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Abstract. INTRODUCTION Physical activity and health are closely linked. 
Therefore, monitoring movement behavior is of great interest e.g., to monitor a 
patient’s physical state. Nowadays it is easy to record movement with a smartphone. 
The aim of this work was to develop a concept to detect trends based on personalized 
movement behavior recorded with a smartphone. METHODS A first prototype with 
a control chart was designed. Since this approach did not prove suitable for 
analyzing activity data for trends in practice, a second prototype was subsequently 
developed with a statistical trend test (Mann-Kendall test (MK test)). It was 
extended by the Yue-Wang correction approach to be able to deal effectively with 
serial correlation. Furthermore, the traditional trend modeling using Theil-Sen slope 
was extended by three additional models to be able to represent non-linear trend 
shapes. RESULTS Movement behavior can be highly variable, which leads to wide 
control limits when using control charts. As the lower control limit was always in 
the negative range the use of a control chart was impossible for this use case. The 
evaluation results of the second prototype confirm the choice of a non-parametric 
test, as well as the decision for the Yue-Wang correction factor. Furthermore, it 
could be determined that the MK test is robust against outliers. The number of 
detected trends increases with increasing significance level. The MK test is also 
suitable for detecting step-like trends. CONCLUSION Live trend detection is not 
straightforward with the MK test but can be simulated by overlapping time periods. 
In the future, trend modeling should be extended even further, as it plays a major 
role in the concept. The sensitivity of the test can be increased by means of various 
parameters. 
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1. Introduction 

Physical activity and health are closely related in many aspects. For example, regular 

exercise has been shown to reduce the risk of developing depression and has a positive 

impact for people who are already suffering from depression [1]. Existing symptoms can 

be reduced by exercise, making it a good complement to conventional drug and 

psychotherapeutic treatment [2]. Apart from the research field of depression, exercise is 

also an important aspect in the field of oncology and cardiovascular diseases as it may 

lead to a lower risk for contradicting the disease and reduced mortality [3]. But it is not 
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only important to track overall movement, but also to detect changes in the activity 

behavior. In cancer patients for example, a decrease in physical activity may indicate 

new-onset problems, both physical and psychological. There is also preliminary evidence 

that a decrease in physical activity during active cancer treatment may indicate acute 

toxicity such as renal insufficiency [4]. 

In conclusion, physical activity has a major impact on health and the progression 

of disease. Therefore, monitoring physical activity behavior for changes is of great 

interest. Nowadays, people's physical activity behavior can be easily recorded in 

everyday life. For example, smartphones can be used for this purpose, which have 

integrated sensors that can be used to detect movement [4]. The goal of this work was to 

develop a concept to examine movement behavior recorded by a smartphone detecting 

changes and trends longitudinally. 

2. Methods 

For evaluation subjects consent to track their movement for a fixed amount of time. To 

easily record the movement in everyday life, a smartphone app is used. However, the app 

does not record the user's movements itself, but derives active move minutes recorded 

by Google Fit for Android users and Apple Health for iOS users. To create an option for 

activities not detected by those two health apps, such as swimming, the app offers the 

option of manually entering activity and movement data [5]. To test our approach, two 

healthy female volunteers produced a total of three test series. Test person 1 provided 

two test series, whose courses can be seen in Figure 1. The first test series covered 51 

days, the second test series 119 days. Test person 2 generated a third test series over 119 

days, the course of which can be seen in Figure 2. 

 

 

 
Figure 1. Course of daily movement in minutes of test person 1. 

 

 

The test series were split into overlapping periods of 14, 21 and 28 days. These 

periods started every 7 days and thus overlapped by 7, 14 and 21 days. The 51-day test 

series was divided into 6 periods of 14 days, 5 periods of 21 days and 4 periods of 28 

days. The two 119-day time series were split into 16 periods of 14 days, 15 periods of 21 

days, and 14 periods of 28 days. In addition, the test persons indicated for each day 

whether it was "normal" or not. "Normal" days are those on which the user was not ill, 

injured or on holiday. The movement data of the test persons was extracted in JSON 
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format. The sum of the movement minutes is then calculated for each day, and these 

daily totals should be examined for trends and deviations. 

 

  

 

Figure 2. Course of daily movement in minutes of test person 2. 

 

 

There are different ways to detect trends in time series. On the one hand there are 

control charts, on the other hand there are statistical trend tests [6].  In theory, the control 

charts are even more suitable than the trend tests, because they are better suited to check 

continuous values for anomalies. A statistical trend test, on the other hand, evaluates 

whether there is a trend in a fixed period. This means that a new test must always be 

applied when new data is available. 

Therefore, a prototype with an Shewhart-control chart was designed first. The basic 

procedure for a control chart is as follows: first, baseline data is collected, which is then 

used to calculate the warning and intervention limits. Afterwards, new values can simply 

be entered into the control chart, and it is immediately apparent whether the new value 

is conspicuous or not [6].  

Within the research a second prototype was subsequently developed with a 

statistical trend test. For this purpose, the MK test was used. To perform it, several 

variables must first be calculated. The following formulas are taken from the work of 

Yue and Wang [7] unless otherwise indicated. First, the test statistic S is calculated 

according to the following formula: 
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where n describes the length of the data set, and 
�, 
� are the values of the data 

series at are the locations , �. The signum function ������ is calculated as follows. 

������ � �1       �� � � 00      �� � � 0�1  �� � � 0  (2) 

Then, the variance of the test statistic V(S) is calculated as described in equation 

(3), where n describes the length of the data set. The back part of the equation represents 

an adjustment of the variance for the case of tied values. Ties occur when the values in 

the time series are identical at several different points in time. The extent of a tie is 
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described by how often a value is present in the time series. �� is the number of ties of 

extent i. 
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To effectively address serial correlation, the MK test is extended by the Yue-Wang 

correction factor CF. To calculate it, the trend must first be modeled and removed from 

the original time series. Often the Theil-Sen slope is used for this purpose. It is a non-

parametric estimator of a linear trend [7]. To be able to estimate other, non-linear trend 

forms, the trend modeling was extended by three additional models: the square root 

model, the logarithmic model, and the multiplicative model. First, the parameters of the 

models are calculated. Then, the coefficient of determination R² is calculated for all four 

models, which is a measure of how well a model fits the underlying data. The model with 

the highest R² value is selected and the trend estimated with this model is removed from 

the time series [8,8]. Then, the correction factor is calculated using the following 

equations and the modified variance V*(S) is finally obtained.  
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Where 
� is the lag-k autocorrelation coefficient, which can be represented by the 

lag-k correlation coefficient ��. 
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where � is the number of data points,  is the lag of the autocorrelation coefficient 

and ���  is the mean value of the data according to the following equation. 
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Finally, the standardized test statistic Z is calculated using the test statistic S, as 

well as the modified variance V*(S).  
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            (7) 

The value of Z can then be directly compared to the corresponding quantile of the 

standard normal distribution. If the absolute value of Z exceeds the value of the quantile, 

the null hypothesis (no trend) is rejected at the selected significance level α. A negative 

value of Z indicates a falling trend, a positive value an increasing trend [7]. 

The second prototype was then implemented and evaluated. The self-

implementation of the MK-test component was validated against reference 

implementations in R and Python. With the MK test, a non-parametric test was selected. 

M. Lingg et al. / Challenge of Detecting Personal Deviations and Trends 183



 

 

Therefore, it was first reviewed whether the generated test data in periods of two to four 

weeks are rather non-normally distributed to be able to evaluate the decision for this type 

of trend test. For this purpose, two statistical tests, Shapiro-Wilk test and Anderson-

Darling test, with significance level α = 0, 05 were applied. If at least one of the two tests 

concludes that a period is non-normally distributed, this period is to be considered as 

non-normally distributed. With the Yue-Wang expansion, an approach against serial 

correlation was selected, which is also effective against serial correlation in higher lags 

than 1. Therefore the significance of the autocorrelation coefficients was tested at a 

significance level of α = 0, 05. Subsequently, evaluations were carried out to investigate 

the influence of outliers. A value was considered an outlier if it was 1.5 interquartile 

distances below the first quartile or 1.5 interquartile distances above the third quartile. 

To investigate the influence of the significance level on the test result, all time periods 

were tested at the significance levels 0.01, 0.05 and 0.1 Finally, an experiment was 

carried out to check whether the MK test is also capable of detecting step-like trends. 

3. Results 

3.1. First prototype with control chart 

The normal movement behavior of people can vary greatly. To calculate a baseline as 

reference, the first 21 "normal" days were used. Non-normal days were excluded. 

However, when calculating the limits, the lower negative intervention limit was in the 

negative range for all three test series. An example control chart of test person 2 can be 

seen in Figure 3. Also, changing the baseline length to 14 or 28 days did not result in a 

positive threshold. After that, another attempt was made to collect the baseline in a 

different way. In a 21-day period, at least 16 normal days must be present to calculate 

the limits from the corresponding values. With this alternative, too, all lower control 

limits were in the negative range. This result showed that a normal movement behavior 

leads to a high standard deviation and consequently to very wide warning and control 

limits. In this use case, an intervention limit in the negative range would mean that an 

anomaly would only be detected if there was a negative number of minutes of movement 

for a day, which is not possible. Since the detection of anomalies and trends is based 

directly on those limits, it is not possible to observe them with a control chart. 

 

 

 
Figure 3. Control chart of test person 2. Baseline and corresponding control limits were calculated with the 

values of the first 21 ‘normal’ days. 
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3.2. Implementation of the second prototype with the MK test 

 

The concept of the second prototype was fully self-implemented using the Java 

programming language. The developed component can be easily integrated as a .jar file 

as a library into further projects, as Maven was used as a build tool. The access is 

provided via a fixed interface. The desired significance level of the test and Fast 

Healthcare Interoperability Resource (FHIR) observations are entered as input 

parameters. Individual movement entries with start time and duration are stored in the 

FHIR observations. As output, the user receives information on the best-fitting model, 

as well as information on whether there is a trend for the period in question. The 

implementation consists of three main components. The first component is used to pre-

process the movement data and to calculate the total amount of activity per day. The 

second component performs the trend modelling and calculates which trend model best 

fits the underlying data. In the last component, the actual MK test is implemented and 

determines whether a trend is present or not in the given period. 

 

3.3. Results of evaluation of the second prototype 

 

When evaluating the test data for normal distribution, it was found that the longer the 

time periods considered, the more likely they were not normally distributed, which can 

be seen in Table 1. For the 14-day periods, approximately 47 % (18/38 periods) were not 

normally distributed. For 21-day periods, the proportion of non-normally distributed 

periods increased to approximately 66 % (23/35 periods) and for 28-day periods to 

approximately 81 % (26/32 periods). These results confirm the choice of a non-

parametric test. 

 

Table 1. Number of normally and non-normally distributed periods at different period lengths. 

 14 Days 21 Days 28 Days 

Normally distributed 20 12 6 

Not normally distributed 18 23 26 

 

 

When evaluating the autocorrelation of the test data, significant autocorrelation was 

found in a total of 22 time periods. In about 32 % of the cases (7/22 periods), the 

autocorrelation was at a higher lag than 1. These results confirm the choice of the Yue-

Wang correction approach, which in contrast to other alternatives can also consider serial 

correlation in higher lags than 1. 

Furthermore, it could be determined that the MK test is not influenced by outliers. 

Upward outliers at the beginning of an otherwise apparently trend-free time series do not 

lead to the MK-test indicating a falling trend. Upward outliers at the end of an otherwise 

apparently trend-free time series do not lead to the MK-test indicating a positive trend. 

Also, upward outliers at the beginning of an otherwise apparently rising time series do 

not prevent the detection of a rising trend. Finally, upward outliers at the end of an 

otherwise apparently falling time series do not prevent a falling trend from being 

detected. 

The evaluation of the influence of the significance level on the number of detected 

trends showed that the more trends are detected, the higher the significance level is 
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chosen, which is shown in Table 2. Changing the significance level from α = 0.01 to α = 

0.05 and α = 0.1 resulted in an increase in the number of detected trends from 12 to 17 

and to 18 for the 14-day periods, and from 15 to 17 and then to 19 for the 21-day periods. 

For the 28-day periods, the number increased from 13 to 17 and to 19 detected trends. 

Thus, a higher power of the MK test can be achieved with a larger chosen significance 

level. 

 

Table 2. Number of detected trends depending on the selected significance level α for different period lengths. 

 14 Days 21 Days 28 Days 

α = 0.01 12 15 13 

α = 0.05 17 17 17 

α = 0.10 18 19 19 

 

 

In the experiment on step-like trends, subject 1 obtained the expected results in all 

12 periods concerned. For subject 2, the expected results were met in 9 out of 12 affected 

time periods. These results suggest that the MK test is also capable of registering step-

like changes in movement behavior as trends. 

 

 

4. Discussion 

 

To examine time series for trends, a first prototype was developed using the Shewhart 

control chart. It is best suited in theory but has not proven itself in practice. Motion data 

is too variable, which leads to the warning and control limits becoming too wide. 

However, it should be noted that in the event of modified use cases, the control charts 

should be considered again. For example, it would be conceivable in the future that users 

could set targets for their daily or weekly exercise in the app. This target time could then 

be stored in a control chart as a targeted target value. A second prototype was then 

developed with the MK test. The test is designed to examine data of fixed time periods. 

Live trend detection is not so simply possible with it since a new test must be carried out 

for new values. To imitate a live detection, tests were started every 7 days staggered over 

a fixed period of time. However, when interpreting the results of successive tests, the 

multiple test problem must be considered. For example, if there are increasing trends at 

the 0.05 significance level in two successive 14-day periods, this could quickly lead to 

the assumption that there is a 21-day trend because the two periods overlap by 7 days. 

But it must be considered that this assumption is no longer made with significance level 

0.05, since the probability of committing at least one type I error increases with the 

number of tests performed [9].  

In the developed concept, the Yue-Wang correction factor is used to effectively 

address serial correlation. For this, the trend must first be estimated and then removed. 

In addition to the classical modeling with Theil-Sen Slope, three further models were 

used, which can also represent non-linear trends. An extension of the trend modeling for 

further non-linear trend forms should be considered in the future. In approximately 27 % 

of the analyzed time periods, the best-fitting model was not the linear Theil-Sen slope. 

However, an accurate estimate of the trend is important to the procedure. The better the 

trend can be estimated and removed the better a possible serial correlation can be 

addressed. 
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To increase the sensitivity of the test, several things can be modified. First, the size 

of the selected significance level. The larger this is chosen, the greater the power of the 

test. Therefore, the significance level should be chosen with a value of 0.1. The power 

further increases with increasing length of the time series. However, it must be noted that 

a longer period time leads to an increased latency for the detection of a trend and thus 

the detection of possibly deteriorations in the health status, as the trend detection is not 

performed until the period is completed. Also, the test problem was formulated as two-

sided to be able to detect both rising and falling trends. A further increase of the power 

could be achieved if the test problem was formulated exclusively one-sided. This would 

mean, for example, that the test would be limited to the detection of falling trends only.  

Two further parameters that influence the sensitivity are the trend and the variance in the 

data. The stronger the trend and the lower the variance, the greater the power of the MK 

test. However, these cannot be influenced in practice, as they depend exclusively on the 

user's movement behavior. 

 

5. Conclusion 

 

The goal of this work was to develop a concept that makes it possible to examine the 

movement behavior on trends. After the implementation of a first prototype with a 

Shewhart control chart, it was found that control charts are not suitable for the given use 

case. A second prototype was then developed using the MK test. With the MK-test a 

non-parametric trend test was selected, which is robust against outliers and capable able 

to detect step-like trends. This was extended to include the Yue-Wang correction 

approach to effectively address serial correlation. In addition, an extension of the trend 

modeling was also carried out, which makes it possible to ideally represent non-linear 

trends as well. This proved valuable during the evaluation, as trends in time series are 

often non-linear. For live trend detection via overlapping time periods, the multiple 

testing problem must be considered when interpreting the results. The sensitivity of the 

test can be increased by choosing a larger level of significance as well as using longer 

time series. A further increase can be achieved by a reformulation to a one-sided test 

problem. The designed concept was then implemented and finally evaluated. The test 

subjects were healthy, but it can be assumed that the results can also be applied to sick 

people. With the implemented component, a system was developed that can be easily 

integrated into other projects as a library.  
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