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A B S T R A C T

Monitoring visitor demographics and temporal visitation patterns can help national park managers understand 
their visitors and allocate resources more effectively. Traditional approaches, such as visitor surveys or vehicle 
counts, are limited by time, space, labor, and financial resources. More recently, mobile device data have been 
adopted for monitoring visitors in park-related or tourism research. However, few studies validated mobile 
device data with traditional visitor surveys or count data. Combining mobile device data with the American 
Community Survey (ACS), this study assessed mobile device data’s validity in a national park context with three 
approaches: Points of Interest (POIs), visitor demographics, and temporal visitation patterns. The results revealed 
that only half of the POIs inside Yellowstone National Park are valid. Compared to traditional visitor surveys, 
mobile device data are limited due to platform bias and the exclusion of international visitors, resulting in 
discrepancies in visitor demographics, such as education and income levels. Conversely, mobile device data have 
strong correlations with count data regarding monthly and daily visitation patterns. The results suggest that with 
careful consideration, mobile device data can serve as an additional and complementary source of information to 
traditional survey data for understanding visitor demographics and temporal visitation patterns.   
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1. Introduction

Prior to the COVID-19 pandemic, the United States (U.S.) national
parks attracted 327.5 million domestic and international recreation 
visits in 2019, which marked the fifth consecutive year of more than 300 

million visitors (National Park Service Office of Communications, 
2020a). Monitoring national park visitors and visitation numbers is 
essential for managing visitor flows, allocating resources, developing 
infrastructure, and predicting activity demands (Cessford and Muhar, 
2003; English and Bowker, 2018; Pettebone and Meldrum, 2018; Rice 
et al., 2019). These data are vital to the mission of the National Park 
Service, enhancing visitor experiences and protecting park resources. 
For example, Ziesler and Pettebone (2018) indicated that visitor use 
data benefit the design of facility construction, including roadways, 
parking lots, visitor centers, and restrooms. Traditional approaches for 
collecting these data rely on visitor surveys or visit counts, which are 
limited by time, space, labor, and financial resources (Di Minin et al., 
2015; Sessions et al., 2016). 

The rapid development of information and communication tech
nology generates big data, possessing the “3 V” characteristics, namely 
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high volume, high value, and high velocity (Laney, 2001). 
Location-based Service (LBS) data from mobile devices, as one type of 
big data sources, has been adopted to investigate human mobility (Lee 
et al., 2020), the impacts of social distancing on economic inequality 
(Chiou and Tucker, 2020), and mobility and social networks in the U.S. 
(Chang et al., 2021). Internationally, researchers have explored factors 
influencing human mobility (Phithakkitnukoon et al., 2012), mobility 
and socioeconomic indicators (Pappalardo et al., 2015), mobility and 
event detection (Traag et al., 2011), and the representativeness issues of 
sparse mobile location data in Portugal, France, and China (Lu et al., 
2017). 

Mobile device data have also been applied in tourism-related 
research (Kubo et al., 2020; Park et al., 2020; Raun et al., 2016; 
Rodríguez et al., 2018). For example, Ma and Kirilenko (2021) 
compared social media data, mobile device data, and traditional surveys 
for estimating tourists’ residency. By utilizing mobile positioning data, 
Raun et al. (2016) demonstrated that mobile device data could provide 
rich information on foreign visitors’ characteristics and behaviors in 
Estonia in three dimensions, including spatial, temporal, and 
compositional. 

National parks are diverse with vast expanses of landscape, 
providing a variety of visitor experiences. This makes visitor monitoring 
challenging. Mobile device data has significant potential as a comple
mentary or alternative data source to traditional visitor survey/count 
data for studying park visitor behaviors and characteristics. Thus, this 
type of assessment on the validity of mobile device data is necessary and 
a prerequisite for its further applications (Ma and Kirilenko, 2021; Monz 
et al., 2019, 2021). 

Although previous studies have investigated the effectiveness of 
using mobile device data to investigate human behaviors and its char
acteristics (Kang et al., 2020; Pappalardo et al., 2015; Traag et al., 2011; 
Ma and Kirilenko, 2021; Monz et al., 2021) and adopted mobile device 
data at a global scale, to date few studies investigated the validity of 
mobile device data. Most related studies have focused on studying user 
movement patterns with mobile device data (Creany et al., 2021; Merrill 
et al., 2020), while a limited amount of research has considered the 
underlying user demographics (Ma and Kirilenko, 2021; Monz et al., 
2021). 

To fill this gap, this current study aims to validate mobile data by 
comparing them with traditional visitor surveys and count data in a 
national park context. Combined with American Community Survey 
(ACS), this study follows three validation approaches for validation: 1) 
Point-of-Interests (POIs) from mobile device data, 2) visitor de
mographics, and 3) temporal visitation patterns. 

2. Related work 

Traditional approaches to collecting visitor demographics rely on 
visitor surveys (Pettebone and Meldrum, 2018). For example, Yellow
stone National Park Summer 2018 Visitor Use Survey examined visitors’ 
age, education, gender, race, and household income (National Park 
Service, 2019). However, these collection methods require substantial 
time and financial investment (Leggett et al., 2017). Survey interception 
is limited by specific surveying periods and a few selected areas in a 
given park (Cessford and Muhar, 2003; Di Minin et al., 2015; Hadwen 
et al., 2007). Language issues and administrator bias may also pose 
obstacles to capturing a valid demographic representation (Gstaettner 
et al., 2020). Additionally, conducting onsite visitor surveys may be 
more challenging in the era of the COVID-19 pandemic, given that vis
itors may have safety concerns while engaging with surveyors. 

In terms of assessing visitation volumes, national parks typically use 
individual counts or proxy counts, and the level of detail beyond 
entrance stations varies considerably by unit (Ziesler and Pettebone, 
2018). For individual counting methods, sun reflections and refractions, 
wildlife interference and movement, and temperature can impact the 
accuracy of traditional automated counters. Given staffing limitations, 

these systems often lack calibrated correction factors (Pettebone et al., 
2010). Beyond automated traffic and trail counters to gauge use (Lawson 
et al., 2011, 2017; Pettebone et al., 2013, 2019; Ziesler and Pettebone, 
2018), park or transportation ticket sales are one of the proxy counting 
approaches. For example, counting vehicles entering the park is a 
common proxy count approach, and associated vehicle counts must be 
multiplied by a parameter of persons-per vehicle in order to obtain 
estimated visitor counts (Ziesler and Pettebone, 2018). In summary, 
each method listed above contains significant biases and limitations. 

In the United States, 97% of adults own at least one mobile phone 
(Pew Research Center, 2021). Researchers have taken advantage of data 
generated by mobile devices to understand human mobility. Since 2007, 
mobile device data has been applied in park-related and tourism 
research, such as investigating spatial and temporal patterns (Juhasz 
and Hochmair, 2020), visitor flows (Kupfer et al., 2021), and origins of 
tourists (Ma and Kirilenko, 2021). The application of mobile device data 
allows researchers to explore visitor behaviors and characteristics across 
a longer time scale and assess spatial variations across a larger region 
compared to visitor surveys (Alba et al., 2022; Kupfer et al., 2021). 
Additionally, mobile device data minimize time-intensive fieldwork for 
researchers and park staff (Monz et al., 2021). 

Various companies providing mobile device data include SafeGraph, 
StreetLightData, and UberMedia (now part of Near, Rice et al., 2022). 
For example, Monz et al. (2019) employed mobile device data from 
StreetLightData to estimate monthly visitation in protected areas in 
Orange County, California, and validate it with traditional count data. 
Creany et al. (2021) estimated trail use and spatial distribution of visi
tors with mobile device data in protected areas in the same county. 
Juhasz and Hochmair (2020) investigated temporal visitation patterns, 
distance from home, and event detections in three Florida cities using 
SafeGraph data. Kupfer et al. (2021) employed SafeGraph data to 
investigate the effects of the COVID-19 pandemic on changes in tem
poral visitation patterns and visitor flows in six U.S. national parks. 

In summary, traditional studies on visitor demographics and tem
poral visitation patterns have often relied on visitor surveys and indi
vidual or proxy counts. New types of mobile phone data are now 
available and being adopted in tourism and park settings, potentially 
eliminating some of the limitations of small temporal and spatial scales 
of visitor surveys. However, limited attempts have been made to assess 
the validity of these types of mobile data. Therefore, this study intends to 
validate mobile device data in a national park context, combined with 
ACS, with three approaches, POIs, visitor demographics, and temporal 
visitation patterns. 

3. Methodology 

3.1. Data 

Yellowstone National Park (YNP), one of the most visited national 
parks in the U.S. (National Park Service, 2022a), was selected as the 
context of this research for one reason: the authors have access to a 
visitor use survey, count data and mobile device data in YNP at the same 
time period. 

Five datasets were utilized for this investigation (Table 1), including 
YNP Summer 2018 Visitor Use Surveys (2018), NPS Stats Recreation 
Visits by Month (2018–2020), Trails/Gates daily count data in Yellow
stone National Park (2018 summer & 2019 summer), SafeGraph mobile 
device data (2018–2020), and ACS 2015–2019 (at Census Tract level). 

3.1.1. YNP Summer 2018 Visitor Use Surveys 
YNP Summer 2018 Visitor Use Surveys collected visitor de

mographics and visitor experiences at various attractions in YNP across 
the summer season of 2018 (National Park Service, 2019). Visitor de
mographics, such as age, gender, race, educational level, income level, 
and origins of residency, were retrieved from the survey report. 
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3.1.2. NPS Stats Recreation Visits by month 
NPS Stats Recreation Visits by Month provided the number of rec

reational visitors by month from 1979 to the current calendar year for U. 
S. national parks (National Park Services Stats, 2021). The monthly data 
of YNP in the same time period was utilized for the validation of mobile 
device data. 

3.1.3. Trails/gates daily count data 
YNP management provided two datasets containing trail and 

entrance gate daily counts. The trail count dataset included visits in 
popular locations such as Old Faithful Spring, Lower Fall, and Artists 
Paintpots, covering June 2018 to November 2018 and June 2019 to 
November 2019. The entrance gate vehicle count dataset included data 
from May 2019 to October 2019 and May 2020 to October 2020. The 
two datasets were utilized to compare the daily totals with the visits in 
SafeGraph data. The trail counter data were calibrated for a number of 
hours for each season, and multipliers were determined after the 
compilation of all calibration data. 

3.1.4. SafeGraph Data 
SafeGraph is a commercial company that provides Point of Interest 

(POI) and Location-Based Services (LBS) data in the U.S, Canada, and 
the United Kingdom (Juhasz and Hochmair, 2020). POI refers to a 
specific useful or interesting location. The POI data are compiled from 
several sources, including mobile phone GPS data and open government 
data. SafeGraph can track anonymous locations from mobile applica
tions after obtaining opt-in consent1 from their users. These data do not 
contain any identifiable information, such as usernames or the MAC 
address of mobile devices. They only include the latitude and longitude 
of a device at a given location and time. SafeGraph employs this 
geographic location information to determine the number of visits to 
each POI (SafeGraph, 2021). 

The main product of POI data is SafeGraph Places, consisting of three 
datasets: Core Places, Patterns, and Geometry (SafeGraph, 2020). The 
Core Places dataset provides POI data and related attributes for 
non-residential locations, including geospatial coordinates, addresses, 
brand affiliation, open hours, and locational categories (restaurants, 
national parks, museums, etc.). The current scope includes restaurants, 
general stores, malls, parks, hospitals, museums, offices, etc. (SafeGraph 
Places Manual, 2020). 

SafeGraph compiles POI data in the following steps:, collecting 
public location data on the web, applying public APIs and collecting 
updated locations from open web domains, processing and modeling to 
infer additional attributes (e.g., inferring the category of a POI), and 
collaborating with a third-party on additional data sources to fill in gaps. 

Once SafeGraph compiles all data sources, they go through a strict 
cleaning and incorporating process to ensure the accuracy and currency 
of the dataset (Bonack, 2021). 

SafeGraph Patterns provides LBS data in the format of visit counts to 
POIs. SafeGraph aggregates and anonymizes mobility data from mobile 
applications with which users have allowed the tracking of their loca
tions. SafeGraph associates visit characteristics (e.g., daily raw visits) to 
specific places by utilizing its Core Places and Geometry datasets. The 
SafeGraph Patterns dataset also provides specific locations where people 
travel to and from. SafeGraph aggregates information at the Census 
Block Group (CBG) level of a device’s home location (Bonack, 2021). 
Only a CBG with at least two devices is included (SafeGraph, 2020). To 
determine people’s home CBG, SafeGraph analyzes six weeks of data 
during nighttime hours (treating 6 p.m. to 7 a.m. as common nighttime) 
and assigns a home location for a mobile device (SafeGraph, 2020). 
SafeGraph also includes a Geometry dataset that contains geographic 
boundaries of POIs formatted as Well-Known Text (WKT) (Bonack, 
2021). SafeGraph infers the shape of POIs by integrating with reliable 
third-party satellite imagery and applying machine learning approaches. 

SafeGraph data were utilized because of their free availability for 
academic researchers. We retrieved SafeGraph data from Core Places and 
Patterns datasets. The Core Places dataset involves about 8.4 million POIs 
and related information, such as geographic location (latitude & longi
tude), address, category, NAICS CODE,2 open hours, brands, and unique 
SafeGraph IDs. The Patterns dataset contains POIs with unique Safe
Graph IDs, raw visit counts (monthly), visits by day (daily), visitor ori
gins, etc. Currently, SafeGraph Patterns provide visitation data from 
January 2018 to November 2020. The two datasets, Core Places, and 
Patterns, can be linked by the same SafeGraph ID. 

3.1.5. American community survey 
American Community Survey (ACS) is a demographics survey pro

gram conducted by the U.S. Census Bureau. First, it regularly collects 
information on American households on educational attainment, in
come, disability, employment, housing characteristics, etc. Next, the 
Census Bureau aggregates individual ACS responses into various 
grouped geographic levels. These levels are legal and administrative 
entities such as states, counties, cities, and congressional districts, as 
well as statistical entities such as metropolitan scale and tracts. ACS can 
be associated with SafeGraph data to extract visitor demographics at a 
County/Census Tract/Block Groups level. To align with the corre
sponding time period, this study utilized ACS 2015–2019 (5-Year Esti
mates) (United States Census Bureau, 2020b). 

3.2. SafeGraph POI selection and validation 

We followed three steps in order to select and examine SafeGraph 
POIs inside YNP. In the first step, we performed a geospatial operation, 
namely point in polygon, to locate those POIs with coordinates that fall 
within the boundary of YNP. As a result, 80 POIs from SafeGraph Core 
Places were found. 

In the second step, for validation purposes, Google Maps was 
employed to assess the location names, geographic coordinates, and 
addresses for each POI. First, the location names were searched in 
Google Maps. If the given location name was found and appeared to be 
accurate, the geographic coordinates and exact addresses were retrieved 
from Google Maps. Next, the geographic coordinates and detailed ad
dresses gained from Google Maps were compared to the latitude, 
longitude, and address provided by SafeGraph. As a result, 40 invalid 
POIs were filtered out among the original 80 due to unmatched 
geographic coordinates and/or inaccurate location names. Fig. 1 dem
onstrates the 40 valid POIs used in this study. 

Table 1 
Data sources.  

Dataset Source Time Period Accessibility 

Yellowstone National 
Park Summer 2018 
Visitor Use Surveys 

NPS 2018 Public 

NPS Stats Recreation 
Visits by Month 

NPS IRMA 2018–2020 Public 

Trails/Gates daily 
count data in 
Yellowstone 
National Park 

Collected by NPS 
administration 

2018 summer 
& 2019 
summer 

Private 

SafeGraph Core 
Places/Patterns 

SafeGraph 2018–2020 Public for 
academic 
researchers 

American Community 
Survey 

The United States 
Census Bureau 

2015–2019 (5- 
Year Estimates) 

Public  

1 Opt-in refers to companies explicitly asking users for permission to collect 
and process their personal data. 

2 Federal statistical agencies utilize NAICS as the standard to classify business 
establishments (U.S. Census Bureau, n.d.). 
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In the third step, the unique SafeGraph IDs of the 40 POIs from 
SafeGraph Core Places were utilized to retrieve the related visitation 
patterns from the SafeGraph Patterns dataset. Nine POIs (Table 2) were 
selected for further investigation. According to SafeGraph, these nine 
POIs represented the most popular attractions and possessed visitation 

numbers of more than 1,000 visits between May 2018 to September 
2018. This period matches the data collection period of the YNP Summer 
2018 Visitor Use Surveys. 

Fig. 1. Locations of valid POIs in yellowstone national park.  
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3.3. Data analysis methods 

3.3.1. Visitor demographics 

3.3.1.1. Merging SafeGraph with ACS. In the SafeGraph Patterns dataset, 
each POI is associated with visitation numbers and related visitor home 
CBGs. CBG is a geographical unit used by the U.S. Census Bureau and is 
the smallest geographical unit for which the bureau publishes related 
demographic data. Typically, Block Groups have a population of 600 to 
3,000 people. A 12-digit identification number of each CBG has a 
GEOID3 structure: 2 + 3+6 + 1 (12-digit number) = State + County +
Tract + Block Group. The first two digits represent the visitor’s home 
state; the first five (2 + 3) digits indicate the county; the first eleven (2 +
3+1) represent the Census Tract. Therefore, SafeGraph datasets can be 
associated with ACS and used to extract related demographic composi
tion of residents at a State/County/Census Tract/CBG level. 

Since the Visitor Use Surveys were conducted from May 2018 to 
September 2018, SafeGraph data from the same period were extracted. 
Combined with ACS results by CBGs, five demographic and socioeco
nomic variables, including gender, age, race, educational level, income 
level, and visitors’ home states, were calculated from SafeGraph data. 
These five demographic variables and origins of visitors were selected in 
order to match with the Visitor Use Surveys. 

3.3.1.2. Calculating visitor demographics. We employed two approaches 
to obtain visitor demographics from SafeGraph data: 1) the average 
visitor demographics of Yellowstone Arts & Photography Center (the 
most visited POI). This location became the most popular due to its 
proximity to Old Faithful Geyser, and SafeGraph did not capture the 
attraction as a POI; 2) the average visitor demographics of the nine most 
visited POIs (selected from the last step). We tested the second approach 
because applying only one POI to estimate visitor demographics may not 
represent the entire visitor population; the average of nine POIs can 
cover a broader range of visitors who may have only visited less popular 
POIs. 

To calculate the aggregated visitor demographics, we adopted the 
following formula. Let Xt (t = 1, 2, …, n) be the percentage of each sub- 
group of each demographic variable in a Census Tract; let Yt (t = 1, 2, …, 
n) be related visitation number in a Census Tract; the formula to 
calculate the percentage of each sub-group of each demographic vari
able of a POI is: 

Percentage = Σn
t=1XtYt

/
Σn

t=1Yt 

However, the classification of subgroups for age, education level, 
and household income level are different between the visitor survey and 
ACS. To match the two data sources, we removed age subgroups below 
18-year-old and recalculated the percentages of age subgroups 18-years- 
old or older to align with the Summer 2018 Visitor Use Surveys, which 
only collected data from visitors who were 18-year-old or older. For 
education levels, only one subgroup, namely less than high school, was 
kept for this study since the two data sources had very different defi
nitions for other subgroups. Subgroups of household income levels in 
ACS were aggregated and recalculated to align with the subgroups in the 
survey. 

After calculating the visitor demographics of each POI, the average 
visitor demographic of Yellowstone Arts & Photography Center and 
those of the nine POIs were compared with visitor demographics from 
the survey results by Chi-square Tests (National Park Service Stats, 
2021). The top 10 states of visitor origins of the two data sources were 
presented in a descending order. Data aggregation and analyses for 
visitor demographics were conducted by ‘pandas’, a Python package for 
data analysis and manipulation. 

3.3.2. Trends and correlations of monthly and daily visits 
Before validating monthly and daily visitation patterns between the 

two datasets, SafeGraph data and the count data were normalized by the 
min-max feature scaling: 

X ′

= X − Xmin/Xmax − Xmin 

Next, SafeGraph data were compared with the count data from NPS 
Stats Recreation Visits (National Park Services Stats, 2021) and trail/
gate count data respectively regarding monthly and daily visitation 
patterns by Pearson’s r correlation (Tenkanen et al., 2017). 

Line charts of monthly and daily visit patterns of mobile device data 
and count data were created in Excel. Scatter plots with Pearson’s cor
relations of the two types of data were created by ‘ggplot2’, an R 
package for data visualization. 

4. Results 

4.1. Visitor demographics and origins 

Table 3 presents the average visitor demographics of the nine POIs 
and Yellowstone Arts & Photography Center and the results of Chi- 
square Tests with YNP Summer 2018 Visitor Use Surveys. This table 
also provides demographic composition at a national level. 

Table 2 
Selected top nine SafeGraph POIs for validating visitor demographics.  

Location Name Top Category Latitude Longitude Street Address City Region Postal 
Code 

Yellowstone Art & 
Photography Center 

Other Professional, Scientific, and 
Technical Services 

44.459 −110.827 2 Old Faithful Rd Wyoming WY 82,190 

Old Faithful General Store Office Supplies, Stationery, and Gift 
Stores 

44.457 −110.828 Old Faithful Yellowstone 
National Park 

WY 82,190 

Canyon Lodge Cafeteria Restaurants and Other Eating Places 44.734 −110.491 1 Grand Loop Rd Canyon Village 
Yellowstone National 

Canyon WY 82,190 

Canyon Lodge and Cabins Traveler Accommodation 44.734 −110.490 Canyon Village North Rim Dr Yellowstone 
National Park 

WY 82,190 

Old Faithful Observation 
Point 

Museums, Historical Sites, and 
Similar Institutions 

44.460 −110.828 Old Faithful Village Yellowstone 
National Park 

WY 82,190 

Obsidian Room Restaurants and Other Eating Places 44.457 −110.830 Old Faithful Snow Lodge Yellowstone 
National Park 

WY 82,190 

Geyser Grill Restaurants and Other Eating Places 44.457 −110.829 1000 Old Faithful Yellowstone 
National Park 

WY 82,190 

Fishing Bridge General 
Store 

Office Supplies, Stationery, and Gift 
Stores 

44.565 −110.375 1 N.E. Entrance Yellowstone 
National Park 

WY 82,190 

Outwest T’s Clothing Stores 45.030 −110.707 228 Park St Gardiner MT 59,030  

3 United States Census Bureau (2020a) defines that “GEOIDs are numeric 
codes that uniquely identify all administrative/legal and statistical geographic 
areas for which the Census Bureau tabulates data”. 
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No differences existed between the average visitor demographics of 
nine POIs and the 2018 Visitor Use Surveys regarding gender. Only two 
age subgroups (i.e., 25-year-old to 34-year-old and 75-year-old and 
older) showed a statistically significant difference between the survey 
and SafeGraph data. There was also a statistically significant difference 
in Asians in the race category. In addition, education level and income 
level showed statistically significant differences between the two data 

sources, and only two income subgroups ($50,000 to $74,999 and 
$200,000 or more) lacked significant differences. 

Table 4 presents the top ten states of visitor origins from SafeGraph 
data and the survey results. Slight differences existed between the ranks 
of states. For example, Wyoming (WY) is ranked in the top 10 only in the 
SafeGraph data, while New York (NY) is ranked in the top 10 only in the 
survey. Additionally, the ranks of states by the two datasets had different 

Table 3 
Comparison of visitor demographics between 2018 SafeGraph data (combined with ACS) and Yellowstone National Park Summer 2018 Visitor Use Surveys. 
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orders. 

4.2. Visitor temporal patterns 

4.2.1. Monthly visits 
Two POIs in SafeGraph data, Yellowstone Art & Photography Center 

and Old Faithful General Store, were selected to compare monthly visits 
with official statistics, since the two were the most visited POIs from 
2018 to 2020. These two POIs have close proximity to Old Faithful 
Geyser, and both POIs showed similar peak periods (Fig. 2) (see Fig. 3). 

The Pearson’s r correlation coefficient of SafeGraph data of Yel
lowstone Art & Photography Center and recreation visits by NPS was 
0.88 (p < 0.001), and the Pearson’s r correlation coefficient of the Old 
Faithful General Store and official visitation statistics was 0.85 (p <

0.001) (Table 3), indicating that SafeGraph data and the NPS statistics 
have a strong correlation (The Odum Institute, 2015) regarding monthly 
visitation patterns. 

4.2.2. Daily visit patterns 

4.2.2.1. Trail counts from Old Faithful East vs. SafeGraph Data of Old 
Faithful General Store. The Old Faithful area was selected to validate 
daily visitation patterns of SafeGraph data. YNP staff installed a trail 
counter to collect visitor counts at the trailhead of Old Faithful East. Old 
Faithful General Store is the closest POI to the trailhead. The straight- 
line distance between the two points is approximately 700 m. In addi
tion, the Old Faithful area has good cellular service to track mobile 
devices and capture visitation numbers. 

Fig. 4 presents the daily visitation patterns and correlations of the 
two data sources. The Pearson’s r correlation coefficients were 0.76 (p <

0.001) and 0.77 (p < 0.001) in 2018 and 2019 (Fig. 4), indicating strong 
relationships between the two data sources of daily visitation patterns. 

4.2.2.2. Parkwide gate vehicle counts vs. SafeGraph Data of Yellowstone 
Arts & Photography Center. The POI, Yellowstone Arts & Photograph 
Center, the most visited POI, was selected to validate daily visits with 
Parkwide Gate Vehicle Counts. Fig. 5 presents the visitation correlations 
of the two data sources, showing a noticeable mismatched pattern from 
August 2020 to October 2020. The Pearson’s r correlation coefficients 
were 0.79 (p < 0.001) and 0.47 (p < 0.001) in 2019 and 2020, 
respectively (Fig. 5). 

In addition, since Yellowstone Arts & Photograph Center only opens 
during the summer season, the two data sources in 2019 were split into 
winter season (05/18/2019 to 06/20/2019 and January 10, 2019 to 10/ 
17/2019) and summer (06/21/2019 to 09/30/2019, opening dates of 
the Center) seasons (Yellowstone Forever, 2019) and examined by 
Pearson’s r correlation respectively. The result indicated that the coef
ficient of Pearson’s r correlation between the two data sources for the 
winter season (r = 0.87) was stronger that the coefficient (r = 0.70) for 
the summer season (Fig. 6). This indicates that the summer opening 
season has active WiFi service, and more mobile devices were captured 
by SafeGraph (a steeper regression line) than those in the winter (a more 
gradual line). 

5. Discussions 

This study examined the use of mobile device data for studying na
tional park visitor behavior and characteristics from three approaches: 
the accuracy of national park POIs, the estimated visitor demographics 
and origins, and the temporal national park visitation patterns. Only 40 
POIs matched their location names and geographical locations among 
80 POIs inside YNP as reported in SafeGraph data. The majority of those 
valid POIs are service facilities (e.g., Yellowstone Art & Photography 
Center, Old Faithful General Store, Canyon Lodge Cafeteria) that fall 
into YNP cellular coverage areas (Wadzinski, 2019), while attractions (e. 
g., Old Faithful Spring and Mammoth Hot Springs) or trails were invalid 
or not represented. Poor signal coverage in many areas of the park and a 
focus of SafeGraph on its business clientele, is a plausible reason to 
explain these results (Miyasaka et al., 2018; Muñoz et al., 2019). 

Mixed results were found regarding visitor demographic compari
sons. Mobile device data results revealed statistically significant differ
ences with the results from the visitor use survey regarding education 
levels and income levels. Monz et al. (2021) obtained a similar result, 
suggesting that StreeLight Data were significantly different than tradi
tional surveys regarding visitors’ education levels. However, in our ex
amination, no statistically significant differences existed between the 
two in terms of visitor gender distribution. Only two sub-groups of age 
(i.e., 25-year-old to 34-year-old, and 75-year-old and older) had 

Table 4 
Comparison of origins of states of visitors between 2018 SafeGraph data 
(combining with ACS) and Yellowstone National Park Summer 2018 Visitor Use 
Surveys.  

2018 Visitor Use 
Surveys 

2018 SafeGraph Nine 
POIs’ Average 

2018 Yellowstone Arts & 
Photography Center 

State Percentage State Percentage State Percentage 

CA 13.0% CA 9.0% CA 10.8% 
TX 5.0% WY 6.8% ID 6.4% 
FL 4.0% TX 5.8% UT 5.2% 
WA 4.0% MT 5.1% TX 5.2% 
UT 4.0% FL 4.3% MT 4.7% 
CO 4.0% UT 4.0% WY 3.8% 
NY 4.0% ID 3.5% CO 3.4% 
MN 3.0% WA 3.2% FL 3.1% 
ID 3.0% MN 3.1% OH 3.1% 
MT 3.0% OH 3.1% WA 3.0%  

Fig. 2. Trends of monthly visits between NPS statistics and SafeGraph data (two POIs: Yellowstone arts & photography center and old faithful general store).  
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statistically significant differences between the mobile device data and 
the survey. 

There are several potential explanations for the differences in visitor 
demographics discovered in this research. SafeGraph data only covered 
domestic visitors and long-term international visitors, as each visitor is 
assigned a home CBG, while the traditional onsite park survey collected 
data from domestic, short-term, and long-term international visitors. 

According to the Visitor Use Surveys (National Park Service, 2019), 77% 
of visitors were from North America, 13% of visitors were from Europe, 
such as Germany, France, Switzerland, and the U.K, followed by visitors 
8% from Asia (89% of all Asian visitors were Chinese). The survey re
ported that 17.0% of visitors were Asian or Asian Americans in the 
survey; in comparison, only 5.2% of visitors were Asian American based 
on SafeGraph data. This fact may have contributed to the statistically 

Fig. 3. Correlations of Monthly Visits between NPS Statistics and SafeGraph Data (Two POIs: Yellowstone Arts & Photography Center (Left) and Old Faithful General 
Store (Right)). Note. The shaded areas represent the 95% confidence interval. 

Fig. 4. Patterns (Left) and Correlations (Right) of Daily Visits between Trail Counters in Old Faithful East and SafeGraph POI in Old Faithful General Store. Note. The 
shaded areas (right) represent the 95% confidence interval. 

Fig. 5. Patterns (Left) and Correlations (Right) of Daily Visits between Parkwide Gate Vehicle Counts and Yellowstone Arts & Photography Center Note. The shaded 
areas (right) represent the 95% confidence interval. 
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significant differences in Asian percentages. These differences also 
highlight possible limitations of only using SafeGraph data to answer 
race-related questions. 

Slight differences in the ranks of visitor origins existed between the 
two datasets. A possible reason why WY is ranked among one of the top 
10 states of visitor origin based on SafeGraph data is that the mobile data 
capture visitors regardless of the nature of their visits. Therefore, locals, 
or even YNP managers/staff who regularly come to the park, could be 
counted as visitors. It is legitimate to count locals that may frequent the 
park as visitors, but the inclusion of YNP managers/staff is a limitation 
of SafeGraph data. 

The mobile device data also show strong correlations with official 
count data in terms of temporal visitation patterns, except for the 2020 
summer, during the COVID-19 pandemic. A potential reason for the low 
correlation was that Yellowstone Arts & Photography Center imple
mented indoor capacity limits due to the COVID-19 pandemic,4 while 
Parkwide Gate Vehicle Counts estimated the visitation of all types of 
vehicles for the entire national park. Taff et al. (2022) reported similar 
regulations in that capacity limits were enforced in some facilities within 
five U.S. national parks to keep visitors and staff safe during the 
pandemic. Therefore, the visitation pattern of one specific attraction 
may not match the visitation patterns of the entire park and could be 
influenced by internal factors, such as pandemic-specific policies and 
associated visitor behaviors (Taff et al., 2022). 

Additionally, the differences between the mobile device data and the 
count data can be explained by three potential reasons. First, Parkwide 
Gate Vehicle Counts counted all types of vehicles, meaning that the 
dataset contained counts of the employees, non-recreation, and recrea
tional vehicles. In addition, the number of passengers in each vehicle 
varied. Second, although Yellowstone Arts & Photography Center was 
the most popular attraction among all the valid POIs, not all visitors 
visited this attraction. Additionally, the center only opens during the 
summer season. Third, SafeGraph partners, various mobile applications, 
obtained opt-in consent from its users to collect anonymous location 

data. Some users may have denied the tracking request from the mobile 
applications. Therefore, both parkwide gate vehicle counts and Safe
Graph data may represent different visitor populations and were 
different from the actual number of visitors at the park level. 

5.1. Implications 

The results of the validation of mobile device data from the three 
approaches imply that adopting mobile device data, especially POIs and 
visitor demographics, should be approached with caution due to the 
limitations and potential external factors impacting the validity of these 
datasets. As reported in this study, half of the selected POIs inside YNP 
were invalid, and the majority of the invalid POIs were attractions. The 
results suggest that researchers or park managers should carefully select 
POIs with accurate geographical locations before assessing visitor de
mographics and temporal visitation patterns. The open dates and spe
cific policies of attractions and facilities should also be considered when 
selecting appropriate POIs. 

For estimating visitor demographics, SafeGraph assigns a home 
location for a mobile device and determines visitors’ home CBGs by 
analyzing six weeks of data during nighttime hours. Although interna
tional visitor data are trackable by SafeGraph data, which are aggre
gated into raw counts of visitors in the Patterns dataset, this approach 
cannot provide home CBGs for short-term international visitors. Ac
cording to the Visitor Use Surveys, international visitors accounted for 
23% of all visitors to YLP (National Park Service, 2019). The proportion 
of international visitors will impact the accuracy of assessing visitor 
demographics with SafeGraph data. Therefore, it would be better to 
apply mobile device data to estimate visitor demographics in national 
parks with more domestic visitors (e.g., Gettysburg National Military 
Park; Cuyahoga Valley National Park, etc.). Further validation studies 
are needed for other national parks. 

When researchers utilize mobile device data to estimate temporal 
visitation patterns, it is necessary to consider other factors that may 
influence visitor behaviors. For example, during the beginning of the 
COVID-19 pandemic, some service facilities limited the number of vis
itors, which altered visitor flows and caused significant differences in 

Fig. 6. Correlations of Daily Visits between Parkwide Gate Vehicle Counts and Yellowstone Arts & Photography Center for 2019 winter and 2019 summer Note. The 
shaded areas represent the 95% confidence interval. 

4 This information was confirmed by a social scientist from YNP. 
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visitation numbers compared to regular periods (Taff et al., 2022). 
Although the quality of mobile device data still needs to be improved 

and approached with consideration of the limitations – especially in the 
geographical accuracy of POIs and visitor demographics – national parks 
lacking enough staff and financial support can benefit from this type of 
data to roughly estimate visitor characteristics and temporal visitation 
patterns. We see the use of mobile device data as a significant contri
bution to management of many types of parks and protected areas. 

5.2. Limitations 

Four limitations potentially impact the results of this study. First, 
SafeGraph data contain platform bias since it only captures information 
from mobile application users who grant those applications to collect 
their anonymous location data. These users only compose a fraction of 
mobile phone users. The populations tracked by SafeGraph and those 
visiting YNP could be different. The results demonstrated that they are 
not a random sample of all Yellowstone visitors. Therefore, changes in 
the opt-in process of mobile apps could impact data quality. For 
example, starting in April 2021, when iPhone users open any apps that 
want to access their device I.D, they will be asked if they want to be 
tracked and are given an opportunity to opt out (Leswing, 2021). This 
new privacy setting could increase the opt-out ratios and change the 
demographics represented in mobile phone data. 

Secondly, in this study, the majority of selected POIs were service 
facilities, not attractions of YNP; therefore, one bias of the represented 
POIs is that the characteristics of those who visited service facilities 
could be different from those who visited attractions or trails in YNP. 
Furthermore, different selected POIs could attract visitors with different 
characteristics. 

Thirdly, YNP have different operating hours and seasons for various 
attractions or services within the park (Park, 2022b), which has impacts 
on estimating temporal visitations. For example, the visitation in Yel
lowstone Arts & Photography Center by SafeGraph has a stronger rela
tionship with gate vehicle count in the winter season than in the summer 
season: the availabity of WiFi service may have complicated the accu
racy of SafeGraph data in the summer. In addition, using POIs to assess 
visitor behaviors is also challenging during the COVID-19 pandemic or 
future large-scale events that may significantly alter visitor behaviors. 
For instance, Fig. 5 shows a low correlation between SafeGraph data and 
gate vehicle counts in 2020 since Yellowstone Arts & Photography 
Center implemented indoor capacity limits for visitors. Additionally, the 
mask requirement policy in all NPS buildings could also reduce visita
tion volumes (Park, 2021b). Therefore, internal factors, such as seasons 
or hours of operation and pandemic-specific policies of an attraction, 
could influence the estimated visitation patterns based on mobile device 
data (Taff et al., 2022). 

Fourthly, the target population of the Visitor Use Surveys included 
both domestic and international visitors, whereas SafeGraph data only 
captured domestic and long-term international visitors. SafeGraph data 
would have likely been more representative during the 2020 YNP visi
tation cycle, as short-term international visitation decreased signifi
cantly during that pandemic-impacted years. Still, these data would not 
have been as representative during more normal years. 

Therefore, based on the discussion above, additional information, 
such as visitor characteristics and policies for park facilities, collected by 
surveys or other types of approaches are indispensable to supplement 
mobile device data. 

5.3. Future research 

This study highlights several areas to further advance research 
regarding mobile device data. First, researchers should collaborate with 
the companies that provide mobile device data to improve data quality, 
as this study revealed that 40 POIs are invalid after the POI validation 
process. Using POIs with inaccurate geolocations could mislead park 

managers regarding the spatial distribution of visitors. Improved data 
quality can benefit both national park researchers and these commercial 
companies. 

Second, future research could employ visitor demographics beyond 
the five demographic variables and origins of visitor residency and 
investigate how these variables influence temporal visitation patterns 
(Rice and Pan, 2020). For example, ACS includes many other variables, 
such as unemployment rates. In addition, although this study calculated 
the average visitor demographics of the nine POIs and the most visited 
POI, it is feasible to retrieve the visitor demographic for each POI. This 
suggests that future research could investigate and compare visitor de
mographics for various attractions and service facilities and understand 
different segments’ unique preferences. 

Third, park managers can potentially utilize mobile device data to 
track changes in visitation numbers and demographics at a park level or 
at a specific attraction over time and gain insights for adaptive man
agement strategies (Monz et al., 2019, 2021). Using experimental de
signs, such as implementing different staffing or infrastructural 
adjustments as various conditions, researchers could examine behav
ioral changes using mobile device data. Understanding mobile device 
data and adopting them could help park managers understand the ef
fects of various adaptive management strategies. 

Furthermore, future research can combine mobile device data with 
other data sources to understand visitor behaviors beyond ACS. For 
example, the linkage of mobile device data with textual content from 
social media data can help researchers and park managers to understand 
visitor motivations, constraints, and positive/negative experiences in 
national parks. In addition, linking mobile device data with point-of-sale 
data can reveal the economic impacts of visitors to various service fa
cilities in national parks (Marques et al., 2022) and in gateway com
munities. Moreover, mobile device data can not only be utilized for 
visitor use in remote national parks but also to explore visitor behaviors 
and characteristics in urban parks and community parks. The utility of 
mobile phone data might be higher for the latter due to better cell 
coverage in more populated areas. 

Finally, investigating the impact of the COVID-19 pandemic on na
tional park visitation with mobile phone data could be a promising di
rection, given that most onsite visitor survey projects were not possible 
when quarantine and social distancing policies were in place (Taff et al., 
2022). 

6. Conclusions 

This study assessed the validity of mobile device data for validating 
POIs, visitor demographics, and temporal visitation patterns in YNP by 
comparing it with traditional approaches, including onsite visitor use 
and count data. The similarities and differences between the two data 
sources suggest that SafeGraph data can serve as an additional and 
complementary source of information to traditional methods with 
careful consideration. With the advancement of technology in the future 
and more in-depth validation, mobile device data could provide more 
detailed, comprehensive, and timely information related to visitor 
characteristics and temporal visitation patterns for national parks. 
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