Model variables used in phone-GPS studies.
	Variable Name
	Description
	Citation
	Derived From

	Urban or park geospatial data
	Geographic data describing urban or park characteristics. For example park boundaries, or park path locations. Or proportions such as count of bike paths in an area, or proportion of one-way streets in a city.
	(Chen, Shen, & Childress, 2018; Fallah-Shorshani, Hatzopoulou, Ross, Patterson, & Weichenthal, 2018; Galpern, Ladle, Alaniz Uribe, Sandalack, & Doyle-Baker, 2018; Gong et al., 2019; Hood, Sall, & Charlton, 2011; Korpilo, Virtanen, Saukkonen, & Lehvävirta, 2018; Ladle, Galpern, & Doyle-Baker, 2018; Theall et al., 2018)
	Urban and park GIS data sources

	Temporal Exposure to Neighborhood Characteristics
	Derived from amount of time spent in a geospatial location, or neighborhood. For example: Proportion of time spent in a neighborhood with a certain crime rating.
	(Browning et al., 2017; Fallah-Shorshani et al., 2018)
	Phone-GPS data combined with crime and census data, or pollution data

	Time Spent doing an Activity, in a Location
	Derived from temporal data, activity classification and location data. For example amount of time spent walking in a neighborhood
	(Galpern et al., 2018)
	Phone-GPS data combined with GIS data

	Other Phone-sensor Data
	Kinesthetic activity, sleep duration, time spent proximal to human speech
	(Ben-Zeev, Scherer, Wang, & Xie, 2015; Saeb et al., 2015)
	Accelerometer, microphone, phone usage

	Joint Home-work Location Choice
	Derived from a combination of residence location and work location
	(Wan et al., 2018)
	Phone-GPS data combined with GIS data

	Location Selection
	Derived from location data and a generated set of non-selected data points
	(Ladle et al., 2018)
	Phone-GPS data

	Classification of Data
	Classifying data groups. Can be based on point of interest categories such as: work, transportation, religious. Or on classifying users based on where they live.
	(Gong et al., 2019; Huang et al., 2016; Wan et al., 2018)
	Phone-GPS data combined with GIS data

	Areas of travel
	Geospatial activity extent
	(Ben-Zeev et al., 2015; Vich, Marquet, & Miralles-Guasch, 2017)
	phone-GPS data

	Circadian Movement
	To what extent the participants' sequence of locations followed a circadian rhythm
	(Saeb et al., 2015)
	phone-GPS data

	Day of week
	Temporal data grouped by week days
	(Browning et al., 2017; Galpern et al., 2018; Ladle et al., 2018)
	phone-GPS data

	Distance Variable
	Variable calculated from distance, can include: Trip distance, total distance traveled
	(Figliozzi & Blanc, 2015; Hood et al., 2011; Phithakkitnukoon et al., 2015; Saeb et al., 2015; Yamamoto, Takamura, & Morikawa, 2018)
	phone-GPS data

	Entropy variable.
	Normalized entropy - Mobility between favorite locations
	(Saeb et al., 2015)
	phone-GPS data

	Frequency of use
	Frequency of trail use binned into temporal groups – i.e. more than once a day, 2-5 times per week
	(Hood et al., 2011; Korpilo et al., 2018)
	phone-GPS data

	Location Variance 
	Factor derived from variance in locations visited
	(Barnett et al., 2018; Boukhechba, Chow, Fua, Teachman, & Barnes, 2018; Phithakkitnukoon et al., 2015; Saeb et al., 2015)
	phone-GPS data

	Mobility Classification 
	 Variable derived from the type of activity the user is engaged in - i.e. static or moving
	(Barnett et al., 2018; Canzian & Musolesi, 2015; Korpilo et al., 2018; Phithakkitnukoon et al., 2015)
	phone-GPS data

	Number of trips made
	Count of trips made, i.e. hourly trip counts
	(Barnett et al., 2018; Phithakkitnukoon et al., 2015; Ramskov et al., 2018; Vanky, Verma, Courtney, Santi, & Ratti, 2017; Vich et al., 2017)
	phone-GPS data

	Residence location
	Determined by locations with longest stay, during night hours
	(Vich et al., 2017)
	phone-GPS data

	Risk of Injury
	Calculated using participant reports of injuries during study duration
	(Ramskov et al., 2018)
	Survey data

	Route Choice
	A route-destination pair chosen, relative to a generated set of alternative non-chosen routes
	(Chen et al., 2018; Hood et al., 2011; Yamamoto et al., 2018)
	phone-GPS data

	Season
	Temporal grouping based on season
	(Ladle et al., 2018)
	Phone-GPS data

	Medication
	Whether patient participants take required medication
	(Theall et al., 2018)
	Survey data

	Time spent at destination
	Usage duration of a specific location
	(Boukhechba et al., 2018; Huang et al., 2016; Phithakkitnukoon et al., 2015; Saeb et al., 2015; Vich et al., 2017)
	phone-GPS data

	Time-spent-at-home 
	Sum of time spent at home location
	(Barnett et al., 2018; Chow et al., 2017; Saeb et al., 2015)
	phone-GPS data

	Transport Mode
	Transportation mode identified through trip length, location and time
	(Vich et al., 2017)
	phone-GPS data

	Treatment Intervention
	Groups treated with a different coaching method for running
	(Ramskov et al., 2018)
	Study design

	Trip or transition duration 
	Amount of time to travel between origin and destination
	(Figliozzi & Blanc, 2015; Huang et al., 2016; Saeb et al., 2015; Vanky et al., 2017)
	phone-GPS data

	Trip speed
	Trip distance divided by the amount of time to travel between origin and destination
	(Figliozzi & Blanc, 2015)
	phone-GPS data

	Turns per km
	Number of turns on route
	(Hood et al., 2011)
	phone-GPS data

	Demographic data
	Age, gender, race, household size, socio-economic conditions etc.
	(Browning et al., 2017; Fallah-Shorshani et al., 2018; Korpilo et al., 2018; Vich et al., 2017)
	Pre-study survey

	Route comfort rating  
	A rating of how comfortable the bicycle ride was, determined by the participant
	(Figliozzi & Blanc, 2015)
	Travel Survey

	Weather
	Temperature, humidity, wind speed, precipitation, snow, thunder, cloud cover, heavy cloud cover, fog
	(Galpern et al., 2018; Vanky et al., 2017)
	Existing weather data

	Psychological assessment
	Various assessments used for example: momentary psychological assessment score, "state affect", assessments for depression or anxiety disorders
	(Barnett et al., 2018; Ben-Zeev et al., 2015; Boukhechba et al., 2018; Canzian & Musolesi, 2015; Chow et al., 2017; Gong et al., 2019; Huang et al., 2016; Saeb et al., 2015)
	Pre-study survey, or momentary in-situ assessments
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