page limits on this paper, we

only show the top-10 best parameter combinations and their

corresponding MSE values in Table I. The results show that

a subject’s probability of being sedentary in the next 6 hours

is more predictable than in the next 1 hour. We believe that

TABLE I: Top-10 Best Parameter Combinations for AR Model

Subject ID l Bucket Size MSE

23 26 6h 0.002260491
2 28 6h 0.003847917

12 8 6h 0.004364295
10 6 6h 0.005164001
19 16 6h 0.005829452
24 28 6h 0.005944031
35 19 6h 0.006409604
57 8 6h 0.008092296
39 155 1h 0.008917593
44 3 2h 0.010712386

it is because many extraneous (random) factors may affect a

person’s activity in the next hour, but the influence of these

factors will be less significant in 6 hours. We will explore this

further in future work.

E. Predicting Sedentary Behaviors using the AR(l) Model

In Figure 4, we show the 1-hour bucket AR(9) model

for Subject 23. This AR(9) model uses the sedentary levels

observed in the previous 9 hour-long buckets in time series to

predict sedentary levels in the next hour. The predicted time

series captures the trend of the real time series well ((Figure 4)

with an overall MSE 0.009912744.

V. CONCLUSION

In this study, we demonstrated that people’s sedentary be-

haviors are strongly correlated with historical sedentary behav-

iors in the past 6-hour window and exhibits repetitive daily and

weekly patterns. We modeled these sedentary patterns using an

AR model enabling prediction of future sedentary behaviors

from the past behaviors. We described steps for preprocessing

raw activity logs, choosing AR model order, searching activity

traces for optimal AR parameters, and our evaluation of AR

model using a Mean Square Error (MSE) metric. Our steps can

easily be programmed to run on a computing device such as

the patient’s smartphone or autonomously in the cloud without

doctors’ help.

In conclusion, we have been able to model the three

important individual determinants of sedentary behaviors using

our AR-based model by: (1) Performing time series analysis

(time); (2) Finding order l (rhythm); and (3) Estimating AR

coefficients and building model on the historical data (past

habits). Our current work is based on a single existing student

dataset. In future, we hope to test our AR model on other

populations.
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