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Abstract 

Background: Daily physical activity has been noted to display fractal patterns, self-similarity of 

temporal fluctuations across various time scales. Breakdown in fractal patterns has been 

associated with disease and aging while increases have been seen with exercise. Considering 

this, the objective of the study was to observe how fractal patterns would change in various 

groups of students representing different lifestyles such as triathletes, weight lifters, video 

gamers, and control. 

Methods: Accelerometers were utilized to track daily physical activity over 7 days. Detrended 

Fluctuation Analysis (DFA) was used to linearize the data collected by the accelerometers by 

plotting fluctuation amplitude against time-scales. The slope of plot is known as alpha.  

Results: Post hoc pair-wise comparisons were made between each lifestyle group. The triathlete 

group was significantly higher than the weight lifter, video gamer, and control groups (p-value = 

4.65 x 10-4, p-value = 5.55 x 10-4, and p-value = 4.65 x 10-4 respectively). No other comparisons 

were significantly different.  

Conclusions: This increase in fractal patterns implies that triathletes may be less susceptible to a 

breakdown in fractal complexity associated with disease and can potentially slow down the aging 

process due to their lifestyle. 

 

 

 

 

 

 



Introduction 

Scale invariance has been described as the property of temporal fluctuations remaining 

similar across various time scales (1, 2). The degree of how self-similar the scale invariance 

across different time scales is defined as fractal complexity of a given system. A higher fractal 

complexity will be consistent with a greater self-similarity and a lower fractal complexity is 

observed with a breakdown in self-similarity (3, 4). Scale invariant patterns have been 

recognized in many human physiological functions including human gait (5, 6), daily physical 

activity (1), respiration (7), heart rate (8), and neuronal oscillations (9). There has been extensive 

research studying the effects of breakdown in fractal complexity of these physiological functions 

is associated with aging and various diseased states (4, 7, 8, 10-16). We are particularly 

interested in the fractal complexity of daily physical activity. Alzheimer’s disease has been 

strongly associated with the breakdown in fractal complexity of daily physical activity (12, 13). 

Recent work also suggests that increased physical activity in older adults enhances fractal 

complexity of daily physical activity (11). Fluctuations in daily physical activity strongly relate 

to the circadian rhythm which decreases in function seen in Alzheimer’s disease (12, 13). 

However, there has been little research regarding the fractal complexity of daily physical activity 

in the young adult population. Typically, the only research regarding young adults is as a control 

(1, 10, 12, 13). Considering this, our aim of the study was to measure if different lifestyles in 

college students had an impact on the fractal complexity of daily physical activity. The lifestyle 

groups of interest included triathletes, weight lifters, video gamers, and a control. The fractal 

complexity in different lifestyle groups of young adults may have potential insight into 

predicting diseased states and used as preventative measures (17). In previous studies aerobic 

exercise reversed loss of fractal complexity in aging observed in rodents (17). Therefore, we 



hypothesize that the triathletes will have the highest fractal complexity followed by weight 

lifters, then control, and lastly video gamers. This hypothesis predicts that healthier lifestyles will 

benefit the fractal complexity of daily physical activity.  

To test this hypothesis and measure daily physical activity, we used accelerometers, 

ActiGraph wGT3X-BT (ActiGraph, LLC, Fort Walton Beach, FL), to quantify these values. 

These devices serve as a non-invasive biomarker that tracks the speed, magnitude, and time of 

the movement of the accelerometer. The use of these devices, similar to other wearable devices 

like FitBits, Garmin, and Apple Watches, have the potential as a great tool for clinical medicine 

since they do a tremendous job at recording movement and contain a rich time series (18). 

To assess fractal complexity using accelerometers, we employed the Detrended 

Fluctuation Analysis (DFA). In a DFA, fluctuations of the time series signal are calculated across 

a series of time scales. The fluctuation amplitude was plotted against various time scales to 

produce a linear slope (8). The slope produced is known as the scaling exponent, α (12). The α 

value is known to decrease closer to 0.5 in diseased states and with aging (11-14, 17). When the 

α value increases closer to 1.0 it represents a higher fractal complexity and commonly seen in 

healthy individuals (11, 12, 14). If the α value increases past 1.0 and closer to 1.5 there has been 

suggestions that it represents an even higher degree of fractal complexity. The focus of this study 

was comparing the α value of each lifestyle group with one another to see if varying lifestyles 

have an effect on the fractal complexity of daily physical activity. 

 

 

 



Materials and Methods 

Subject Selection 

A total of 50 college students (29 males and 21 females) between the ages of 18 and 25 

participated in the study. All subjects were enrolled at the University of Arizona during the 

experiment. The subjects were placed into one of four lifestyle groups, triathletes, weight lifters, 

video gamers, or control. Placement of groups was determined by pre-set parameters.  

Triathletes were chosen as a group to represent an aerobic lifestyle. Triathletes were 

chosen to be a lifestyle group because of the high rate of aerobic exercise each subject 

participates in. To be included in the study, triathletes (n = 14) were required to aerobically 

exercise for greater than six hours a week or greater than 45 minutes a day. Aerobic exercise has 

been noted to be beneficial for physical, and mental health in numerous ways (19, 20). Aerobic 

exercise has not been studied in young adults. In previous studies, rats that could exercise 

displayed higher fractal complexity compared to rats who were not. Exercise was noted to 

reverse the aging process and maintain a high fractal complexity (17). In this study aerobic 

exercise was measured to see if there were significant increases when compared to other young 

adult lifestyle groups.  

 Weight lifters were chosen to be a lifestyle group because of the high anerobic and 

muscle building exercises. To be included in the study weight lifters (n = 14) were required to lift 

weights a minimum of three days per week. Weight lifters were chosen as a group to represent an 

anaerobic lifestyle. Weight lifting exercises have been another marker for a healthy lifestyle 

similar to aerobic exercises. Weight lifting has a different effect on the body when compared to 

aerobic exercise but will still elicit certain healthy changes to the body both physically and 



mentally (21, 22). How this weight lifting style effects the fractal complexity of daily activity 

compared to a normal young adult is why this lifestyle group was of interest to the study.  

Video gamers were chosen to be a lifestyle group because they represent a modified 

sedentary group. To be included in the study video gamers (n = 7) were required to play at least 

15 hours of video games a week. Video gamers were chosen as a group to represent a modified 

sedentary group. In previous studies it was reported that individuals who play video games may 

display a series of cognitive enhancements including hand-eye motor skills, and reaction time 

which makes them an interesting group to study (23, 24). Although video gamers have been 

considered as sedentary by the public eye (25), these enhanced abilities make them different 

from the previously studied control group and an interest in the study. 

Control (n = 15) was determined if the subject did not fall into any of the previous three 

categories and was considered an active college student. In general, college students were seen to 

display a reasonable basis for health and active lifestyle compared to the decrease in physical 

activity across the world (26). The study was approved by the Institutional Review Board at the 

University of Arizona. All subjects filled out a demographic form specific to their lifestyle 

group, and metabolic equivalent (MET) estimate form (27). All subjects were briefed on the 

study and requirements prior to participating and all subjects provided informed written consent. 

All subjects were debriefed once study had concluded.  

Experimental Design 

All subjects were required to wear an accelerometer, ActiGraph wGT3X-BT, 

continuously for 7 days. The subjects were instructed to wear the accelerometer on their non-

dominant wrist throughout day and night. ActiGraph wGT3X-BT accelerometers provide valid 



data collection while worn on the upper extremities (28). Accelerometers were only to be taken 

off if the subject bathed, swam, or the accelerometer was causing discomfort. Subjects could 

leave the study at any given point. Subjects were excluded if 2 days or less of valid data was 

collected. In this study all subjects were included in the data set. Previous studies have shown 

that wearing the accelerometer for more than 2 days will provide enough data to capture physical 

activity of that individual (29). Non-wear time was defined as an interval longer than 60 minutes 

in which the accelerometer values were 0. This means the subject was either not wearing the 

accelerometer or was asleep. Eliminating these data points from the recordings will not 

significantly alter the results when the accelerometer value is at 0 (30). Subjects were 

encouraged to maintain their normal daily activity and not change their lifestyle due to wearing 

the accelerometer. Subjects were debriefed when collecting accelerometers and questioned if 

parameters were followed as closely as possible. 

Data Collection  

The dataset was collected from November 2017 to February 2019. Accelerometers were 

charged and initialized through the software program ActiLife (Version 6.13.3). The 

accelerometers were initialized to run for one week, or seven days, and start and stop at 6 AM. 

The value of changes in acceleration were sampled at 32 Hz and collected over 60 second 

epochs. Accelerometers were collected from subjects after the week of data collection.  

Statistical Analysis 

The accelerometer raw data was downloaded into the ActiLife Software program 

(Version 6.13.3). The raw data was converted into 1-minute epoch comma-separated value, 

CSV, files for processing outside of ActiLife. The data collected for daily activity fluctuates over 



various time periods (1, 11, 12). DFA was applied to measure the scale-invariant patterns in the 

data by displaying a correlation in amplitude of the signal fluctuations across a range of times 

scales. This process was performed in R Studio (Version 3.3.1) using the nonlinearTseries 

package (31). This method is described in greater detail elsewhere (8, 12). Peng et al. describes 

the mathematical process of DFA and this process in implemented in the nonlinearTseries 

package. DFA was performed separately for each day the subject wore the accelerometer and 

over different time scales that range from 10 minutes to 7 hours. The fluctuation amplitude of 

daily activity is then plotted against the ranging time series.   

After the dataset was analyzed with DFA the fractal complexity could be determined by 

the slope, alpha, that was generated. This slope will determine the fractal complexity of the data, 

or the correlation between fluctuations across a range of time scales. A slope closer to .5 implies 

a breakdown in the complexity of the data (11-14, 17). As the slope nears 1.0 there is an increase 

in fractal complexity within the data (11, 12, 14). It has also been suggested that a slope closer to 

1.5 implies even higher fractal complexity (12). A generalized linear model was analyzed across 

sex, age group, and college lifestyle group. Pair wise comparisons were made between each of 

the lifestyle group’s alpha. A false discovery rate (FDR) was used to adjust the p-value across 

multiple tests (33).  

Results 

A total of 50 college students participated in the study and were separated into four 

different lifestyle groups; triathletes, weight lifters, video gamers, and control. The mean of the 

entire sample was measured as well as each sub sample, lifestyle groups. The mean scaling 

exponent of the entire sample from the study was α = 1.008. This α value of greater than one 

displays a healthy fractal complexity across all the samples (3, 4). The mean scaling exponent of 



the control sample was α = .960. The mean scaling exponent of the video gamers sample was α = 

.967. The mean scaling exponent of the weight lifters sample was α = .983. The mean scaling 

exponent of the triathlete’s sample was α = 1.106. Summary of these results can be seen in Table 

1 and alpha separated by group and sex is shown in Figure 1. The triathletes scaling average 

scaling exponent was the only lifestyle group greater than 1.0. The other lifestyle groups all 

came in just below 1 with the control sample being smallest of the lifestyle groups. The control 

group scaling exponent was similar previous studies done with young adult populations using a 

similar method (12-14).  

Lifestyle Group n Age Alpha Standard Deviation 

(Alpha) 

Triathlete 14 20.929 1.106 0.099 

Weight Lifters 14 20.143 0.983 0.060 

Video Gamers 7 20.143 0.967 0.099 

Control 15 20.333 0.960 0.068 

Table 1: General demographics of lifestyle groups 

Inter-Group Comparisons 

The generalized linear model examining effects of group membership on alpha was 

measured for sex, age, and lifestyle group. Group membership on alpha was statistically 

significant at the 5% level (p-value = 4.79x10-5). The alpha values within each lifestyle group 

remained similar to one another. However, the group membership on alpha between age and sex 

in subjects was not significant (p-value = .3962, and p-value = .3268 respectively). These results 

are summarized in Table 2. 

 



  Df Sum Sq Mean Sq F value p value 

Group 3 0.190511 0.063504 9.7367 4.79E-05 

Sex 1 0.006413 0.006413 0.9833 0.3268 

Age 1 0.004787 0.004787 0.734 0.3962 

Residuals 44 0.286972 0.006522     

Table 2: Generalized linear model examining effects of group membership on alpha 

Post-hoc pairwise comparisons demonstrate that the triathlete group had significantly 

higher alpha values than weight lifter, video gamer, and control groups (p-value = .000465, p-

value = .000555, and p-value = .000465 respectively). Other post-hoc comparisons between 

lifestyle groups were performed to see if there was a significant difference in alpha. When 

comparing the video gamer (α = .967) and control (α = .96) groups there was no significant 

difference (p-value = .7776). When comparing the video gamer (α = .967) and the weight lifter 

(α = .983) groups there was no significant difference (p-value = .7262). When comparing the 

weight lifter (α = .983) and the control (α = .960) there was no significant difference (p-value = 

.7776). A summary of these results can be found in Table 3. False discovery rate was used across 

multiple comparisons to confirm the results are significant and robust (32). Overall, the triathlete 

data had significantly higher alpha values when compared to every other group.  

Table 3: Pair-wise comparisons of alpha between groups 

Contrast Estimate Std. Error t-value p-value 

Gamer - Control == 0 -0.018196 0.042284 -0.43 0.777601 

Triathlete - Control == 0 0.137976 0.031666 4.357 0.000465 

Weight Lifter - Control == 0 0.009066 0.031903 0.284 0.777601 

Triathlete - Gamer == 0 0.156171 0.039524 3.951 0.000555 

Weight Lifter - Gamer == 0 0.027262 0.038637 0.706 0.726245 

Weight Lifter - Triathlete == 0 -0.128909 0.031142 -4.139 0.000465 



 

 

 

 

 

 

 

 

Figure 1: Depicting average alpha value between sexes within each group 

Discussion 

There is a good understanding of the fractal complexity in healthy young adults. 

However, there has been no previous research or studies looking at how lifestyle may affect the 

fractal complexity of young adults’ daily activity. Most studies when tracking physical activity 

have used healthy young subjects (12-14), subjects with chronic diseases, (4, 12-15), and the 

elderly subjects (10-12). Therefore, the objective of this study was to gain better insight into how 

different lifestyles will affect the scaling exponent, alpha value, for each group. A total of four 

groups were created for the study. A control, to compare to the control of previous studies and 

three other groups, each a unique lifestyle. The other three groups were triathletes, weight lifters, 

and video gamers. Variability of the alpha value was of interest. 



As hypothesized, the triathlete group had a significantly higher scaling exponent, α, when 

compared to every other group as seen in Table 3. This significant increase in alpha displays that 

the fractal complexity of physical activity is much greater within triathletes. An increased fractal 

complexity can lead to many other implications such as a better functioning circadian rhythm (2, 

12, 13), less susceptibility to illness or injury (4), and less likely to progress to a diseased state.  

The suprachiasmatic nucleus (SCN) has a high function in the role of the circadian 

rhythm (2). Since, triathletes have a higher alpha value when looking at daily activity fractal 

complexities, their SCN function is possibly more effective. Triathletes may have a stronger 

neuronal connection in the SCN when compared to other young adult lifestyle groups. This is 

important because patients with Alzheimer’s were recognized to have stunted SCN activity (12, 

13). Decreased SCN activity is also correlated with decreased physical activity and locomotor 

patterns (2, 17). Therefore, a decrease in fractal complexity of physical activity can be a strong 

indicator of decreased SCN functioning. The triathlete group, or aerobic exercise in general, may 

be less susceptible to developing Alzheimer’s when compared to other lifestyle groups with a 

lower alpha value. In addition, Lipitsz et al. (10) explains how a higher fractal complexity will 

allow the body to adapt to higher physiological stress. This can imply that a person with a higher 

fractal complexity can withstand some chronic diseases due to the body being adapted to more 

stress.  

Even though the triathlete group is significantly higher than the other groups it does not 

imply that the other lifestyle groups scaling exponent is suffering. In fact, the other three lifestyle 

groups seen in this study had higher average alpha values when compared to previous studies 

with young adult samples (12-14). By these standards, all the subjects in this study were 



observed to be within and above a healthy fractal complexity range. This can further confirm that 

most college students generally live a healthy lifestyle (26).  

The other three lifestyle groups, weight lifters, video gamers, and control, all had an 

alpha value that was relatively similar to one another. As seen in the results, the triathlete group 

was the only group to exceed a scaling exponent of 1.0 while these other three groups were just 

fell short of 1.0. The scaling exponents between weight lifting, control, and video gamers can be 

seen in Table 3. 

In contrast to our initial hypothesis, the weight lifter group was not significantly higher 

than either the video game or the control group, p-value = .7262, and p-value = .7776 

respectively. As stated previously, there are physiological benefits to weight lifting pertaining to 

increasing strength and mental health benefits (21, 22). However, those physiological benefits 

appear to have little to no impact on the fractal complexity of daily activity. There is no clear 

explanation as to why weight lifters may not have the expected increase in alpha value when 

compared to the control. Considering the health benefits, the weight lifting group may be able to 

withstand breakdown of fractal complexity in aging as seen in aerobic exercise (17). This 

proposal could be associated with the claim that the body is put under physiological stress and 

will be adapted to a prolonged fractal complexity (10). It is possible that aerobic exercise is 

needed to impact fractal complexity of daily physical activity. The reasoning behind weight 

lifters not having a higher fractal complexity and the potential for a prolonged resistance to 

breakdown in fractal complexity will need further research.  

The video game group was best described as a modified sedentary lifestyle. Previous 

research has explained that video game players are primarily sedentary and have potential for 

other health risks (25). The reason the video gamers are described as modified sedentary is 



because of enhanced hand-eye coordination, reaction time, and other cognitive process (23, 24). 

The video game group, α = .967, was observed to have a higher average alpha value when 

compared to the control mean, α = .960. While this is not a significant difference, p-value = 

.7776, it is contrasting from the initial hypothesis that the video game group would have the 

lowest alpha value. This implies that the initial understanding of video game players being 

primarily sedentary may be false when comparing fractal complexity of daily activity. The 

reasoning for this may be because college students generally have reasonable health and have an 

active lifestyle.  

The control population was included in the study to provide consistency with other 

studies previously performed. The average alpha value from the study, α = .960, was similar and 

even greater than other young adult samples (12-14). The slight increase in alpha in this study 

can be due to college students leading a more active lifestyle compared to other young adults. 

The average age of the young adults in the other studies was slightly higher than the average age 

in this study (12, 13). This alpha value, α = .960, is consistent with a healthy fractal complexity 

since it is > .5, consistent with diseased states, and approaching 1.0 which indicates complex 

fractal patterns (11-13).  Considering this, the validity of this study is strengthened. 

Limitations 

There were only 50 total participants in the study that spanned out over 4 groups. 

Increasing the number of subjects would increase the power of the study. Especially in the video 

gamers group considering there was only 7 subjects, all of them were male. In future studies it 

will be more beneficial to get an even number of men and women across each group. 

Accelerometer wear time could potentially be an issue. When the accelerometers were given out 

to subjects to wear they were instructed to wear the accelerometer at all times. Therefore, how 



long each subject wore the accelerometer could vary tremendously over the span of a week. Only 

2 days of data is required to obtain valid results (30) but there could be a difference in data for 

someone who wore the accelerometer 2 days compared to all 7 days. 

Significance 

There have been no previous studies looking at the fractal complexities in different 

lifestyle groups in the younger population. This can provide insight into if different lifestyles 

have an effect on the fractal complexity and lead to other predictions about one’s health earlier. 

The results from the study display that the triathlete group has a significantly higher alpha 

value when compared to weight lifters, video gamers, and control. These findings imply that 

triathletes have a higher fractal complexity when regarding daily activity and circadian rhythm. 

In turn, a higher functioning circadian rhythm is correlated with a more efficient SCN. As stated 

earlier, the degradation of the SCN is associated with Alzheimer’s along with a breakdown in 

scale invariance (12, 13). Therefore, triathletes, and aerobic athletes in general, may be less 

susceptible to a breakdown daily activity fractal complexity and developing Alzheimer’s. 

In addition, people who do more aerobic exercises may can possibly reverse the effects or 

slow down the process of aging. Aerobic exercise was seen to reverse age-related fractal 

complexity loss in rodents (17) and raise the alpha value significantly higher than the other 

lifestyle groups in this study. In conclusion, the results provide more support that aerobic 

exercise is beneficial to the human health. 

 

 



References 

1. Hu K, Ivanov PC, Chen Z, Hilton MF, Stanley H, Shea SA. Non-random fluctuations and  

multi-scale dynamics regulation of human activity. Physica A: Statistical Mechanics and 

its Applications. 2004;337(1-2):307-318. doi:10.1016/j.physa.2004.01.042. 

 

2. Hu K, Scheer F, Ivanov P, Buijs R, Shea S. The suprachiasmatic nucleus functions 

beyond circadian rhythm generation. Neuroscience. 2007;149(3):508-517. 

doi:10.1016/j.neuroscience.2007.03.058. 

 

3. Eke A, Herman P, Kocsis L, Kozak LR. Fractal characterization of complexity in 

temporal physiological signals. Physiological Measurement. 2002;23(1). 

doi:10.1088/0967-3334/23/1/201 

 

4. Goldberger AL, Amaral LAN, Hausdorff JM, Ivanov PC, Peng C-K, Stanley HE. Fractal 

dynamics in physiology: Alterations with disease and aging. Proceedings of the National 

Academy of Sciences. 2002;99(Supplement 1):2466-2472. doi:10.1073/pnas.012579499. 

 

5. Hausdorff JM, Purdon PL, Peng CK, Ladin Z, Wei JY, Goldberger AL. Fractal dynamics 

of human gait: stability of long-range correlations in stride interval fluctuations. Journal 

of Applied Physiology. 1996;80(5):1448-1457. doi:10.1152/jappl.1996.80.5.1448. 

 

6. Delignières D, Torre K. Fractal dynamics of human gait: a reassessment of the 1996 data 

of Hausdorff et al. Journal of Applied Physiology. 2009;106(4):1272-1279. 

doi:10.1152/japplphysiol.90757.2008. 

 

7. Peng C-K, Mietus JE, Liu Y, et al. Quantifying Fractal Dynamics of Human Respiration: 

Age and Gender Effects. Annals of Biomedical Engineering. 2002;30(5):683-692. 

doi:10.1114/1.1481053. 

 

8. Peng C-K, Havlin S, Hausdorff J, Mietus J, Stanley H, Goldberger A. Fractal 

mechanisms and heart rate dynamics: Long-range correlations and their breakdown with 

disease. Journal of Electrocardiology. 1995;28(1):59-65. doi:10.1016/s0022-

0736(95)80017-4. 

 

9. Hardstone R, Poil S-S, Schiavone G, et al. Detrended Fluctuation Analysis: A Scale-Free 

View on Neuronal Oscillations. Frontiers in Physiology. 2012;3. 

doi:10.3389/fphys.2012.00450. 

 

10. Lipsitz LA, Goldberger AL. Loss of ‘Complexity’ and Aging. JAMA. 

1992;267(13):1806-1809. doi:10.1001/jama.1992.03480130122036. 

 



11. Raichlen DA, Klimentidis YC, Hsu C-H, Alexander GE. Fractal Complexity of Daily 

Physical Activity Patterns Differs with Age Over the Life Span and Is Associated with 

Mortality in Older Adults. The Journals of Gerontology: Series A. October 2018:1-7. 

doi:10.1093/gerona/gly247. 

 

12. Hu K, Someren EJWV, Shea SA, Scheer FAJL. Reduction of scale invariance of activity 

fluctuations with aging and Alzheimer’s disease: Involvement of the circadian 

pacemaker. Proceedings of the National Academy of Sciences. 2009;106(8):2490-2494. 

doi:10.1073/pnas.0806087106. 

 

13. Hu K, Harper DG, Shea SA, Stopa EG, Scheer FAJL. Noninvasive fractal biomarker of 

clock neurotransmitter disturbance in humans with dementia. Scientific Reports. 

2013;3(2229). doi:10.1038/srep02229. 

 

14. Paraschiv-Ionescu A, Buchser E, Rutschmann B, Aminian K. Nonlinear analysis of 

human physical activity patterns in health and disease. Physical Review E. 2008;77(2). 

doi:10.1103/physreve.77.021913. 

 

15. Hecht A, Ma S, Porszasz J, Casaburi R. The COPD Clinical Research Network. 

Methodology for Using Long-Term Accelerometry Monitoring to Describe Daily 

Activity Patterns in COPD. COPD: Journal of Chronic Obstructive Pulmonary Disease. 

2009;6(2):121-129. doi:10.1080/15412550902755044. 

 

16. Pyrkov TV, Getmantsev E, Zhurov B, Avchaciov K, Pyatnitskiy M, Menshikov L, 

Khodova K, Gudkov AV, Fedichev PO. Quantitative characterization of biological age 

and frailty based on locomotor activity records. Impact Journal on Aging. 

2018;10(10):2973-2990. 

 

17. Gu C, Coomans CP, Hu K, Scheer FAJL, Stanley HE, Meijer JH. Lack of exercise leads 

to significant and reversible loss of scale invariance in both aged and young mice. 

Proceedings of the National Academy of Sciences. 2015;112(8):2320-2324. 

doi:10.1073/pnas.1424706112. 

 

18. Patel MS, Asch DA, Volpp KG. Wearable Devices as Facilitators, Not Drivers, of Health 

Behavior Change. Jama. 2015;313(5):459-460. doi:10.1001/jama.2014.14781. 

 

19. Guiney H, Machado L. Benefits of regular aerobic exercise for executive functioning in 

healthy populations. Psychonomic Bulletin & Review. 2012;20(1):73-86. 

doi:10.3758/s13423-012-0345-4. 

 

20. Raichlen DA, Alexander GE. Adaptive Capacity: An Evolutionary Neuroscience Model 

Linking Exercise, Cognition, and Brain Health. Trends in Neurosciences. 

2017;40(7):408-421. doi:10.1016/j.tins.2017.05.001. 

 



21. O’Connor PJ, Herring MP, Caravalho A. Mental Health Benefits of Strength Training in 

Adults. American Journal of Lifestyle Medicine. 2010;4(5):377-396. 

doi:10.1177/1559827610368771.  

 

22. Lavallee ME, Mansfield LA. Weightlifting Training Gives Lifelong Benefits. ACSMs 

Health & Fitness Journal. 2013;17(2):34-36. doi:10.1249/fit.0b013e318282b09b. 

 

23. Griffith JL, Voloschin P, Gibb GD, Bailey JR. Differences in Eye-Hand Motor 

Coordination of Video-Game Users and Non-Users. Perceptual and Motor Skills. 

1983;57(1):155-158. doi:10.2466/pms.1983.57.1.155. 

 

24. Latham AJ, Patston LLM, Tippett LJ. The virtual brain: 30 years of video-game play and 

cognitive abilities. Frontiers in Psychology. 2013;4(629). doi:10.3389/fpsyg.2013.00629. 

 

25. Weaver JB, Mays D, Weaver SS, et al. Health-Risk Correlates of Video-Game Playing 

Among Adults. American Journal of Preventive Medicine. 2009;37(4):299-305. 

doi:10.1016/j.amepre.2009.06.014. 

 

26. Fagaras S-P, Radu L-E, Vanvu G. The Level of Physical Activity of University 

Students. Procedia - Social and Behavioral Sciences. 2015;197:1454-1457. 

doi:10.1016/j.sbspro.2015.07.094. 

 

27. Jurca R, Jackson AS, Lamonte MJ, et al. Assessing Cardiorespiratory Fitness Without 

Performing Exercise Testing. American Journal of Preventive Medicine. 2005;29(3):185-

193. doi:10.1016/j.amepre.2005.06.004. 

 

28. Korshøj M, Skotte JH, Christiansen CS, et al. Validity of the Acti4 software using 

ActiGraph GT3X accelerometer for recording of arm and upper body inclination in 

simulated work tasks. Ergonomics. 2014;57(2):247-253. 

doi:10.1080/00140139.2013.869358. 

 

29. Schooten KSV, Rispens SM, Elders PJ, Lips P, Dieën JHV, Pijnappels M. Assessing 

Physical Activity in Older Adults: Required Days of Trunk Accelerometer Measurements 

for Reliable Estimation. Journal of Aging and Physical Activity. 2015;23(1):9-17. 

doi:10.1123/japa.2013-0103. 

 

30. Ma QDY, Bartsch RP, Bernaola-Galván P, Yoneyama M, Ivanov PC. Effect of extreme 

data loss on long-range correlated and anticorrelated signals quantified by detrended 

fluctuation analysis. Physical Review E. 2010;81(3). doi:10.1103/physreve.81.031101. 

 

31. Team RC. R : a language and environment for statistical computing. R Foundation for 

Statistical Computing : Vienna, Austria. http://www.r-project.org.  

 

http://www.r-project.org/


32. Benjamini Y, Hochberg Y. Controlling the False Discovery Rate: A Practical and 

Powerful Approach to Multiple Testing. Journal of the Royal Statistical Society: Series B 

(Methodological). 1995;57(1):289-300. doi:10.1111/j.2517-6161.1995.tb02031.x. 

 


