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Appendix 

1. Mobile Device Data 

Advan obtains “raw” mobile device location data and aggregates it into visitation metrics to 

points of interest (POI) defined by geofences or geospatial polygons. The unprocessed mobile 

device data consists of timestamped GPS coordinates of a unique device and is collected via 

applications on devices that permit location services. The underlying data are based on GPS 

signal and not cellular tower information. Advan measures visitation at a POI by counting the 

number of devices detected inside of POI geofence regardless of the time spent in the geofence. 

For details refer to: https://docs.deweydata.io/docs/faqs-advan-research#how-are-visits-

attributed-and-defined. 

The visit estimates are reported on a monthly basis and can be disaggregated by the device's 

common evening location (census block group or tract). The location of a device owner’s home 

is unknown. Advan estimates and reports a home location as the census tract in which the device 

spent the majority of its time between 6 PM and 8 AM in the calendar month the data is reported. 

For details refer to: https://docs.deweydata.io/docs/advan-research-monthly-

patterns#determining-home-location. 

The visits by census tract are anonymized and aggregated. For example, in a given week, the 

dataset may report six unique devices visiting the park from a census tract located in the center 

of a city. Because this common evening location is based on the previous 6 weeks, we assume 

that this common evening location is the origin of the trip. Advan uses several additional 

https://docs.deweydata.io/docs/faqs-advan-research#how-are-visits-attributed-and-defined
https://docs.deweydata.io/docs/faqs-advan-research#how-are-visits-attributed-and-defined
https://docs.deweydata.io/docs/advan-research-monthly-patterns#determining-home-location
https://docs.deweydata.io/docs/advan-research-monthly-patterns#determining-home-location
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measures to preserve the privacy of the device owners.  First, Laplace noise is added to the 

number of visitors from a census tract. Second, data are not reported in cases where only one 

device visits the park. Third, in cases where between two and four devices visit the park, the data 

is reported as four visitors. 

2. NPS Site Information 
Table A1. National Park Service sites included in the travel cost analysis. 

NPS Site Location Survey Period 

Annual 

visitation     

(2019-2023) 

(BADL) Badlands National Park South Dakota 7/14/23 - 7/24/23 1,033,073 

(CAHA) Cape Hatteras National Seashore North Carolina 7/23/22 - 8/01/22 2,830,045 

(CARE) Capitol Reef National Park Utah 5/7/22 - 5/16/22 1,221,876 

(CATO) Catoctin Mountain Park Maryland 6/18/22 - 6/27/22 447,996 

(CUVA) Cuyahoga Valley National Park Ohio 8/4/23 - 8/15/23 2,668,454 

(DINO) Dinosaur National Monument Colorado, Utah 7/7/23 - 7/18/23 320,044 

(EVER) Everglades National Park Florida 3/17/23 - 3/31/23 945,626 

(JEFF) Gateway Arch National Park Missouri 7/23/22 - 8/1/22 1,545,604 

(GARI) Gauley River National Recreation Area West Virginia 9/15/23 - 9/26/23 149,437 

(GRTE) Grand Teton National Park Wyoming 7/7/22 – 7/17/22 3,360,762 

(GRSA) Great Sand Dunes National Park Colorado 6/9/22 - 6/19/22 519,468 

(GRSM) Great Smoky Mountains National Park 
North Carolina, 

Tennessee 

6/4/22 - 6/13/22 and  

8/4/22 - 8/10/22 
13,008,058 

(GUMO) Guadalupe Mountains National Park Texas 3/19/22 - 3/28/22 206,141 

(LAMR) Lake Meredith National Recreation Area Texas 6/9/22 - 6/18/22 1,372,659 

(MORU) Mount Rushmore National Memorial South Dakota 7/23/22 - 8/1/22 2,287,208 

(ROMO) Rocky Mountain National Park Colorado 6/9/22 - 6/18/22 4,165,272 

(TUAI) Tuskegee Airmen National Historic Site Alabama 7/12/23 - 7/29/23 16,643 

More detailed visitation information is available at: https://irma.nps.gov/Stats/  

https://irma.nps.gov/Stats/
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3. Summary Statistics 

 

Figure A1. Median and interquartile range of key variables for each study site in the National Park Service (NPS) and Mobile 

data. Trips are annual visits per zone (sum of NPS survey respondents reporting trips in last 12 months or reported unique 

mobile visits over 12 ) .  NPS site abbreviations are defined in Table A1. 
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4. Imputation Methods 

We treat unobserved travel mode (driving-only versus both driving and flying) and the number 

of people splitting trip expenses as data imputation problems. We observe these data for many 

NPS visitor survey respondents, but not all. We also never observe these data for mobile device 

owners. We thus estimate regression models (logistic for flight probability and Poisson for 

number splitting expenses) using the observed data from the National Park Service (NPS) survey 

and apply the models to predict or impute the missing data for survey non-respondents and 

mobile device owners. We estimate the following site-specific model (“Fly Dem”) for predicting 

transportation mode (𝑓𝑙𝑦𝑗𝑧 takes a value of one if flew, zero otherwise): 

𝑓𝑙𝑦𝑗𝑧 = 𝛼𝑗0 + 𝛼𝑗1𝑑𝑑𝑗𝑧 + 𝛼𝑗2𝑖𝑛𝑐𝑜𝑚𝑒𝑧 + 𝛼𝑗3𝑎𝑔𝑒𝑧 + 𝛼𝑗4ℎℎ𝑠𝑖𝑧𝑒𝑧 + 𝛼𝑗5𝑦𝑒𝑎𝑟𝑗     ∀ 𝑗, 𝑧,          (A1) 

in which 𝑑𝑑𝑗𝑧 is one-way driving distance from home ZIP code to destination site, 𝑖𝑛𝑐𝑜𝑚𝑒𝑧, 

𝑎𝑔𝑒𝑧, and ℎℎ𝑠𝑖𝑧𝑒𝑧 are aggregated ZIP code-level estimates of per capita income, median age, 

and household size from the U.S. Census Bureau’s 5-year American Community Survey (ACS), 

and 𝑦𝑒𝑎𝑟𝑗 is a dummy variable that captures whether the NPS visitor survey for a site was 

administered in 2023 (zero otherwise). The latter variable is only applicable in a pooled model 

that jointly pools the data from all the sites (because some sites were surveyed in 2022 and some 

were surveyed in 2023). For prediction, however, we use a non-pooled model (one model for 

every site), dropping the 𝑦𝑒𝑎𝑟𝑗 variable. Predicted dependent variables using coefficient 

estimates from this regression are referred to as 𝑝𝑟𝑜𝑏𝑓𝑙𝑦 in Equation (1) of the text. For sites 

CATO and LAMR, estimation of a site-specific logistic was not possible due to lack of variation 

in the transportation mode variable, and thus we use the pooled model for prediction for those 
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sites.  In Table , we show results of the pooled “Fly Dem” model, as well as the results of a 

pooled “Fly NoDem” model that drops the ACS demographic variables but is otherwise 

equivalent. 

We use a similar approach for number of people splitting expenses, except that the underlying 

model is Poisson rather than logistic. We estimate the following site-specific model (“NSplit 

Dem”) for prediction: 

𝑁𝑆𝑝𝑙𝑖𝑡𝑗𝑧 = 𝛽𝑗0 + 𝛽𝑗1𝑑𝑑𝑗𝑧 + 𝛽𝑗2𝑖𝑛𝑐𝑜𝑚𝑒𝑧 + 𝛽𝑗3𝑎𝑔𝑒𝑧 + 𝛽𝑗4ℎℎ𝑠𝑖𝑧𝑒𝑧 + 𝛽𝑗5𝑦𝑒𝑎𝑟𝑗     ∀ 𝑗, 𝑧,         

(A2) 

in which variables are defined as for the fly regression. We use site-specific models for 

prediction when possible. For sites AZRU, CATO, CUGA, EVER, FOLA, GARI, GRBA, 

GRSA, GRTE, GUMO, LAMR, MORU, PINN, and TUAI, we instead use the pooled model 

(because results were insignificant when just considering those sites alone).  
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Table A2. Pooled prediction models for probability of flying and number of people splitting trip expenses trained on National 

Park Service (NPS) survey responses. 

 
Fly Dem Fly NoDem NSplit Dem NSplit NoDem 

Constant -2.67300*** -3.81200*** 0.65360*** 0.68950*** 

 
(0.43330) (0.08995) (0.05562) (0.00832) 

Distance 0.002142*** 0.002107*** 0.00001808* 0.00002018** 

 
(0.00006387) (0.00006133) (0.00000771) (0.000007511) 

Income 0.00001745*** 
 

0.0000007686** 
 

 
(0.00000210) 

 
(0.0000002858) 

 
Age -0.03444*** 

 
-0.00247** 

 

 
(0.00623) 

 
(0.0007967) 

 
HH Size -0.25680* 

 
0.03982** 

 

 
(0.12010) 

 
(0.01423) 

 
Year (2023) -0.03320 -0.04205 0.06782*** 0.06501*** 

 
(0.08124) (0.07951) (0.01065) (0.01053) 

Observations 6769 6847 18496 18840 

Note: *** for p < 0.001, ** for p < 0.01, * for p < 0.05, ^ for p < 0.1 

The results in Table  largely confirm our intuition about who flies. The probability of flying 

increases with driving distance, and that relationship is robust to the inclusion of demographic 

controls. Moreover, respondents from areas with higher per-capita income are more likely to fly, 

whereas people from ZIP codes with higher median age and larger households are less likely to 

fly. Similarly, people traveling a longer distance split the cost among a larger number of people. 

People from ZIP codes with larger households split the costs among more people, whereas 

people from ZIP codes with higher median age split the costs among fewer people.  
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Out-of-Sample Fit 

We assess the out-of-sample performance of our flight mode and group size prediction models 

using 5-fold cross-validation, implemented for each model pooled across all park sites. The 

models include both logit (predicting probability of flying) and Poisson (predicting number of 

people splitting trip costs), each trained on a combined dataset across sites. For each model, we 

retrain models on 80% of the data while testing on the remaining 20%, rotating across five folds.  

We evaluate the logit fly probability model by the Brier Score: a scoring rule that measures the 

mean squared error between predicted probabilities and observed outcomes (0 or 1). Lower 

scores indicate better calibrated and more accurate probabilistic predictions. We evaluate the 

Poisson nsplit model (e.g., number of people splitting expenses) using the Root Mean Squared 

Error (RMSE) and Mean Absolute Error (MAE) to assess absolute predictive error in the natural 

units of the outcome variable. 

We show the results in Table . The cross-validation analysis suggests that both flight probability 

and cost-sharing models perform well and are robust to the inclusion of demographic covariates. 

The Brier scores of the flight mode prediction models show that including demographics 

provides a modest improvement and that both models show some predictive power. The cost-

splitting models are very similar with and without demographics. The mean party size is 2.07, so 

the model predicts within about 50% of the leftout data. 
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Table A3. Out-of-sample metrics of cross-validation analysis of our flight mode and group size prediction models using 5-fold 

cross-validation, implemented for each model pooled across all National Park Service park sites. Columns show Brier score, 

Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE). 

 

Brier RMSE MAE 

Fly Prob (with demographics) 0.099 

  
Fly Prob (without demographics) 0.101 

  
Nsplit (with demographics) 1.89 1.34 

Nsplit (without demographics) 1.89 1.34 

 

5. Airfare Prediction Model 

To predict the average airfare between contiguous U.S. city-pairs, we use 

𝑎 = 𝛾0 + 𝛾1𝑑𝑓𝑙𝑒𝑔2 + 𝛾2020 + 𝛾2021 + 𝛾2022 +  𝛾𝑃𝑊𝑥𝑃𝑊 + 𝛾𝑃𝑊𝑥𝐼𝑀 + 𝛾𝑃𝑊𝑥𝑀𝑊 + 𝛾𝑃𝑊𝑥𝑆𝐸 +

𝛾𝑃𝑊𝑥𝑁𝐸 + 𝛾𝐼𝑀𝑥𝐼𝑀 + 𝛾𝐼𝑀𝑥𝑀𝑊 + 𝛾𝐼𝑀𝑥𝑆𝐸 + 𝛾𝐼𝑀𝑥𝑁𝐸 + 𝛾𝑀𝑊𝑥𝑀𝑊 + 𝛾𝑀𝑊𝑥𝑆𝐸 + 𝛾𝑀𝑊𝑥𝑁𝐸 + 𝛾𝑆𝐸𝑥𝑆𝐸 +

𝛾𝑆𝐸𝑥𝑁𝐸,            (A3) 

in which 𝑎 is the average airfare for a city-pair, 𝑑𝑓𝑙𝑒𝑔2 is the flying distance between the two 

cities, 𝛾2020, 𝛾2021, and 𝛾2022 are intercept shifters that account for the year in which the airfare 

was estimated, and 𝛾𝑃𝑊𝑥𝑃𝑊 through 𝛾𝑆𝐸𝑥𝑁𝐸 are region-region intercept shifters (PW = Pacific 

West, IM = Intermountain, MW = Midwest, SE = Southeast, and NE = Northeast). The base year 

is 2019, and the base region-region combination is 𝑁𝐸𝑥𝑁𝐸. The model is underpinned by data 

from U.S. Department of Transportation (2025). We show results in Table . The results largely 

confirm intuition. Airfare increases with distance flown, and airfares are affected by the regions 

across which flights depart and land. 
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Table A4: Prediction model for airfares between contiguous U.S. city-pairs, as grounded in data from the U.S. Department of 

Transportation’s Consumer Airfare Report (U.S. Department of Transportation, 2025). 

Variable Estimate Standard Error t value 

𝛾0 196.20*** 1.73 113.79   

𝑑𝑓𝑙𝑒𝑔2 0.0591*** 0.007 87.77   

𝛾2020 -55.19*** 0.61 -91.08   

𝛾2021 -34.32*** 0.55 -62.63   

𝛾2022 31.91*** 0.54 58.98   

𝛾𝑃𝑊𝑥𝑃𝑊 -34.22*** 2.05 -16.71   

𝛾𝑃𝑊𝑥𝐼𝑀 -3.75* 1.90 -1.97   

𝛾𝑃𝑊𝑥𝑀𝑊 7.79*** 2.04 3.83   

𝛾𝑃𝑊𝑥𝑆𝐸 17.55*** 2.18 8.07   

𝛾𝑃𝑊𝑥𝑁𝐸 15.16*** 2.38 6.37   

𝛾𝐼𝑀𝑥𝐼𝑀 9.78*** 1.96 5.00   

𝛾𝐼𝑀𝑥𝑀𝑊 9.73*** 1.87 5.19   

𝛾𝐼𝑀𝑥𝑆𝐸 19.00*** 1.88 10.12   

𝛾𝐼𝑀𝑥𝑁𝐸 26.86*** 2.07 12.97   

𝛾𝑀𝑊𝑥𝑀𝑊 28.80*** 2.03 14.19   

𝛾𝑀𝑊𝑥𝑆𝐸 -9.04*** 1.79 -5.04   

𝛾𝑀𝑊𝑥𝑁𝐸 20.89*** 1.89 11.04   

𝛾𝑆𝐸𝑥𝑆𝐸 2.06 1.84 1.12   

𝛾𝑆𝐸𝑥𝑁𝐸 -18.37*** 1.81 -10.14  

Observations: 85,949 

Adjusted R-squared: 0.4458 
Note: *** for p < 0.001, ** for p < 0.01, * for p < 0.05 
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6. Sample Bias 

We investigate sample bias in the mobile device data by regressing the number of devices 

“residing” in each census tract on 5-year ACS Census tract population, age, income, and 

household size. The logic is that conditional on a census measure of population, any correlation 

between number of devices and a demographic attribute suggests that attribute is over- or under-

represented in the data. Table  displays the results. The first column includes data on the subset 

of census tracts from which people visit our set of NPS sites.  The second column runs the same 

regression on all census tracts in the Advan data.  

The coefficient on Tract Population indicates the number of devices in the Advan sample for 

every 100 people reported in the census. Overall, the Advan data represent about 5% of the 

population. Coverage is a bit higher in tracts where people visit the parks (8%). The only other 

significant coefficient in the All Tracts model is household size, but the coefficient is very small, 

suggesting little to no bias along the dimensions measured here. This result is consistent with (Li 

et al. 2024). Our sample has higher representation, higher device counts in places with higher 

median age, and fewer device counts in areas with larger household size (likely because young 

children do not have phones and underage device owners are excluded from the panel). The 

Children’s Online Privacy and Protection Act (COPPA)i prohibits website and smartphone 

applications from collecting personal information on children (defined as those under 13 years 

old). The data provider Veraset that provides data to Advan relies on applications providing the 

data to comply with COPPA. The strong negative coefficient on household size suggests that 

device counts are lower relative to population in areas with larger household size.  
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Table A5: Regression of census tract device count on tract population and demographics of visitors to National Park Service 

parks in the United States. 

 Sample All Tracts 

Constant 103.043** 69.849*** 

 (33.774) (2.537) 

Tract Population (100s) 8.695*** 5.532*** 

 (0.194) (0.058) 

Median Age 1.777*** 0.000 

 (0.505) (0.000) 

Income per-capita -0.236 0.000 

 (0.168) (0.000) 

Household Size -50.784*** <0.001*** 

 (8.739) (0.000) 

Num.Obs. 23102 72668 
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7. Visitation Correlation 

We compare the visitation patterns between the Advan mobility data and official NPS visitor 

statistics in Figure A1.  

 

 

Figure A1. Correlation of Advan Monthly Patterns visits with National Park Service (NPS) official visitation statistics. Both 

series are scaled within each site. The correlation coefficient is in parentheses next to the park code. Park abbreviations are 

defined in Figure 3. Sites without official NPS visitation statistics are omitted. 
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8. LASSO 

Table A6. Least Absolute Shrinkage and Selection Operator (LASSO) Regression of the difference between National Park Service 

(NPS) Zonal and Mobile Consumer Surplus (CS) estimates 

 
Difference % Difference 

(Intercept) 13.20 44.3 

Average Visits per person - - 

Annual Visitation - - 

Year=2023 - - 

Visitor Centers - - 

Campgrounds - - 

Large Site (binary) - -4.74 

High Profile Site (binary) - -13.6 

Total Acreage - - 

Historic site  -5.64 - 

Eastern US (binary) - - 

Western US (binary) - - 

Acres of Water - - 

Travel Distance Difference - - 

Income Difference - 10.8 

Observation Count Difference - - 

% Local - 17.0 

% Primary Purpose Visitors 3.80 - 

Optimal Lambda* 67.00 5.5  

*The optimal lambda minimizes prediction error based on 100 cross 

validations 
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9. Travel Distance 

 

Figure A2. One-way travel distance distributions for each National Park Service (NPS) park from each data source. ECDF is the 

empirical cumulative distribution function of each data source (Mobile and NPS) at each site. National Park Service site 

abbreviations are defined in Table A1. 

  



Land Economics 102 (3), August 2026 
“Are Mobile Device Location Data a Substitute for Travel Cost Surveys?” 
by Jude Bayham, Aaron J. Enriquez, and Leslie Richardson 

 

 

15 

10. Consumer Surplus Over Time 

In A2, we show estimates of CS over time calculated using Advan mobility data. 

 

Figure A2. Per-trip CS estimates by year in 2023 dollars, as calculated using Advan mobility data. Note the vertical axes scales 

differ across sites. The point of interest boundaries used to estimate visitation changed for many National Park Service parks in 

December 2022.  
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11. Regression Tables 

All regression tables are included in a separate MS Excel file. Each tab of the file represents a 

model specification and dataset and contains the regression results for the 23 NPS sites. The 

tables can be downloaded from the GitHub repository: 

https://github.com/jbayham/tc_nps/tree/6784b038ed1ecefd9ed069a8750edb3f267c9ba8/supplem

entary_material 

 

 
i Children’s Online Privacy Protection Act of 1998 (COPPA), 15 U.S.C. §§ 6501–6506. 

https://github.com/jbayham/tc_nps/tree/6784b038ed1ecefd9ed069a8750edb3f267c9ba8/supplementary_material
https://github.com/jbayham/tc_nps/tree/6784b038ed1ecefd9ed069a8750edb3f267c9ba8/supplementary_material

