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To the Editors 38 

Research has documented that individuals with schizophrenia spend a significant amount of time 39 

in sedentary activity and often do not meet physical activity (PA) guidelines (Stubbs et al., 2016). 40 

Environmental factors have long been studied as facilitators or barriers to PA. Among individuals 41 

with schizophrenia, environmental factors are known to predict walking and moderate to vigorous 42 

PA (Vancampfort et al., 2013). Additionally, environmental characteristics explain 16.8% of 43 

sitting time of individuals with schizophrenia (Vancampfort et al., 2014), with factors such as 44 

neighborhood infrastructure (e.g., sidewalks or parks) or access to fitness equipment in the home 45 

reducing time spent in sedentary behavior. Consistent with Barker’s Behavior Settings Theory 46 

(Schoggen, 1989) this study is predicated on the expectation that certain locations are associated 47 

with behaviors that involve more or less PA. Thus, there is a need to study current PA levels 48 

associated with certain locations in the community, which could lead to development of ecological 49 

interventions that are personalized to a person’s time and location preference to maximize PA 50 

performance. To address this need, we propose a new methodology called Personalized PA level 51 

estimation for specific Locations over time (PerPAL) to better predict PA levels by location. The 52 

development of the personalized models involves identifying recurring locations (Townley et al., 53 

2018) for an individual and using their baseline PA data, location, and time-window to predict 54 

future PA levels for specific locations (Brusilovskiy et al., 2016) and time-windows.  55 

 56 

Methods 57 

The study was approved by the city and the university-based Institutional Review Boards. 58 

Participants were diagnosed with a schizophrenia-spectrum disorder, between the ages of 18-64, 59 

and had a desire to increase participation in the community.  60 
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 61 

Participants wore a tri-axial accelerometer (ActiGraph GT3X) on their non-dominant wrist and 62 

carried a study-based cellphone that ran AccuTracking software to collect the GPS sensor data 63 

every minute. GPS data (longitude and latitude) were used to identify recurring and unique 64 

locations visited by the participant during the course of the study. The acceleration information 65 

from the accelerometer was used to assess the PA levels of the participant. The acceleration data 66 

was collected in 10-second epochs for a week as the participants went about performing their 67 

regular activities in the community at baseline and follow-up (six months later). Vector Magnitude 68 

(VM) was used to quantify the intensity of PA levels for each participant.  69 

 70 

Research has used GPS data to compute travel distance from the user’s identified geo-locations 71 

and mobility patterns (Adams et al., 2015; Carlson et al., 2015). The novelty of the PerPAL model 72 

development process is based on a two-step process of: i) identifying recurring locations, and ii) 73 

developing personalized models that use an individual’s baseline PA data, location, and time-74 

window to predict their future PA levels at specific locations and time-windows. First, recurring 75 

and unique locations were identified by using Density-Based Spatial Clustering of Applications 76 

with Noise (DBSCAN) (Birant and Kut, 2007) for each individual over a weekday. The parameters 77 

chosen for the DBSCAN algorithm to identify locations of interest (centroid of clusters) included 78 

distance between two GPS coordinates to be less than or equal to 200 meters and a minimum of 79 

10 points (visits) per cluster. A location was classified as recurrent if the participant visited it more 80 

than 10 times during a week and s/he spent more than 10 minutes in the location. Second, 81 

personalized models that use an individual’s baseline PA data, location, and time-window were 82 

developed to predict future PA levels at specific locations and time-windows. Baseline and follow-83 
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up PA level, in terms of magnitude of PA performed, during four six-hour time-windows at each 84 

location were calculated. Linear regression analysis was used as part of the second step of PerPAL 85 

model development process for each individual. The regression model used PA levels for various 86 

locations and time-windows during baseline testing to estimate PA levels at follow-up testing.  87 

 88 

Results 89 

Ten participants with schizophrenia-spectrum disorder took part in this study. Eight were female 90 

and the average age of the participants was 54.8 (SD = 5.3, range 45-62) years. PA patterns over 91 

time and locations indicate that a combination of accelerometer and GPS data will assist us with 92 

predicting PA levels for future sessions when specific location and time-window are known 93 

(Supplementary Figure 1).  94 

 95 

Table 1 shows the number of locations identified by the DBSCAN algorithm and the PA levels for 96 

each participant during the four time-windows. The PA levels and the number of locations across 97 

all time-windows have a similar pattern for the baseline and follow-up sessions. Based on this 98 

information we identified locations that were common to both the baseline and follow-up testing 99 

sessions for developing personalized models.  100 

 101 

PerPAL predictor models were developed using linear regression analysis. The PerPAL models 102 

were significant for seven of the ten participants (p<0.05) with the models explaining 89% to 99% 103 

of the PA level variation (Supplementary Table 1). For the remaining three participants the models 104 

explained 94% to 99% of the PA level variation. The mean (SD) error of the PerPAL models 105 

ranged from an underestimation of 6.38% (30.0%) to an overestimation of 2.95% (17.5%).  106 
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 107 

Discussion 108 

Results from our study indicate that PA levels for individuals with schizophrenia are distributed 109 

over location and time for each individual (Table 1). The innovative aspect of this research is to 110 

identify recurring and unique locations using GPS data, and PA levels associated with these 111 

locations for 6-hour time-windows. The time variation of PA over the duration of a week showed 112 

similar PA patterns during the four 6-hour time-windows (Table 1 and Supplementary Figure 1), 113 

indicating that individuals may be performing specific activities at certain time-windows. This 114 

information can be further utilized to create personalized interventions based on individuals’ 115 

needs, location, and time-windows. PerPAL is a model that bridges research to practice. If research 116 

can demonstrate that specific locations are consistently associated with different levels of physical 117 

activity, practitioners can support consumers to use their environment and desired community 118 

participation to increase PA (Vancampfort et al., 2016).  119 
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Table  149 

Table 1: PA levels associated with various locations and 6-hour time-windows during baseline 150 

and follow-up testing sessions for each of the participants. 151 

 152 

Participant ID 

12:01 am – 6:00 am 6:01 am – 12:00 pm 12:01 pm – 6:00 pm 6:01 pm – 12:00 pm 

Number of 

Locations 

PA Number of 

Locations 

PA Number of 

Locations 

PA Number of 

Locations 

PA 

1 
Baseline 1 46.5 3 173.6 3 143.5 1 54.6 

Follow-up 1 49.0 3 129.9 3 127.1 1 87.8 

2 
Baseline 1 5.0 3 203.9 4 250.3 2 199.1 

Follow-up 1 14.7 2 175.2 3 294.3 1 199.9 

3 
Baseline 1 40.7 3 241.6 4 184.9 1 104.7 

Follow-up 1 35.5 4 214.4 4 163.4 1 100.9 

4 
Baseline 1 31.9 4 293.8 4 455.5 1 37.4 

Follow-up 1 36.5 4 340.7 4 467.4 2 299.9 

5 
Baseline 1 47.8 2 126.2 3 192.7 3 151.3 

Follow-up 1 61.9 2 195.3 3 222.7 3 161.3 

6 
Baseline 1 31.9 2 302.9 2 332.1 1 189.7 

Follow-up 1 8.9 2 339.5 1 336.7 1 230.2 

7 
Baseline 1 0.5 3 412.3 3 444.7 1 1.3 

Follow-up 1 0.4 3 318.9 2 356.3 1 1.2 

8 
Baseline 1 263.7 4 539.4 4 525.9 1 222.8 

Follow-up 1 165.2 3 477.4 4 488.8 1 170.7 

9 
Baseline 1 97.4 1 442.3 1 328.6 1 88.8 

Follow-up 1 81.0 1 359.6 1 287.0 1 89.6 

10 
Baseline 1 88.5 1 474.0 1 367.8 1 169.1 

Follow-up 1 140.1 1 412.6 1 375.9 1 181.7 

 153 
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Supplementary Figure 154 

A 155 

 156 

 157 
 158 
 159 
 160 
 161 
 162 
 163 
 164 
 165 
 166 
 167 
 168   
 169 
 170 
 171 

B 172 

 173 

Supplementary Figure 1: (A) PA levels (y-axis) for a participant (ID #5) for one-hour time-174 

windows during six days of testing. (B) PA levels for the same participant at four different 175 

locations (x-axis) over four time-windows (z-axis). 176 
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Supplementary Table  177 

Supplementary Table 1: The performance of PerPAL models’ prediction with respect to the 178 

actual PA levels measured during follow-up phase. Regression parameters for the linear models 179 

developed for each participant. 180 

 181 

Participant 

ID 

Correlation  

(R) 

Variation 

(R2) 

Adjusted 

R2  

Standard 

Error of the 

Estimate 

Significance 

(𝐩) 

Mean Error 

(SD) in % 

1 0.99 0.99 0.98 10.58 0.00 -0.08 (5.3) 

2 1.00 0.99 0.99 7.96 0.03  2.79 (21.2) 

3 0.94 0.89 0.73 41.20 0.15 -0.29 (16.5) 

4 0.96 0.94 0.91 54.99 0.00  2.95 (17.5) 

5 0.89 0.80 0.69 41.81 0.03 -6.38 (30.0) 

6 0.99 0.98 0.93 40.98 0.17 -1.15 (41.8) 

7 0.99 0.99 0.98 32.86 0.01 -2.34 (9.0) 

8 0.95 0.90 0.82 95.17 0.01 -0.52 (24.7) 

9 0.99 0.99 0.99 7.96 0.03 -0.28 (2.3) 

10 0.99 0.98 0.94 35.75 0.15 -0.56 (6.4) 

 182 


