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Abstract. Results are provided on predicting daily physical activity level (PAL) 
data from past data of participants of a physical activity lifestyle program aimed at 

promoting a healthier lifestyle consisting of more physical exercise. The PAL data 

quantifies the level of a person’s daily physical activity and reflects the daily 
energy expenditure of this person. In this wellbeing program, a mobile body-worn 

activity monitor with a built-in triaxial accelerometer was used to record the PAL 

data of an individual for a period of 13 weeks. The autoregressive integrated 
moving average (ARIMA) models were employed to predict future PAL data of 

every next week. This paper proposes a categorized-ARIMA (CARIMA) 

prediction method which achieves a large reduction in computation time without 
significant loss in prediction accuracy compared with the traditional ARIMA. In 

the current method, PAL data were categorized as being stationary, trend or 

seasonal via assessing their autocorrelation functions. The most appropriate 
ARIMA model for these three categories was automatically selected by applying 

the objective penalty function criterion. The results show that our CARIMA 

method performed well in terms of PAL prediction accuracy (~9% mean absolute 
percentage error), model parsimony and robustness. 

Keywords. activity monitoring, ARIMA, Kalman recursion, order selection, PAL, 

prediction, wellbeing.  

Introduction 

Physical activity has large beneficial effects on people’s mental and physical health [1]. 

Physical inactivity may not only increase risk of chronic disease, but also reduce 

quality of life resulting in a significant burden to the healthcare system [2]. The 

increasing number of people with an inactive lifestyle requires the need for highly 

persuasive physical activity interventions to stimulate a healthier lifestyle. Therefore, 

research into the development of effective physical
 
activity promotion programs 

receives much attention nowadays [3, 4]. For participants of these programs, the 
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provision of feedback about changes in physical activity behavior has proven to be 

highly important to stay motivated and to attain their goals [4, 5]. The use of mobile 

body-worn sensors is a promising solution to realize real-time monitoring and feedback 

provision of a person’s physical activity behaviour [6, 7]. A triaxial accelerometer is an 

inexpensive, effective and feasible sensor which has been used often in acquiring 

activity information [6, 8, 9]. Scientific proof has been reported on the feasibility of 

wearing an accelerometer sensor for assessing reliably daily energy expenditure [6, 10, 

11].   

In addition to feedback about behaviour, the level of personalization of messages 

and program content has shown to be important for the effective support of behaviour 

change. One powerful way to personalize a program is through the incorporation of 

interaction with a human coach that has insight into the participant’s behaviour and can 

provide feedback and support regarding specific motivational dips or barriers that the 

participant encounters. Nevertheless, human coaching support can be very labor 

intensive, which limits the number of participants that a human coach can reach. To 

increase the coach’s reach, we propose to support the coach by models that can predict 

future activity behaviour of participants. In particular, we introduce a technique that 

predicts the most likely near-future daily physical activity level
2
 (PAL) from past 

physical activity of a participant in a wellbeing program. Such prediction models can 

be helpful to determine the most relevant coaching support. For example, when the 

model predicts that a participant will fail to reach personal activity goals in the near 

future, a proactive human coaching intervention may be helpful.   

Predicting future PAL data using the well-known Box-Jenkins methodology [12] 

requires time series data only. The Box-Jenkins methodology, commonly known as the 

autoregressive integrated moving average (ARIMA) model, has already been widely 

used in a number of related areas such as economic time series forecasting [13, 14], 

ecological and weather prediction [15, 16], medical monitoring [17, 18], traffic flow 

prediction [19], and also physical activity recognition [20]. Generally, the application 

of ARIMA models is mostly focused on predicting a single univariate time series. For 

multi univariate series, an automatic method was developed [21, 22]. However, the 

automatic method takes unacceptable computation time due to the need to repetitively 

choose the most appropriate model from a large number of candidate models. 

Therefore, we applied a categorized ARIMA (CARIMA) method in which the models 

were categorized according to an apriori identified data category (i.e., stationarity, 

trend and seasonality). Then, the most appropriate model for each category was chosen 

beforehand rather than computed from the pool of candidate models. The parameter 

estimation of the models was based on the maximum likelihood (ML) method via a 

Kalman recursion [23]. 

The remainder of the paper is organized as follows: Section 1 briefly introduces 

the data collection. The ARIMA method is explained in Section 2. Section 3 discusses 

the results of the ARIMA modeling and prediction. Conclusions are provided in the 

final section. 
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1. Data Collection 

In a wellbeing program promoting a healthier lifestyle by being physical active
3
, 

participants were provided with a Philips activity monitor with a built-in triaxial 

accelerometer to measure the acceleration data of their activities performed throughout 

the day. The monitor is a light and small-sized portable device (3×3 cm) that can be 

worn easily and unobtrusively in an arbitrary orientation on the human body in a free-

living environment. In order to obtain information of daily energy expenditure, the 

acceleration data is converted to PAL data because of the found correspondence 

between acceleration data and energy expenditure [6]. The program lasted 12 weeks for 

every participant. Before the start of the actual program, participants entered an 

assessment week, during which they learned to use the provided monitor and 

completed personal data (e.g., age, gender, weight). The PAL data that are recorded 

during the assessment week serves as a baseline measurement. In total, there are 91 

(13×7) days in which participants wore the device. Each day consisted of a data point 

containing the PAL value accumulated over an entire 24 hour day of a participant in the 

program. All data were stored in a database. 

In total, 950 participants were recruited for the participation of the wellbeing 

program. Daily PAL data should lie between 1.2 and 2.5 for adults [25]. The lower 

bound refers to a sedentary level. PAL values that are lower than this bound reflects not 

wearing the device. The upper bound refers to a vigorously active level. An extremely 

high level of physical activity (e.g., endurance) allows a PAL value as high as 4.5, but 

this level of activity cannot be persevered for a long time [24]. In this study, we treated 

the extremely low and extremely high PAL values (PAL<1.2 or PAL>5) as missing 

data. For the purpose of evaluating ARIMA models, the database was cleaned up by 

choosing 227 time series out of a total of 950 time series.  

Participants in the program were classified into two levels of successful program 

participation (i.e., success, unsuccess) according to the PAL time series. Success was 

defined as the achievement of a daily PAL value at the end of the program that is at 

least 10% higher than the mean daily PAL value during the assessment week. 

Unsuccess was defined for those participants that were not successful in achieving a 

10% increase in physical activity, among which, drop-out was defined as the lack of 

daily PAL values in the mid of the program until the end of the program.  

2. ARIMA Method 

In this study, ARIMA models were used to fit the observed daily PAL data and to make 

a prediction on future PAL data. To this end, an ARIMA method consists of procedure 

for modeling and for prediction. In addition, the robustness of the fitted ARIMA 

models on noise and missing data is also important for prediction purposes and will be 

evaluated accordingly. 
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2.1. ARIMA Modeling 

The ARIMA modeling aims at constructing the most appropriate model to fit observed 

data. A general ARIMA model can be structurally classified as the form of 

ARIMA(p,d,q)(P,D,Q)S models [12]. The model can be written as below 

                ( ) ( )(1 ) (1 ) ( ) ( )S d S D S

t tB B B B y B B        (1) 

                2

1 2( ) 1 ... p

pB B B B         (2) 

                2

1 2( ) 1 ... q

qB B B B         (3) 

                2

1 2( ) 1 ...S S S PS

PB B B B       (4) 

                2

1 2( ) 1 ...S S S QS

QB B B B       (5) 

where the symbols used are defined as follows: 

 

    yt: data point at time t 

    εt:  the independent, identical, normally distributed residual at time t 

    B: backward shift operator, where B
n
yt = yt-n,  

    p:  order of non-seasonal autoregressive (AR) terms 

    d:  order of non-seasonal differencing 

    q: order of non-seasonal moving average (MA) terms  

    P:  order of seasonal autoregressive (SAR) terms 

    D:  order of seasonal differencing 

    Q:  order of seasonal moving average (SMA) terms 

S:   seasonal order. 

 

The ARIMA modeling process consists of identification, model estimation and order 

selection, diagnostic checks and residual analysis. 

 Identification 

The orders of the ARIMA models need to be determined to ensure that the selected 

model fits the observed PAL time series best. In the ARIMA models, the non-seasonal 

differencing and the seasonal differencing are crucial to remove the trend and 

seasonality of the time series (i.e., to achieve stationarity). The selection of the orders d 

and D can be made by tentatively identifying the stationarity and seasonality of the 

observed data. A stationary time series has a mean and a variance that are constant over 

time. A non-stationary series has either a trend upwards or downwards or fluctuates 

over different levels. In practice, an approximately stationary assumption is sufficient 

rather than a strictly stationary one. Seasonality is yet another general pattern that can 

be observed in the data. Intuitively, a seasonal series means that the data behaves 

periodically. The periodicity of our daily PAL time series is assumed to be seven days 

as we expected weekly behaviour in physical activity. First-order non-seasonal 



differencing (d=1) and seasonal differencing (D=1) can effectively remove the trend 

and the seasonality of the data [26]. The use of higher differencing orders may result in 

over-differencing the data. In this study, the analysis of autocorrelation function (ACF) 

was used to identify the time series as being a stationary, a trend-wise or a seasonal 

time series. Considering the observations y1, y2, …, yt, the autocorrelation at lag k is 
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where                  , n is the sample size. If the ACF magnitude of a time series cuts off 

or dies down fairly quickly as k increases, then this series is considered to be stationary. 

Otherwise, if the ACF of a series dies down slowly, it is considered to be non-

stationary. Besides, if the ACF of a series has spikes at specific lags, it is considered to 

be seasonal. As an example, Figure 1 shows the typical examples of a stationary, a 

trend-wise and a seasonal time series and their ACFs. 
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Figure 1. The plots of typical examples of a stationary (a), a trend (b), and a seasonal (c) daily PAL time 

series and their ACFs. 

 

 

In order to examine the stationarity and the seasonality of a time series 

quantitatively and automatically rather than to inspect them visually, the      statistic can 

be calculated 

                
/

k kkt s   (7) 

where the standard error of ρk is 
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For identifying significant spikes at lags of an ACF automatically, various critical 

absolute t-values are suggested [26]. Table 1 indicates the spikes identification to 

examine stationarity and seasonality in an ACF. Alternatively, the Augmented Dickey-

Fuller (ADF) unit root test [27] can also be utilized to identify the stationarity and 

seasonality of a given series. 

 

 

Table 1. Critical absolute t-values for identified spikes in the ACF [26] 

Lags Critical Absolute t-values in ACF 

  Non-seasonal lags  
         Low (1,2,3) 
         Other non-seasonal 

1.6 
2.0 

  Seasonal lags  

         Exact seasonal (S, 2S, 3S) 
         Near & half seasonal 

1.25 
1.6 

  Other lags 2.0 

k
t

Seasonal series ACF 



 Model Estimation and Order Selection 

In this study, the well-known recursive algorithm, Kalman filtering [23], was applied to 

the observed PAL time series data for model estimation. In this so-called state space 

model, the filtered state is the predicted state. Considering the observations {y1, y2, … , 

yt-1}, the Kalman recursion aims at searching for optimal values yt at point t. The fitting 

residuals εt and their variances Ft are of particular interest. The Kalman recursion 

process consisted of two groups of equations: the observation equations and the state 

updating equations. The observation equations are responsible for incorporating a new 

incoming observation into the estimate and the state updating equations (unobserved) 

are responsible for updating the current state and residual variances estimates to obtain 

the fitted values in the next time step. Details of Kalman recursion for ARIMA models 

are provided elsewhere [28, 29]. 

The unknown initial elements of the unobserved state of the state space model 

include the initial disturbances of different components, the initial state mean value and 

its variance at time t = 1. They were defined by using diffuse initialization method [30]. 

In addition, the ARIMA models normally contain two or more parameters (hyper-

parameters) such as the autoregressive and moving average coefficients. The maximum 

likelihood estimation (MLE) was used to optimize these parameters iteratively. In this 

case, a log-likelihood function was constructed and the value of it was maximized by 

minimizing the residuals and their variances simultaneously [30].  

In order to select the most appropriate model for a specific series, the orders of the 

AR, MA, SAR, and SMA processes should be determined. Models with a too high 

order (i.e., p, q, P and Q) result in over-fitting the data. In practice, p, q, P and Q are 

equal to or less than 2 [31]. The seasonal order S was assumed to be 7 (i.e., reflected 

weekly periodicity). The objective penalty function criteria such as Akaike Information 

Criterion (AIC) [32] and Schwarz’s Information Criterion (SIC) [33] are most widely 

used in the order selection for ARIMA models. These criteria try to find a trade-off 

between the goodness-of-fit and the parsimony of the models. The SIC is defined as 

                2 ln( ) / ln( ) /SIC L n k n n      (9) 

where L is the likelihood function of the ARIMA model, k is the number of parameters 

to be estimated (i.e., k=p+q+P+Q+1), and n is the number of observed data points. For 

a small or moderate sample size, SIC performs better than AIC in order selection of 

ARIMA models [34, 35]. Compared to AIC, SIC penalizes the number of parameters 

more heavily and focuses more on model parsimony, which effectively decreases the 

possibility of over-fitting. Initially, in this study, all possible 144 candidate models 

encompassing models until ARIMA(3,d,3)(2,D,2) were involved in model selection. 

However, the results show that 99% of the time series have the best fit by ARIMA 

models that encompass orders until (2,d,2)(1,D,1) using SIC. Therefore, only 36 

candidate ARIMA models with an maximum order (2,d,2)(1,D,1) are tested under SIC 

for model selection. 

 Diagnostic Checking and Residual Analysis 

The residuals r = {r1, r2, …, rn} of the prediction need to be uncorrelated. To check for 

this, the rescaled residuals (i.e., standardized residuals) are defined as 



                /t t tr F                                                                                          (10) 

where εt is the fitting residual and Ft is the residual variance at time t. The standardized 

residuals from an ARIMA fitting process should be uncorrelated and normally 

distributed.  

Serial correlation in the residuals means that the model is inadequate. There are 

several statistical tests to check for correlation. The Ljung-Box Q test [36] is a widely-

used test based on the ACF of the residuals. The Q statistic is 

                1 2
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where n is the data sample size, ρl is the autocorrelation of the residuals at lag l, and h 

is the number of lags being tested. The choice of h is arbitrary and is normally set at 10 

[30]. For a significance level of 5% (i.e., the probability of a Type І error), the 

assumption of uncorrelation is rejected if Q is larger than χ
2
[5%] (df), the critical value of 

chi-square distribution [37] with df degrees of freedom. 

The fitting performance of the models can also be compared by the criterion of 

residual measures. We used the mean absolute relative residual (MARR), which is 

usually used, to measure and quantify the quality of fit, 
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2.2. Prediction 

The ARIMA modeling aims at choosing the most appropriate model for a specific PAL 

time series based on in-sample fitting. During the modeling process, the parameters and 

orders were automatically updated with every incoming new observation. In practice, 

once a model has been chosen, it should be used to predict future data, preferably using 

out-of-sample data to assess the prediction performance. Take the seasonal PAL time 

series in Figure 1-(c) as an example. Assume that 70 data points in 10 weeks (including 

the assessment week) are observed. The modeling period of 70 days and prediction 

period are indicated in Figure 2. The automatic order selection method based on a 

penalty function criteria for the ARIMA models has been frequently used [21, 22]. This 

automatic-order-selection ARIMA (AOS-ARIMA) method searches for the best model 

for each individual time series evaluating 36 candidate models; this is computational 

intensive. Another method applies only one single model with specific AR, MA, SAR, 

and SMA orders for all the time series. However, this single ARIMA (Single-ARIMA) 

method may choose the model apriori that has the best fit with the majority of 

categories of stationarity, trend and seasonality. We propose a categorized ARIMA 

(CARIMA) method by using the most appropriate model that best fit one of the 

categories. The advantages of the CARIMA include low computational intensity and 

good quality of fit for the different PAL time series categories. 

The out-of-sample one-step-ahead prediction (1-SAP) provides a prediction of the 

PAL value for the next day. To assess the prediction accuracy, we use the measure of 

mean absolute absolute percentage error (MAPE),   
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where n is the sample size, et  is the prediction error and yt is the actual observation at 

time t. 

 
Figure 2. An example of predicting a seasonal PAL time series (with 70 data points observed). 

2.3. Model Robustness 

The robustness of a prediction model is important for real applications because data in 

practice contain noise, missing values and outliers. In the areas of economics, ARIMA 

models have proven to be robust [38]. However, for the PAL data, the robustness of the 

models on noise, missing values, and outliers need to be assessed.  

 The noise of the PAL data mainly comes from the background environment and 

the device itself during the usage. Hence, the noise can be considered as additive white 

Gaussian noise (AWGN). Since we transformed the outlier problem into a missing 

value (see Section 1), we will not address outliers. In the database, approximately 

11.6% of the PAL data points were missing for each time series on average. The 

missing data made the model identification and parameter estimation difficult during 

the ARIMA modeling. In this study, a mean substitution approach was applied to 

complete incomplete data; this approach simply pads the mean of all non-missing 

values when calculating the ACF of the data [39]. During the prediction procedure, the 

missing data were treated as predictions in the same way [30]. In estimating the 

parameters by computing the log-likelihood function in the Kalman recursion, the 

value of the residual was simply set to zero when the corresponding observation was 

missing. 

3. Results and Discussion 

The ACFs of the PAL data were identified and the results show that the number of 

stationary series amounts to ~83% (188 out of 227) in the clean dataset, whereas the 



number of trend and seasonal time series take ~4% (10 out of 227) and ~13% (29 out 

of 227), respectively. This means that the majority of the series are considered 

stationary. The 36 ARIMA models encompassed by a (2,d,2)(1,D,1) model have been 

applied to fit the data. The ARIMA(1,d,1)(0,D,0) model was used to compare average 

SIC statistics over all series. This latter model was chosen because of its best overall fit 

for the stationary series. In Table 2, the best models are ranked for the stationary, trend 

and seasonal series according to their average SIC statistics. As shown in Equation 9, 

SIC tries to establish a trade-off between low residuals and model parsimony.  

The CARIMA method proposed that the highest ranked model should be applied 

for the series in each category. This results in the (1,d,1)(0,D,0), (0,d,1)(0,D,0) and 

(1,d,0)(0,D,1) models for the stationary, trend and seasonal series, respectively. Table 3 

compares the fitting performances of the three methods in terms of MARR. It shows 

that the AOS-ARIMA method performed the best in fitting accuracy but it is the 

highest in computational intensity (implemented in Matlab
®
). The other two methods 

cost significantly less computation time than the AOS-ARIMA method. In addition, 

CARIMA achieved lower average MARR than Single-ARIMA for the 227 series in 

this study.  

 

 

Table 2. Top 3 ARIMA models ranked by the average SIC over the series of the stationary, trend and 

seasonal categories 

Stationary series Trend series Seasonal series 

Model Average SIC Model Average SIC Model Average SIC 

(1,d,1)(0,D,0) -0.3210 (0,d,1)(0,D,0) -0.5339 (1,d,0)(0,D,1) -0.0551 

(1,d,1)(1,D,0) -0.2656 (0,d,1)(1,D,0) -0.4896 (0,d,0)(0,D,1) -0.0550 
(1,d,2)(0,D,0) -0.2410 (0,d,2)(0,D,0) -0.4785 (0,d,1)(0,D,1) -0.0498 

 

Table 3. Overall performance comparison of the in-sample fitting of the three methods used 

Method Average MARR (±SD) Average Computation Time 

Single-ARIMA 8.9% (±2.8%) 0.5s 
AOS-ARIMA 8.5% (±2.7%) 39.3s 

CARIMA 8.6% (±2.8%) 0.6s 

 

 

In order to test for significant effects in the MARRs, we employed the student’s t-

test for each two methods. The null hypothesis states that there is no difference 

between the two methods. The t-test statistic for the 227 MARRs by using AOS-

ARIMA and CARIMA methods was calculated to be 2.84, which is larger than t(0.05; 452) 

= 1.96, the 5% critical value with the degree of freedom (df) of 452. The null 

hypothesis should be rejected in favour of the alternative hypothesis: there is a 

significant difference between the means of the two methods. Similarly, the t-test 

statistic of 2.90 calculated from the MARR values by using CARIMA and Single-

ARIMA methods also indicates a significant difference. As a conclusion, the use of the 

CARIMA method largely reduces computation intensity to fit the data with a little loss 

in its fitting accuracy (~0.1%), in comparison with the AOS-ARIMA method.  

Figure 3 shows that for the stationary and trend series, the CARIMA and Single-

ARIMA methods performed similar and almost as well as the AOS-ARIMA method. 

However, for the seasonal series, the fitting performance of Single-ARIMA method 



becomes worse than the other two methods. In addition, the fitting performance of the 

trend and seasonal series are better than the fitting performance of the stationary series.  

 
Figure 3. Average MARRs (%) of the data fitting for the stationary, trend and seasonal PAL series by using 

Single-ARIMA (black bars), AOS-ARIMA (dark gray bars) and CARIMA (light gray bars) methods. 

 

 

The diagnostic checks, for examining whether or not the applied model accurately 

represented the underlying process in the observed time series, revealed that residuals 

were indeed serially uncorrelated in 211, 199 and 176 of the 227 cases when using 

AOS-ARIMA, CARIMA and Single-ARIMA methods, respectively. Thus, the AOS-

ARIMA selected the best fitted model for the series and achieved the highest number 

of serially uncorrelated residuals. The CARIMA method achieves a slightly lower 

number of uncorrelated residual cases. The Single-ARIMA performed worse in this 

respect. 

 

Figure 4. Average MAPEs (%) of multiple-step-ahead predictions by using CARIMA method. 

 

Stationary Series Trend Series Seasonal Series 



During the prediction process, the data of the assessment week were assumed to be 

known. The out-of-sample 1-SAP errors show similar results as the in-sample fitting 

residuals (See Table 4): the CARIMA method is preferred because of to its good 

prediction performance and computation simplicity. Table 5 shows that the predictions 

for the trend and seasonal series were more accurate than those for the stationary ones. 

For the purpose of evaluating the performance of multiple-step-ahead prediction (M-

SAP) with the CARIMA method, we plotted the errors (MAPEs) up to the 14-SAP (i.e., 

the future two weeks) in Figure 4. The models performed well in M-SAP (with an 

accuracy of <0.7% decline of the 14-SAP compared with that of the 1-SAP). 

 

 

Table 4. Overall performance comparison of the out-of-sample predictions by using the three methods. 

Method Average MAPE (±SD) Average Computation Time 

       Single-ARIMA 9.2% (±3.2%) 0.4s 

       AOS-ARIMA 9.0% (±2.9%) 36.5s 
       CARIMA 9.1% (±3.1%) 0.5s 

 

Table 5. Out-of-sample prediction performances of the three categories by using CARIMA method. 

Category Average MAPE (±SD) 

Stationary series 9.3% (±3.3%) 
          Trend series 7.9% (±1.5%) 

          Seasonal series 8.6% (±2.5%) 

 

 

To test for robustness of the models, the data were noised by introducing AWGN. 

As the database has been cleaned, we manually substituted data points with so-called 

missing values. Figure 5 gives the plots of the signal-to-noise ratio (SNR) (a) and the 

percentage of missing values (b) versus the prediction performance (average 1-SAF 

MAPE). The average MAPE of the noisy data is still under 10% when the SNR of the 

noisy data is 15dB. In addition, when we introduce 12% missing values in our time 

series, there is still a low mean MAPE of about 10%. Therefore, in this study, the 

CARIMA models are found to be robust to PAL data contaminated with noise and 

missing values. 

 

    
     (a) 

 



 
   (b) 

Figure 5. Prediction performances of the PAL data with AWGN (a) and with missing values (b). 

4. Conclusion 

The prediction of human physical activity data in a wellbeing program was studied. 

The data were collected by a body-worn activity monitor with a built-in single triaxial 

accelerometer in real-life situations. ARIMA models were employed to predict future 

physical activity based on past data from previous weeks. The model estimation was 

done via a Kalman recursion. The CARIMA method was proposed to select the orders 

of the model and performed effectively in a large reduction in computation time needed 

with only a little loss in prediction accuracy in comparison to the automatic-order-

selection ARIMA method. In average, the MAPEs of 9.3%, 7.9% and 8.6% were 

achieved for the stationary, trend and seasonal series in the data set. The prediction 

models were tested to be robust against noisy data (with AWGN at SNR=15dB) and 

missing values (at a level of 12%). A high precision in predicting next week physical 

activity of a participant in the study of this paper allows for a well-informed and timely 

motivation trigger. In addition, it can also aid in deciding whether or not a participant 

will be successful during the program. In other words, it can be predicted to what 

extent a participant will achieve next week physical activity targets or the target set at 

the end of the program and adapt coaching accordingly. 
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