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Abstract— Data collection of different biological signals 

became easily accessible with commercially available smart 

instruments. Still, the interpretation and validation of the 

acquired data create a major debate in the usage of smart 

instruments in scientific data collection. The aim of the 

present study was to perform a reliability analysis of the W2 

Activity Tracker, and to establish differences according to 

different locations, like location of the devices at arm and hip. 

In the first set of experiments, data from the W2 Activity 

Tracker was compared with data acquired from the Xiaomi 

Mi Band, and with data from a GPS device. In the second set 

of experiments, diurnal data collection was performed with 

W2 Activity Trackers in identical locations. In the third set 

of experiments, the arm and hip movement was compared 

during sport classes, data were collected from ten male 

university students.  

Our results indicate that the examined device has a high level 

of reliability (in identical locations). Additionally, there was 

a significant difference in the activity counts according to the 

origin of data (arm or hip). This major effect has to be 

considered in the interpretation of activity data collected by 

different instruments. 
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Locomotion pattern, Reliability. 

 

 

 

I. INTRODUCTION 

 

A. Activity trackers and their application 

 

Several applications involving the e-health sector 

became available recently, targeting and continuously 

monitoring biological signals as heart rate, body 

temperature, skin conductance, blood pressure, and even 

daily activity patterns [1]. The interpretation of these 

biological signals is related to big data analysis, and the 

optimal strategies for data collection with widely available 

instruments was not verified. One major problem of these 

equipment is not only the lack of guidelines for scientific 

data collection strategies, but the scientific validation of 

the collected data. 

3-D accelerometers were widely used to establish 

different human locomotion patterns, and the signal 

acquisition and transformation seems verified [2, 3]. 

Human locomotion patterns have high importance in 

establishing daily physical activity, and physical 

locomotion activity per se. Movement disorders have a 

major impact on locomotor abilities, but different 

cardiovascular and chronic conditions might alter 

locomotion patterns. E.g., the prognosis and cross-

sectional condition could be monitored with daily physical 

activities in patients with Parkinson’s disease, patients 

with heart failure and patients with renal failure [4-6]. 

Physical activity in itself might be able to help in the 

recovery in certain chronic conditions [7]. In this respect, 

these instruments might also be used for motivational 

purposes both in different populations with certain 

chronical conditions and healthy individuals [4, 8]. 

Theoretically, the application of accelerometers might 

have major importance in conditions where the daily 

activity patterns are crucial (and not just indicator) 

symptoms. According to the data of two major meta-

analyses, attention deficit/hyperactivity disorder (ADHD) 

is the most common neurodevelopmental disorder, with a 

worldwide prevalence rate of 5-7 percent [9, 10]. The core 

symptoms of the disorder are inattention, hyperactivity and 

impulsivity [11, 12]. The diagnosis of the above condition 

is based on clinical symptoms, so far no systematic 

measure was applied to characterize the physical extent of 

hyperactivity (the exact locomotion pattern). Additionally 

to the basic symptoms, children and adolescents with 

ADHD might have multiple comorbid psychiatric 

conditions including externalizing and internalizing 

disorders [13], and even certain aspects of social 

dysfunction in patients with ADHD emerged. Data also 

suggest that impaired social skills and behavioral problems 

in children and adolescents with ADHD are also present 

[14, 15]. Thus, ADHD symptom severity does not end with 

hyperactivity per se, but is related with serious 

consequences. Monitoring the precise nature of 

locomotion patterns might help to characterize other type 

of difficulties in affected individuals. 

Earlier papers used different validation/reliability 

strategies. E.g., Holowachuk validated Tritac with both a 

similar instrument and a questionnaire [16]. In the above 
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paper a rather large (day-based) time frame was chosen, as 

an activity questionnaire could not be established for rather 

short time frame (hours or even minutes). Later studies 

focused on smart-instrument activity data collection in 

different populations [17, 18], and the description of 

validation strategies between instruments from different 

providers was also documented [19, 20]. Still, certain 

elements were not targeted so far. 

To our best knowledge, earlier validation strategies did 

not apply identical instruments in different locations (like 

arm and hip), and reliability analysis (instruments with 

same locations, at different time points) was not 

performed. Additionally, the above papers used 

instruments that were capable of collecting data with a 

relatively large time frame (like hours, days, or weeks), 

and this time frame can not be used for a relative smooth 

discrimination in problems like ADHD, were parallel 

neuropsychological measures might have crucial 

importance. Thus, our major intention was to use an 

instrument what could be used for a relatively smooth 

(minute resolution) data collection.  

 

 

 

B. Aims 

 

The aims of the present experiments were to perform a 

validation and reliability analysis of the W2 Activity 

Tracker, what later can be used in real life experimental 

design in children and adolescents with ADHD and 

externalization problems. The experiments were used as 

preliminary experiments for the Grant “Dimensional 

approach in externalization disorders”. 

 

 

II. METHODS 

 

The W2 Activity tracker was chosen for (i) capability for 

a rather smooth data collection (2-min intervals) and (ii) 

the relatively easy accessibility of the output file for 

scientific data analysis (Fig. 1). The majority of 

commercially available instruments use internal statistical 

procedures, what is not sufficient for deeper interpretation 

of the data.  

 

 
 

With the built-in high sensitivity 3D acceleration sensor, 

the device can capture every tiny movement of the 

pedometer, which provides more accurate functioning. 

The smartband can track the burned calories, exercise 

steps, moved distance, and also can set the query of the 

movement goal completion. The strap can be set by the 

built in USB2.0 interface, which is fully plug and play. It 

has a built in large capacity storage space (up to 16GB), 

which can be used as mobile hard disk, and the strap has 

motion data memory function. The watch can be charged 

by USB interface, and replenish the built-in rechargeable 

(95mAh) battery. 

Three sets of experiments were performed. For easier 

discrimination, ‘color codes’ were used. Altogether, the 

codes green, orange, blue, black represent individual W2 

Activity Trackers. 

In the first set of experiments (Experiment1), data 

collection was performed with W2 devices in different arm 

and hip locations, while a Xiaomi Mi Band activity tracker 

was also used. During the experiment, the data collector 

was walking a circumscribed distance of 110 meters. The 

procedure was repeated 20 times, while a GPS tracker was 

also used (Fig. 2). The Xiaomi Mi Band was located at the 

dominant arm, while one of the W2 Activity Trackers at 

the dominant arm, and an additional W2 Activity Tracker 

at the hip. During Experiment1, green code was used for 

the subdominant arm, and orange code was used for the 

hip. The major aim in Experiment1 was to establish 

correlation patterns between different devices and 

locations. The highest correlation was suggested between 

identical localizations, in spite of the differences of the 

providers. 

In the second set of experiments (Experiment2), 

spontaneous diurnal data collection was performed with 

different W2 devices. In a subset of the experiment, a data 

collector (B. B.) was continuously wearing W2 activity 

trackers, but for constant data collection, the capacity of 

the setup could not bear over 14 hours in preliminary 

experiments. Thus, a single device was used for 12 hours 

(from 7a.m. to 7 p.m.), than an additional W2 Activity 

tracker was used (from 7 p.m. to 7 a.m.). In the other subset 

of Experiment2, three parallel devices were used for a 

week from 7 a.m. to 7 p.m., at the dominant arm (green), 

directly near the green in proximal position (blue), and at 

the subdominal arm (black, Fig. 2). This experiment had a 

major importance in the validation strategy for 

spontaneous daily activities, comparing data between 

dominant and subdominant locations, with internal control 

(setup at proximal dominant position). 

In the third set of experiments (Experiment3), a 30-min 

controlled sport activity was used for data collection, with 

two W2 Activity Trackers at arm (green/black) and at hip 

(orange/blue) location, after informed consent in 10 male 

university students (ages between 18-24 years, average: 

21.1 years). The heights and weights were also registered. 

The students were free to discontinue the experiment, but 

none of them dropped from the data collection. The data 

collection was approved by Obuda University, Alba Regia 

Technical Faculty. Part of the data collection was also used 

as diploma work one of the Authors [1], and as we stated 
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earlier, data collection was used as preliminary experiment 

for the Grant “Dimensional approach in externalization 

disorders”. 

 

 
 

Statistical analysis. Statistica 7.0 was used to analyze 

datasets. In Experiment1, Spearman correlation was 

performed between different devices in different locations. 

Additionally, a General Linear Model (GLM) was also 

used. In Experiment2, diurnal sets from different W2 

devices were analyzed in a GLM-based testing. Two 

factors were used: a time (hours) and a location factor. In 

Experiment3, a repeated measure design was applied, 

basically in 2-min datasets, but also in 10-min and 30-min 

intervals. The level of significance was set at p=0.05. 

 

 

III. RESULTS 

 

In Experiment1, Spearman correlation was significant 

between activity counts from Xiaomi Mi Band and the 

green W2 Activity Tracker (Spearman R=0.602, p<0.005), 

while no significant correlation occurred between other 

locations. Activity counts in identical locations did not 

show significant differences (F(1,38)=3,60; p=NS; Xiaomi 

Mi Band and green W2 Activity Tracker). 

 

 
 

In Experiment2, significant differences could be 

observed in diurnal variations (F(11,72)=9.01; p<0.00001). 

During the day, two major activity peaks could be 

observed (Fig. 3). Day and night activities were clearly 

visible during data collection. When data collection was 

repeated on a daily basis with 3 W2 Activity Trackers, a 

similar pattern in the diurnal variation emerged (data not 

shown), but no significant differences occurred between 

different setups (F=0.066; p=NS; Fig. 4). 
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In Experiment3, major differences occurred between 

different locations, irrespective of the time frame (2-min, 

F=89.349; p<0.0000001; 10-min, F=38.779; p<0.00001; 

30-min, F=15.905; p<0.004). The most sensitive was the 

smooth data collection, and the average difference 

between hip and arm activity was 26% (Fig. 5). 

 

 

 

IV. DISCUSSION 

 

The main results of the present study were the 

followings. First, the correlation patterns between activity 

counts were strongest in identical locations, irrespective to 

the origin/provider of the setup. Second, stable daily 

activity patterns could be observed, and no differences 

occurred between the activity counts data from 

subdominant and dominant arms. Third, major differences 

could be observed in activity counts during a limited (30-

min long) sport activity, when W2 Activity Trackers could 

be localized at arm or at hip. 

The activity count patterns between identical setups in 

different locations (Experiment1, green vs. orange, Table 

1) was shown significantly weaker correlation patterns 

than activity count patterns measured with different setups 

and identical locations (Xiaomi Mi Band and (green) W2 

Activity Tracker). This information was underlined in 

Experiment2, where the activity differences from 3 

identical setups (dominant arm, proximal position, 

dominant arm, distant position and subdominant arm) 

shown differences of 0.05% during a week of data 

collection. Thus, identical locations (even if the dominant 

and subdominant arm movement theoretically could not be 

considered completely identical) resulted in very small 

alterations. Surprisingly, activity patterns (W2 Activity 

Tracker) were highly different during a 30-min sport 

activity in male university students, having 26% more 

activity counts registered at arm compared to the activity 

counts registered at hip. Identical locations (hip) were also 

tested by Noah et al, where highly reliable data were 

emerged from different providers [20]. 

Earlier validation and reliability analyses focused mainly 

on the comparison of two different systems [16, 17, 20]. 

E.g., Sasaki et al compared the estimated energy 

expenditure used by the Fitbit Activity Tracker and the 

Oxycon Mobile portable system [17]. Importantly, the hip-

based registration (no other registration point was tested) 

significantly underestimated energy expenditure compared 

to the Oxycon system in the majority of the tested 

conditions. Thus, the localization should be weighted in 

the algorithms used for calculation. 

These data were crucial in order to plan later data 

collection strategies in children and adolescents with 

ADHD, where a core symptom of the condition is 

hyperactivity [11, 12]. Localization of the activity tracker 

was crucial in our experiments, and should be considered 

during experiments planned in the future. In Experiment3, 

where different sport activities could be observed, data 

indicate that intensive running and leg-activities might 

change the differences between hip and arm data. 

Interestingly, when the data analysis was performed 

without the data of a professional runner, the difference 

between arm and hip activities was further increased, thus 

this effect also should be considered.   

The limitations of the study were the followings. During 

Experiment1 and Experiment2, a repeated measure design 

was applied, and the data collector was repeatedly the 

same person, one of the Authors of the present manuscript 

(B.B.). Albeit this design was inevitable during the 

validation procedure, the present measures could have 

been repeated with more people. In Experiment3, the sport 

experiment was freely chosen for the individuals, and the 

nature of sport activity was not unified. As we stated 

above, running, free activity and badminton were also 

among the sport activities. Thus, our design could be 

considered as soft in this respect, but still major significant 

differences occurred. It is assumed that data collection in 

case of targeted activities (like systematically comparing 

running, badminton) might significantly increase our 

knowledge on terms of activity counts on different body 

parts, but this was not a direct target of our present study. 

In future studies, these issues also should be addressed. 

 

 

V. SUMMARY 

 

In the present paper, the validation and reliability 

analysis of the W2 Activity Tracker was performed. 

According to our data, W2 Activity tracker was highly 

reliable in identical locations, but differences in data 

collection locations (like arm or hip) was accompanied by 

major differences in activity counts. This effect should be 

considered during later data collections, and also has to be 

considered in the planned data collection in children with 

ADHD and externalization problems. 
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