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ABSTRACT Mobile device location data offer
a low-cost alternative for measuring visita-
tion to outdoor recreation sites and are known
to correlate with official visitation counts.
Less is known about whether these data can
recover recreation demand and consumer sur-
plus comparable to survey-based methods. We
compare travel cost models estimated using
mobile device and survey data for 17 US Na-
tional Park Service sites. Results are mixed.
We examine the roles of aggregation and sam-
pling bias and use a LASSO regression to as-
sess whether sample and site characteristics
explain discrepancies. (JEL Q26, Q51)

1. Introduction

Mobile device location data have become
widely available since 2020 and are being
used to study many aspects of human behav-
ior. Environmental economists have demon-
strated the potential use of these data to study
recreation demand, which has long relied on
expensive and time-consuming survey meth-
ods (Kubo et al. 2020). Mobile device loca-
tion data offer a relatively low-cost source of
high-resolution visitation data across broad
geographies over time. Credible welfare esti-
mates over time for a wide range of recreation
sites could unlock many research questions
and reveal important information about the
economic value of public land. The critical
research question is whether mobile device

Land Economics » August 2026 « 102 (3): 400417
DOI:10.3368/1e.102.3.012626-0015

ISSN 0023-7639; E-ISSN 1543-8325

© 2026 by the Board of Regents of the

University of Wisconsin System

location data are a reliable substitute for con-
ventional travel cost surveys.

We seek to answer the substitute question
by estimating travel cost models for 17 US
National Park Service (NPS) sites using both
conventional survey data and mobile device
data (Figure 1). The NPS recently launched
a visitor survey effort that collects detailed
information from park visitors to estimate
travel cost models. We compared survey- and
mobile-based welfare estimates across a range
of park sites, from large and well-known sce-
nic parks to small historic sites. We prepared
the data using the same or equivalent assump-
tions to ensure the most appropriate compar-
isons. At each site, we estimated a series of
models across a spectrum of aggregation. We
started by using all the individual-specific
information from the individual-level survey
data then progressively aggregated the data
to investigate the consequences of aggrega-
tion characteristic of mobile device data. We
estimated models with the mobile device
data alone and with augmentation, leveraging
information from the survey data. Together,
comparison across model specifications and
sites allowed us to disentangle the effects of
data aggregation from other sources of dif-
ference between the consumer surplus (CS)
estimates. !

I'We use data collected through the NPS visitor surveys to
study the strengths and limitations of mobility data in a pure
research context. To facilitate fair comparisons between the
survey data and mobile data, we focus primarily on travel
cost models that intentionally restrict the survey data (e.g.,
ignore available information). As a result, the welfare esti-
mates reported here are not necessarily based on travel cost
model specifications that result in the most accurate, policy-
relevant estimates of CS.
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Figure 1
Map of National Park Service and Mobile Sites

Note: The national park site abbreviations are defined in Appendix Table A1.

Recreation demand researchers have sought
alternative data sources to better understand
recreation values for years. Social media meta-
data is now stored in central repositories that
can be mined to collect data on visitors (Wood
et al. 2013; Keeler et al. 2015; Heikinheimo
et al. 2017; Sinclair, Ghermandi, and Sheela
2018). Mobility data have become widely
available since the late 2010s and contain the
information needed to estimate recreation
demand models. These data have been used to
estimate single-site travel cost models (Kubo
et al. 2020) as well as more complex discrete
choice models.

Alternative data sources must contain ori-
gin and destination visitation data, and the
data must accurately describe the behaviors of
the population of interest. In general, research
has found that social media data can approx-
imate visitation trends to recreation sites
(Heikinheimo et al. 2017; Ghermandi 2018;
Sinclair et al. 2018; Wood et al. 2020; Wilkins,

Wood, and Smith 2021; Goebel et al. 2023).
Sessions et al. (2016) show that Flickr data
correspond to visitation at US national parks.
Using Airsage and Safegraph data, respec-
tively, Merrill et al. (2024) and Tsai et al.
(2023) find that mobile data correlate with vis-
itation data at some US national parks but do
not correlate well in others. RRC Associates
(2024) show how high-resolution data can be
used to study how visitors use parks.

Most mobile device location data are now
collected via smartphone applications, where
users permit location services to collect time-
stamped GPS coordinates over time. For most
research applications, there is a need to ensure
that the sample of devices contributing to the
dataset is free from systematic bias. Indeed,
Li et al. (2024) compare Advan (our data
source) mobile device counts to US Census
data and find minimal systematic biases. We
conducted similar bias analyses on our sample
and draw similar conclusions. We compared
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the distribution of visit distances (origin to
destination) between the survey and mobile
device data to investigate systematic differ-
ences between the samples of site visitors.

We contribute to this growing literature in
three ways. First, we estimate single-site travel
cost models for a set of US national parks
and derive welfare estimates. Our approach
is most similar to Sinclair et al. (2020), who
compare travel cost and welfare estimates
based on geolocated photographic data and
conventional survey data in German national
parks. However, we use mobile device data
that sample a much larger share of the pop-
ulation and focus on US national park sites
that exhibit more variation in site types. To
our knowledge, this analysis is one of the first
applications of mobile device data to estimate
welfare values for recreation sites in the US
National Park System. Second, we develop
methods to overcome data limitations inher-
ent in mobile device data. Specifically, we
trained regression models based on the visitor
survey data and use them to impute the proba-
bility of flying and the number of people split-
ting expenses, both of which are key inputs to
travel cost models. Third, we compute welfare
estimates for NPS sites over time, demonstrat-
ing how these data can be used to study values
across various timeframes and seasons.

We find that mobile device location data are
not a perfect substitute for on-site surveys, in
the sense that we cannot simply replace con-
ventional survey data with mobile device data
without losing information. However, mobile
device data can provide valuable information
to fill in temporal and spatial gaps when no
surveys can be completed. This can help land
management agencies reduce monitoring costs
by reducing the required frequency of on-site
surveys and has important implications for
improved policy and management decisions.
For instance, continued comparisons of mobile
and survey data can support calibration factors
applied to CS estimates in natural resource
damage assessments, regulatory analyses,
visitor use management strategies, and other
analyses that involve recreation opportunities
occurring in a season or location with no avail-
able survey data. Mobile device data can also
play a role in providing information for new
legislation. For instance, the 2025 Expanding
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Public Lands Outdoor Recreation Experiences
(EXPLORE) Act (Public Law 118-234) is a
significant and wide-reaching piece of bipar-
tisan legislation that seeks to better understand
and improve visitor experiences on federal
public lands, largely through improved data
collection and monitoring.? Given the consid-
erable resource constraints faced by agencies,
supplementing more traditional data-collection
methods with mobile device data that are rel-
atively easier to collect over longer time hori-
zons and at dispersed/low-use recreation areas
can lead to improved estimates of both recre-
ation visitation and welfare.

2. Data

We assembled data from multiple sources to
facilitate a comparison of travel cost mod-
els estimated with survey data and mobile
device data for a sample of NPS sites across
the United States. The survey data are from
a new NPS monitoring program that admin-
isters visitor surveys at 24 randomly selected
park units each year. Mobile device location
data were aggregated and provided by Advan
using Safegraph Point of Interest locations via
DeweyData.io. We supplemented these data
with socioeconomic and demographic data
from the US Census five-year American Com-
munity Survey (ACS). We calculated driving
distance and time using Open Source Routing
Machine (OSRM).

The NPS launched a visitor survey effort
to collect systematic and comprehensive data
across a representative sample of park sites. A
stratified random sampling approach is used
to determine which park sites will be included
in the sample each year. First, all park units
with adequate visitation data are grouped into
one of four categories representing the type
of park unit, including natural, recreational,
historic urban, and historic nonurban/other.
These categories are based primarily on con-
gressional designation and the population of
the urban area or metropolitan statistical area
in which the park unit is located. Park units
are then grouped into a high or low visitation

2 Seehttps://www.congress.gov/bill/118th-congress/house
-bill/6492/text.
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category, based on the top 80% and bottom
20% of park visits in each of the four park unit
types. Based on these classifications, every
eligible unit of the National Park System is
included in one of eight strata. Each year,
three parks from each stratified group are ran-
domly selected, resulting in 24 parks surveyed
each year. Parks are sampled without replace-
ment to ensure adequate coverage across the
system. Our analysis focuses on the first two
years of survey administration (2022-2023).
The NPS visitor survey has two compo-
nents: a relatively short on-site intercept sur-
vey that collects information from visitors as
tablet-based responses during their visit and a
longer follow-up survey that can be completed
by the respondent online or returned by mail.
The on-site survey is typically administered
over a 10-day sampling period and includes
key questions for the travel cost modeling,
such as the number of trips the respondent
took to the park over the past 12 months, the
number of people in the respondent’s group
splitting trip expenses on the current trip, the
transportation modes used by the respondent
to travel to the site, and the respondent’s home
zip code. To ensure a representative sample of
respondents, surveyors are spread throughout
each park unit and placed in locations where
they are most likely to intercept all types
of visitors. Areas such as campgrounds and
lodges are typically avoided, since they tend
to draw a specific visitor segment. For busier
parks, every Xth visitor group is intercepted (X
varies depending on how busy the park is), and
in each intercepted group, the adult respondent
with the most recent birthday is asked to com-
plete the survey. For smaller parks with low
visitation, surveyors contact nearly a census of
all visitors arriving during the survey period.
Although response rates vary across park
units, on average, slightly more than 80% of
intercepted visitors agree to take the intercept
survey. These same respondents are asked to
complete the post-trip follow-up survey, which
includes additional questions relevant to the
travel cost modeling, such as the respondent’s
mode of travel and household income. On
average, around 30%—45% of visitors respond
to the follow-up survey. For more information
on the NPS visitor surveys, see Otak Inc., RRC
Associates, and University of Montana (2023).

We built a mobile device dataset based
on monthly aggregate unique visitors to
NPS sites provided by Advan via deweydata
do (Advan Research 2022). Advan con-
structs monthly aggregate visits to points of
interest (POI) based on mobile device GPS
time-stamped coordinates from a sample of
phones that allow certain apps to use location
services. A visit occurs when a device gen-
erates a GPS signal from inside a predefined
polygon, regardless of dwell time (see the
Appendix, under “Mobile Device Data,” for
more details on how visits are measured).
Consequently, transient devices that pass
through a large POI may be counted as a visit.
We are unable to change how visits are calcu-
lated without access to the underlying data.
Moreover, we are unable to change the POI
boundary or geofence used to calculate vis-
itation. Some boundaries include the entire
site and parking lots, while others contain
just an important structure, such as a visitor
center. Advan’s monthly patterns product
reports these visitation data as different spa-
tial and temporal aggregates. Specifically,
they report “visitor_home_aggregation,” the
number of unique devices visiting a POI (over
a month) by devices’ “home” census tracts in
the United States, generating a set of monthly
origin-destination pairs necessary to estimate
a travel cost model (refer to the Appendix,
under “Mobile Device Data,” for how home
census tract is determined).

The visit data disaggregated by census
tract are subject to “differential privacy”
rules, which intentionally distort the data by
(1) adding statistical (Laplace) noise to the
count, (2) suppressing counts if fewer than
two devices visit from a specific census tract
(censoring), and (3) reporting four visits if
two to four devices visit (truncation). We
describe the econometric consequences of the
differential privacy in Section 3. Refer to Wan
et al. (2026, this issue) for a detailed discus-
sion about differential privacy.

We extracted visits to POIs that best align
with the official boundaries of US park sites
included in the NPS visitor survey effort.
Before December 2022, Advan calculated vis-
itation metrics for all official NPS boundar-
ies. Advan no longer reports visitation metrics
based on NPS boundaries and instead reports
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on specific sites in many US NPS sites.? In
several cases, mobility visitation data existed,
but they were too sparse to estimate a travel
cost model. We chose a set of 17 sites based
on good alignment of park boundaries and suf-
ficient visitation data from both sources. The
final list of sites used in our analysis is shown
in Appendix Table Al, along with the site
location, survey period, and annual visitation.
We aligned the visitation units across the
visitor survey and mobile datasets to the
greatest extent possible. The NPS survey asks
respondents to report the total number of vis-
its taken to the site over the past 12 months.
As a result, any repeat visits by the same per-
son in that timeframe are included in the data,
regardless of whether those visits occurred
in the same week or month. In contrast, the
mobile device data report the number of
unique visitors by census tract in the calen-
dar month. Multiple visits by the same device
within a month are counted once; visits by the
same device in different months are counted
separately. We aligned the mobile device data
with the visitor survey data by summing the
monthly visits by census tract over the trailing
12 months before the survey sampling period.
Under ideal conditions in which both the NPS
survey and mobile device visitors represented
the true visiting population, the number of
trips reported by survey respondents and the
summed unique monthly mobile device visi-
tors by census tract should be comparable.
One of the challenges of using mobility data
for travel cost modeling is the lack of individual
socioeconomic and demographic information.
To investigate the consequences of unobserved
data, we estimate survey-based travel cost
models using US Census socioeconomic and
demographic data, emulating the limitation in
the mobility data. We collected both tract and
zip code—level data from the 2022 and 2023
five-year ACS on the following variables:
total population (Table BO1001), median age
(B01002), per capita income (B19301), and
average household size (B25010). Advan
reports visitation by home census tracts using
the 2010-2019 official tract boundaries, which
do not align with ACS data after 2020. We used
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relationship files to map the 2022 and 2023
ACS data back to 2010-2019 tract boundar-
ies.* However, we used the 2010-2019 TIGER
geometries to determine origin location in
travel distance and time calculations.

Calculating Travel Cost

Travel distances and times are critical inputs
to travel cost models. Similar to English et al.
(2018), we consider two modes of travel: (1)
driving the entire way from home to destina-
tion, and (2) flying, which involves driving to
the departure airport, flying to a destination
airport, and driving to the final destination.
For individual i, the weighted travel cost from
zip code z to destination j is given by

wicjj; = (1 — probfly,~jZ ) X dtc,~jZ
+ probfly;i; X fic; ¥ i, ],z, [1]

in which dicy, are the driving-only travel
costs, fic;;, are travel costs for both driving
and flying, and probfly;;, is the probability
that someone flies. For NPS survey respon-
dents who reported their mode of transporta-
tion, weighted travel costs simplify down to
either just the driving-only cost if they drove
(because probfly;;, in that case is equal to
zero) or just the driving and flying cost if they
flew (because probfly;;, in that case is equal to
one). When survey respondents did not answer
the question, and for all the mobile visitation
data, we impute the probability of flying using
a logistic regression model trained on the sur-
vey data. Refer to the Appendix, under “Impu-
tation Methods,” for details on the prediction
model and results.

We estimated the cost of individual i driv-
ing from origin zone z (zip code or census
tract) to destination j as

dtcijz

cq-dd;, +cph; s
:2><[ 4 T T 1, ince dtjz}

X +F
nsi; 3 2040

J’
(2]

3 See https://docs.deweydata.io/docs/fags-advan-research
#what-is-the-coverage-of-national-parks.

4 See https://www.census.gov/geographies/reference-files
/time-series/geo/relationship-files.2020.html.
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where ¢y is the average cost per mile driven,
dd, is the one-way driving distance from the
origin to the destination, c¢j is the cost of a
hotel night, A, = dt,/12 is an integer number
of hotel nights assuming one night in a hotel
for every 12 hours of driving (which matches
the assumption used by English et al. [2018]),
ns;; is the number of people splitting the driv-
ing cost,’ incj; is the individual’s reported
income or the per capita income from zone z,
dtj; is the one-way driving time from home
zone to destination, and F; is the per-person
fee to access the destination.

We obtained driving distances and times
between all survey-based and mobile device
origin-destination pairs using OSRM, specif-
ically using the R package “osrm” (Giraud
2022). We used polygon centroids of home
zip codes (zip code tabulation areas, ZCTAs,
for the survey data) and census tracts (for the
mobile data) based on US Census TIGER
polygons accessed via the R package “tigris”
(Walker 2024). We selected popular locations
near the entrances of large NPS sites (e.g.,
visitor centers) as destinations. We acknowl-
edge that the choice of destination can influ-
ence travel distance estimations, particularly
because large parks can have multiple poten-
tial entry points. However, we used the same
destination points for the survey and mobile
data.

The ¢4 - dd j, term of the first sum represents
driving costs. We used the American Automo-
bile Association’s (AAA) weighted average
operating cost per mile, which considers fuel
and maintenance costs per mile averaged over
all major vehicle types. The AAA cost esti-
mates were 27.7 cents per mile in 2022 and
25.8 cents per mile in 2023 (AAA 2022, 2023).
The cphj, term of the first sum represents hotel
costs. For the cost of a hotel night, we used

5 We develop a similar strategy to impute the number of
people splitting expenses for survey respondents that do not
answer the question and for the mobile data. Model details
and results are in the Appendix.

SR code is available on Github at https:/github.com
/jbayham/tc_nps/tree/main and archived at 10.5281/ze-
nodo.18383266. We also tested using the Google Maps API
and the ESRI routing server and found the resulting distance
and time estimates to be comparable. Unlike OSRM, those
alternatives entail a cost. Moreover, the bulk download and
caching of driving distance and time is a violation of the
Google Maps API terms of service.

estimates from the American Hotel and Lodg-
ing Association, which detail average daily
rates for hotels in 2022 ($149) and 2023 ($155)
in their 2024 State of the Industry report (Kilic,
Cashour, and Carrier 2024).

The second term of the sum represents the
opportunity costs of time spent driving. We
calculated wage rate by dividing individual-
or zone-level income by 2,040 hours (51 40-
hour work weeks), which provides an estimate
of the number of hours worked per year. We
valued time spent traveling by multiplying the
wage rate by one-third, as is standard in travel
cost literature (Champ, Boyle, and Brown
2017). We multiplied the wage rate by the
time spent driving one-way, which is directly
provided by OSRM. The first two terms of the
sum are multiplied by two, such that costs are
on a round-trip basis.

The third and final term in the sum rep-
resents NPS site fees. Some of the sites have
per-person entry fees, which we used directly
for F’;. Other sites have per-vehicle fees, which
we d/ivided by the number of people splitting
expenses.

Travel costs for those who both drive and
fly are more difficult to measure. We decom-
posed these routes into three legs. First, a per-
son drives from their home to an origin airport.
Second, a person flies from an origin airport
to a destination airport near the recreation site.
Third, a person rents a car and drives from the
destination airport to the recreation site. We
estimated the cost of individual i flying from
zip code z to destination j as

legl leg3 )
ca (dd'¢" +da'e®)+1,

nsjz

1
ftc,-jZ=2>< +a,-jz+§

inci; legl leg2 leg3 )
X 2040 X (dt T Jt P dt iz )} +Fj,
(3]

in which ddlig1 and da’lig3 are the one-way
driving distances for legs 1 and 3, respectively,
rj is the cost of a rental car, Qjzj is the airline

fare from origin airport to destination airport,
legl leg3 .. .
dt iz and dt . are the driving times for legs

1 and 3, respectively, ft'6? is the flying time

JZ
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for leg 2, and all other terms are defined as in
the equation for driving-only travel costs.

We treated an individual’s choice of origin
and destination airport as a cost-minimization
problem, in which the person considers the 10
nearest origin airports to their home zip code
centroid and the 10 nearest destination air-
ports to the recreation site. We narrowed down
the list of all US airports to those that appear
every year from 2010 to 2022 in the Bureau of
Transportation Statistics’ airport rankings for
originating domestic passengers (Bureau of
Transportation Statistics 2025a). We assigned
spatial coordinates to those airports using a
Bureau of Transportation Statistics dataset on
aviation facilities (Bureau of Transportation
Statistics 2025b). This allowed us to identify
the closest airports to the home zip code cen-
troids and destination sites, using the R pack-
age “sf.” Overall, we assumed that individuals
pick the origin-destination airport combo that
entails the lowest total travel cost across all
three legs (out of the 100 possible combina-
tions across the 10 nearest origin airports and
10 nearest destination airports).

To approximate the cost of a rental car, r;,
we obtained average weekly rental car prices
at the 15 largest US airports from Nerd Wallet
(French 2025). We converted from weekly to
daily prices and assigned each US airport a
daily rental car price by using the daily rental
car price from the closest of the 15 largest US
airports. The spatial matching was again done
using the R package “sf.”” The NPS visitor
surveys contain a question asking respondents
how many days they planned to spend in the
local area near the recreation site. We calcu-
lated the median number of local days across
all respondents surveyed at a recreation site,
which we multiplied by the daily rental car
price for all airports near the recreation site.

To calculate airline fares, a 2 We obtained
average fares for contiguous US city-pair
markets averaging at least 10 passengers
per day, as provided by the US Department
of Transportation in their Consumer Airfare
Report (US Department of Transportation
2025). We assigned every city in the dataset to
the NPS region in which it is located, covering
the Pacific West, the Intermountain, the Mid-
west, the Southeast, and the Northeast. We
predict average airfare for each city-pair as a
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function of distance between the cities, year,
and region-region combination. We report
the linear regression results in the Appen-
dix, under “Imputation Methods.” Using the
results, we predict the airline fare for all pos-
sible airport-airport combinations.

To obtain time spent flying, ﬁ;-ig 2 we
divided the geodesic distance between origin
and destination (approximated using the R
package “sf” package) by the average speed
of a commercial passenger aircraft (528 miles
per hour).” Like English et al. (2018), we added
two hours to approximate time spent in airports.

Datasets

We constructed a total of three datasets to probe
limitations in the mobile device data. First, we
built a dataset based on the NPS visitor sur-
vey individual trip counts, reported income
and demographic information, as well as travel
mode and the number of people splitting trip
expenses (NPS individual). When respondents
did not report travel mode and the number of
people splitting expenses, we imputed missing
data using the models trained on individual
survey data (refer to the Appendix). Second,
we limited the NPS survey data further by
summing trips by all individuals from each
zip code, using five-year ACS aggregate esti-
mates of income and demographics, as well
as imputed travel mode and number of people
splitting expenses (NPS zonal). These data
effectively transform the NPS survey data into
a zonal structure similar to the mobility data.
The aggregated zonal structure of this data
enabled us to study the consequences of aggre-
gation independent of the other sources of
variation in the mobile data. Third, we built a
dataset based on mobile device visits by census
tract, five-year ACS estimates of income and
demographics, and imputed travel mode and
number of people splitting expenses (mobile).
We summarize the datasets in Table 1.

We constructed the mobile datasets to tem-
porally align with the NPS survey to facilitate
the most appropriate comparison of the data-
sets. We also constructed mobile datasets in
each year to investigate changes in recreation

7 Seehttps://aviex.goflexair.com/flight-school-training-faq
/commercial-plane-speeds.
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Table 1
Summary of Datasets Used in Analysis

Travel Mode and
Dataset Visits Income and Demographics Expense Splitting
NPS individual NPS individual NPS data NPS data
NPS zonal NPS aggregate ACS Imputed
Mobile Mobile (aggregate) ACS Imputed

Note: For “NPS data,” we impute income and demographics as well as travel mode and expense splitting when NPS respondents did not report.

ACS = American Community Survey; NPS = National Park Service.

Table 2
Trip and Travel Cost Average by National Park Service (NPS) Site in the NPS Zonal and Mobile Data

Trips (Per Person per Year)

Travel Cost ($)

NPS Zonal Mobile % Diff NPS Zonal Mobile % Diff
BADL 1.4 9 146 791.4 501 45
CAHA 11.4 31 92 415.0 268.9 43
CARE 1.4 6.1 125 957.9 863.2 10
CATO 11.6 25 74 152.2 213.9 34
CUVA 70.5 207.6 99 279.7 30.2 161
DINO 1.7 8.8 134 754.2 451.4 50
EVER 2.7 102.6 190 908.9 162.5 139
GARI 4.9 222 128 439.8 90 132
GRSA 39 6.5 50 980.2 584.2 51
GRSM 1.6 289.5 198 704.5 99.1 151
GRTE 1.4 14.5 164 747.4 918.9 21
GUMO 14.7 16.6 12 324.2 476 38
JEFF 1.4 72 135 489.0 128.6 117
LAMR 80.3 54.6 38 199.5 294 38
MORU 12 15 171 731.2 548.7 29
ROMO 5.2 19.9 117 761.9 466.6 48
TUAIL 1.3 29.8 183 401.4 265.4 41

Note: The percentage difference column compares the absolute difference in means as a percentage of the average of the means. NPS site

abbreviations are defined in Appendix Table A1.

demand over time. We used demographics
and travel costs associated with 2023, such
that the only source of variation is changes in
the distribution of travel distances.

Summary Statistics

We present summary statistics in a table and a
dot-whisker plot. Trip and travel cost are pre-
sented in Table 2 because the variation across
NPS sites is not clear in a plot. The demo-
graphic variables (age, income, household
size) are easier to compare visually (Appen-
dix Figure Al). We focused on the comparison
between the NPS zonal and mobile datasets,
as the structure and processing of the data are
most similar.

Table 2 compares the average trip count per
person across the NPS zonal and mobile data.

The mean trip counts differ across NPS sites
and between data sources. Lake Meredith
(LAMR) and Cuyahoga Valley (CUVA) have
the highest mean visits in the NPS data, and
Great Smoky Mountain (GRSM) and CUVA
have the highest mean in the mobile data. The
percent difference in visits between the two
data sources averages 120%. At nearly all
sites, the mobile visits exceed the survey data,
suggesting that the mobile data may capture
more visitation.

The travel costs show more agreement
between the NPS and mobile data sources,
with an average percent difference of 67%.
Some of the large scenic parks have the high-
est travel cost in the NPS survey data, includ-
ing Everglades, Capitol Reef, and Great Sand
Dunes (all above $900). Although we sim-
ilarly find high travel costs for Capitol Reef
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and Grand Teton in the mobile data, the aver-
age travel cost at Everglades is $162. The
lower average travel cost to Everglades sug-
gests that the mobile data capture many more
local visitors compared with the NPS survey.
Appendix Figure A1 compares the demo-
graphic characteristics between the survey and
mobile data. We compare aggregate measures
of age, income, and household size from the
census ACS for both data sources. Differences
arise for two reasons. First, the geography
differs by data source. The mobile data use
census tracts, whereas the NPS data use zip
codes. Second, each data source may capture
different samples of the population. While
there are some differences across sites, the
two data sources tend to agree. Age tends to
be slightly higher in the mobile data, whereas
income is slightly higher in the NPS data.

3. Empirical Model

We specified a series of travel cost models that
facilitate the comparison of recreation values
between the NPS survey and mobile device
data. Atits most granular, the NPS survey data
contain individual-level trip counts, demo-
graphics, and travel cost inputs. However,
the mobility data are reported as the aggre-
gate flows from a census tract to a POl. We
estimated three types of models correspond-
ing to the datasets described in Section 2: (1)
negative binomial travel cost model using
individual-level visits from NPS survey data
(NPS individual), (2) negative binomial zonal
travel cost model using aggregated visits from
NPS survey data (NPS zonal), and (3) trun-
cated and censored negative binomial zonal
TCM using the mobility data (mobile).

We specified a typical negative binomial
TCM for individual-level visits (denoted i)
and aggregate visits (denoted z) for each NPS
site, j:

log (ﬂijz) = Bjo + Bjiwtcyj; + Bjpage;j;
+ Bjzincome;;; + Bshhsize;;,
+ﬁj5p0ija (4]
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in which wicy;; is the weighted travel cost,
age;j, is age of respondent i or median age
of zone z, incomej; is the income of respon-
dent i or per capita income of zone z, and
hhsize;j, is the household size of respondent
i or median household size of zone z. In the
zonal version of the model, we include the
population of zone z to absorb variation in
trip counts due to differences in population
(Hellerstein 1991). Note that we estimate
a zonal model using the aggregated data,
so the i subscript does not apply. The NPS
models are estimated via nbstrat in Stata
to accommodate endogenous stratification
introduced by the intercept survey (Hilbe and
Martinez-Espineira 2005).

We estimated a zonal travel cost model to
accommodate the aggregate mobile device
visitation data. However, the mobile data are
subject to truncation and censoring. The dif-
ferential privacy applied by Advan does not
report data if fewer than two devices visit the
NPS site from a single census tract (truncation
at one), and reports four visits if two to four
devices visit the NPS site from a single cen-
sus tract (censoring at four). We accounted for
this by estimating a negative binomial regres-
sion truncated at one and censored at four,
with log-likelihood

LA 0lyic) =X, [ loef (vi:12,:.6)
~log(1- F(112,..6;)) |
+2yﬂ:4[zog(F(4l/1jz,ej)
~F(112;..6;))

—log(l—F(1|/ljZ,9j))], (5]

in which log(4 ;) is the usual log link function
with travel cost and demographics defined in
equation [4] at the zone level, and y ;. is the total
number of trips from zone z to site j. f() and
F () are the negative binomial probability den-
sity function and cumulative distribution func-
tion, respectively. The term log (1— F(1l1,))
accommodates truncation by conditioning the
contribution of the zth observation to the log-
likelihood function on the probability that an
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observation greater than one is observed. The
term log(F(4|A,)—F(111,)) accommodates
censoring by accounting for the probability
of observing a two, three, or four when we
observe a four in the data. Hypothesis testing
is based on robust standard errors.

We calculated CS as —1/8, in both the
survey and mobile negative binomial models
since both use log link functions. Confidence
intervals are based on the delta method for the
survey models and Krinsky-Robb simulation
method in the mobile models (Krinsky and
Robb 1986).

4. Results

Our objective was to compare per-trip CS esti-
mates across our subset of parks to determine
whether mobility data are a reliable substi-
tute for survey data. In addition, we sought
to explain why differences exist between the
data sources. We estimated three primary
travel cost models for each of the 17 sites
for which we have sufficient data; the mod-
els converged, and the travel cost coefficients
were statistically different from zero. Figure 2
contains the CS estimates and 95% confi-
dence intervals of the three models comparing
different levels of aggregation and informa-
tion: NPS individual labels estimates of the
model based on individual-level NPS survey
data, NPS zonal labels estimates of the model
based on aggregated NPS data, and mobile
labels estimates of the model based on the
mobile device data (only reported in aggre-
gate form). We include the data underlying
Figure 2 in the Appendix.

We explored the possibility that the CS
estimates based on the survey and mobile
data differ because of aggregation. The NPS
survey collects individual-level data. We com-
pared CS estimates based on the individual
responses (NPS individual) to those from the
artificially aggregated NPS data (NPS zonal).
We find that the average of the zonal CS esti-
mates ($228) is almost 10% lower than the
average of the individual estimates ($252).
The Pearson correlation coefficient between
the two series of CS estimates is 0.73. The
aggregation alone leads to some discrepancy
between the CS estimates.

We focused on the comparison between
CS estimates from the NPS zonal model and
the mobile model (Figure 3). The average
of the mobile CS estimates ($214) is about
5% less than the zonal CS estimates ($228).
However, the Pearson correlation coefficient
is only 0.41, suggesting discrepancies in indi-
vidual parks. The estimates for Cape Hatteras
National Seashore and Great Sand Dunes
National Park are within 5% of each other,
whereas Tuskegee Airmen National Historic
Site and Lake Meredith National Recreation
Area differ by nearly 90%. We compared the
rank of each NPS site in its respective model.
We find that the average absolute difference in
park rank between the NPS zonal and mobile
models is 4.1 (median 3). Although the major-
ity of sites have similar rank, Gauley River
National Recreation Area is ranked number 1
in the NPS zonal model and number 15 in the
mobile model.

Why CS Estimates Differ

We investigated why the CS estimates may
differ between the NPS zonal and mobile
data. These estimates may differ for several
reasons. In large NPS sites with multiple entry
points, it may be difficult to sample a repre-
sentative set of visitors via intercept surveys.
The mobile device data are only as accurate
as the geofences used to construct the visita-
tion measure. Sites near population centers
may erroneously capture foot traffic passing
nearby. For example, Gateway Arch National
Park includes a walking path over Interstate
44 in St. Louis. A geofence that includes the
interstate may simply sample those driving
on the interstate. We made sure to use a POI
that excludes the overpass. Last, we explored
the distribution of visitor travel distances.
Discrepancies in the CS estimates, despite
similar travel distances, may indicate that
assuming census demographics for visitors is
inappropriate.

Least Absolute Shrinkage and Selection
Operator (LASSO)

We used a LASSO regression to estimate the
site and sample characteristics associated with
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Figure 2

Consumer Surplus (CS) Per-Trip Estimates from Each Model Used in the Analysis
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Note: Mobile = models trained on National Park Service (NPS) data to predict flight probability and number of people splitting expenses; NPS
zonal = aggregates trip counts to the zip code and census aggregates for controls; NPS individual = individual information when reported but

imputes missing data.
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Figure 3
Plot of Per-Trip Consumer Surplus (CS) Estimates from National Park Service (NPS) and Mobile Device Data
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the difference between CS estimates from the
survey and mobile datasets. LASSO regres-
sions allow us to include many regressors
with very few observations (n = 17) because
the penalty will shrink coefficients that do not
explain variation (or are redundant to other
covariates). We estimated two LASSO regres-
sions using different but related dependent
variables: NPS zonal-mobile and the abs(NPS
zonal— mobile)/NPS zonal. The set of inde-
pendent variables includes the following NPS
site characteristics: average visits per person,
annual visitation (total annual visits five-year

average), number of visitor centers, number of
campgrounds, large site (binary), high-profile
site (binary), historic site (binary), eastern
United States, western United States, site total
acreage, site total acres of water, percent of
local visitors (permanent or seasonal residents
of the local area surrounding the park), per-
centage of visitors whose primary trip purpose
was visiting the site, difference in mean travel
distance between NPS zonal and mobile data,
difference in mean median income between
NPS zonal and mobile data, and difference in
number of observations between NPS zonal
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and mobile data. The site characteristics data
were obtained from various sources, includ-
ing the NPS visitor surveys, NPS’s Integrated
Resource Management Applications portal,
NPS’ Hydrographic and Impairment Statis-
tics database, and an internal NPS Application
Programming Interface. All the covariates are
scaled (z-score), so the magnitudes are com-
parable. However, we caution against over-
interpretation of the coefficients as LASSO
willingly trades bias for better prediction.

We find that NPS site type, size, and nature
of visitors correlate with differences between
the NPS survey CS estimates and those from
the mobile data (Appendix Table A6). The
CS estimates from the mobile data exceed the
survey-based CS estimates at historic sites
(e.g., Mount Rushmore and Tuskegee Air-
men), while the opposite is true at sites with a
higher percentage of primary purpose visitors.
When we seek to explain the absolute value of
the difference as a percent of the survey-based
CS estimates, we find that larger, more visible
parks correlate with smaller differences, while
a larger percentage of local visitors and larger
income discrepancies correlate with larger CS
differences. Together, these results suggest
that the CS estimates are more likely to agree
at larger parks when there are more sites for
visitors to congregate, possibly increasing the
intercept rate and measurement at a mobile
data POI. On the other hand, the CS esti-
mates are more likely to deviate when there
is a larger share of local visitors, indicating
that the structure of the aggregate mobile data
makes it difficult to measure frequent local
visitors. The income discrepancy between the
data also points to a difference in who is being
sampled.

Travel Distance

We explored the extent to which differences
in the distribution of travel distances explain
the differences in estimates. Differences in the
distribution of travel distances suggest that the
survey and mobile datasets capture different
visitors and may arise for several reasons. The
surveys are generally administered at busy
times of the year but may not capture visitors
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who travel at off-peak times. On the other
hand, if the POI geofence does not align with
the site boundary, the mobile data may not
reflect the true number of visitors.

Appendix Figure A2 depicts the empirical
cumulative distribution function (ECDF) of
each data source (mobile and NPS) at each
site. At most sites, the NPS ECDF lies to the
right of the mobile ECDF, suggesting that peo-
ple traveling farther are more represented in
the NPS surveys.? If travel costs were purely
a function of driving distance, this difference
in distributions would lead to higher inverse
demand curves and thus larger CS estimates.
While this difference in travel distances may
explain some of the discrepancies in CS esti-
mates (e.g., Great Smoky Mountains National
Park), it does not fit in all cases. For instance,
the ECDF of Cuyahoga Valley National Park
travel distances suggests the NPS sample trav-
eled farther; however, the NPS CS estimates
are lower than the mobile estimates. This
observation suggests that travel mode and the
opportunity cost of time mediate the relation-
ship between travel distance and CS.

Consumer Surplus over Time

One of the advantages of the mobility data is
that they are continuously collected over time,
allowing us to estimate the zonal travel cost
model for any window of time. We estimated
models for a subset of NPS sites for 2018-
2022 and present the results in Figure 4 (Cape
Hatteras National Seashore, CAHA; Grand
Teton National Park, GRTE; Mount Rush-
more National Memorial, MORUj; and Rocky
Mountain National Park, ROMO; plots for
all other sites are available in the Appendix).
Each plot shows the daily CS estimate for vis-
its over the course of the year prior to August
1 of the date listed. We used the 2023 ACS
data for all years, so the only source of vari-
ation in a park’s travel cost from one year to

8We estimate Kolmogorov-Smirnov and Anderson-
Darling tests to see whether the NPS and mobile samples
are from the same distribution. In every case, we reject the
null hypothesis that our samples arise from the same unspec-
ified distribution (p-values all less than 0.001). Tests are im-
plemented in R using ks.test() in base R and ad.test() from
kSamples (Scholz and Zhu 2023).
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Figure 4

Advan Mobility Data Per-Trip Consumer Surplus Estimates by Year for a Subset of National Park Service
Sites, 2018-2022
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another is the travel distance and the opportu-
nity cost of time.

The results show different trends in daily
CS over time across the four sites. The CS
estimates at Cape Hatteras fall in 2020 but
rebound to near 2019 levels. Grand Teton esti-
mates peak in 2020 at nearly $330, then fall
below $300 by 2022. Other high-profile sites
(i.e., Mount Rushmore and Rocky Mountain
National Park) show slight increases peaking
in 2020 before plateauing or slightly declin-
ing. The variation in CS/trip may reflect the

strong increase in US national park atten-
dance during the COVID-19 pandemic and
the subsequent response to congestion.” How-
ever, the trends we document are not causal
evidence of any single explanation.

After the closure during the COVID-19
lockdowns, Rocky Mountain National Park
implemented a timed-entry system to limit

9See https://www.nps.gov/subjects/socialscience/visitor
-use-statistics-dashboard.htm.
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crowding.! The system requires visitors to
make advanced reservations to enter the park
during peak season. It is not clear how the
timed-entry system affects per-trip CS a
priori. It may reduce visitation, which could
decrease CS; however, it may shift the com-
position of visitors to those traveling from
farther away who are more likely to make
reservations in advance. We find no evidence
that the timed-entry system reduced CS from
2019 to 2022. Further analysis is required to
answer this question and is beyond the scope
of this article.

5. Discussion and Conclusions

Are mobility data a substitute for travel cost
surveys? Our findings suggest that our mobil-
ity data are not a perfect substitute for travel
cost surveys, despite our efforts to consistently
process the data and calculate travel costs.
While the CS estimates based on the mobil-
ity data capture some heterogeneity across
our sample of sites, the mobility estimates
do not always align with estimates based on
the NPS survey data. Our findings are similar
to Tsai et al. (2023), who show that mobility
visitation data match well at some NPS sites
and not others. We investigate several possi-
ble reasons for this discrepancy, including the
aggregation of Advan mobility data (along
with truncation and censoring), NPS site-
specific attributes (i.e., popularity and pri-
mary purpose), and sampling and differences
in the travel distance distributions. No single
factor was found to explain the discrepancies
between the survey-based and mobility-based
CS estimates.

Implicit in our comparison of results is
that the NPS survey data are the gold stan-
dard against which we should measure the
mobility data. However, NPS surveys are
only administered during a few weeks of the
year during peak visitation times. This sam-
pling procedure maximizes sample size given
a limited budget but misses those who visit

10Refer to https://home.nps.gov/romo/pilot-timed-entry
-permit-systems.htm for more information on the timed-
entry system.
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outside of that sampling window. If these
missed visitors systematically differ by travel
distance, income, or travel mode, extrapo-
lating from a sampling window to the entire
year may be inaccurate. We show that mobil-
ity data can help supplement survey data by
providing information about the periods not
sampled. This is likely an area where mobile
device data can play a critical role. Explora-
tion of this potential use could be beneficial,
given the constraints that land managers face
in collecting conventional survey data over
multiple seasons and time horizons. Perhaps
the survey and mobile data could be used in a
hybrid-individual-zonal model as proposed in
Loomis et al. (2009).

We find that the Advan mobility data
are representative of the US population, an
important prerequisite of any data purport-
ing to measure visitation. We regress census
tract device counts on census population and
demographics to assess any systematic biases
correlated with observables and find no evi-
dence of large biases. We do find that in cen-
sus tracts where we observed NPS visitors,
device counts were higher where the median
age was higher and lower where household
size was larger. Higher device counts in tracts
with higher median age may reflect the ubig-
uity of smartphones and overturn the notion
that older populations are not represented in
mobility data. Lower device counts in areas
with larger household sizes are likely a conse-
quence of child privacy laws that prohibit the
collection of private data on known underage
users.

The literature leveraging mobility data is
expanding rapidly, and we build on the area
of work focused on understanding outdoor
recreation. We contribute to the literature by
estimating CS on a sample of US NPS sites
using conventional survey data and mobility
data. We investigate where the estimates align
and where they do not, and we explore sev-
eral possible underlying reasons. We illustrate
how researchers can use survey information
to “impute” missing information on mobile
device visitors using survey information.

The data in this study are from Advan
and are subject to several limitations. First,
the data are reported as aggregate visitation
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metrics by origin census tract as opposed
to individual “breadcrumb” data capable of
re-creating time diaries. Consequently, we
are unable to study multipurpose trips—an
important area of the study that alternative
mobile data sources are capable of quantify-
ing. Multipurpose trips have always created
empirical challenges in the travel cost litera-
ture. If a visit to an NPS site is part of a larger
bundle of experiences, then fully attributing
costs accrued to visit our study site is inappro-
priate. The aggregated Advan data suffer from
the same limitations as other secondary data,
such as backcountry permits or camp reser-
vations; we do not observe the entire good.
Though the Advan data do contain informa-
tion on other chain stores visited on the same
day as the NPS site, we do not know whether
these were incidental visits to a restaurant or
destinations. Moreover, we do not observe
visits across multiple days. Because we do not
account for multipurpose trips in the survey
data either, our comparison methods suffer
from the same limitations and may overesti-
mate the CS of visitors whose visit is not the
sole purpose of the trip.

Advan applies a differential privacy policy
that introduces censoring and truncation. We
use a negative binomial model that accommo-
dates this censoring and truncation. However,
we do not know the consequences of the dif-
ferential privacy policy on our results. Wan
et al. (2026, this issue) study this very issue.

Another limitation of aggregated mobile
device data is that aspects of the data pro-
cessing pipeline are subject to change. In
December 2022, Advan discontinued the use
of NPS official site boundaries as the geofence
to construct visitation metrics and now uses
POIs of specific, smaller locations in the park.
For instance, Advan now reports visitation on
several popular hiking trailheads in Arches
National Park, but not the entire park itself.
Any changes to the methods of visit attribution
affect the fidelity of visit measurement and may
create challenges for conducting analyses over
time. Advan’s change in geofences effectively
cut our visit sample to November 2022, which
affected our comparison to NPS data col-
lected in 2023. Recall that we compare the 12
months preceding the survey date. We include
an indicator for this affected set of POIs in our

LASSO analysis and find no evidence that it
explains differences in the CS estimates. In
general, researchers using aggregated mobile
device data must constantly track changes that
data providers make and think through how
each change affects their analysis.

Another limitation of the Advan mobility
data is the lack of income and demographic
information on the visitors. We use census
tract aggregates as the best estimate of infor-
mation about visitors from an origin zone.
However, studies have shown that visitors to
NPS sites may not be accurately described
by aggregate demographics. We emulate this
restriction by aggregating the NPS survey data
to the zip code level and using ACS values for
demographics. We find that the per-trip NPS
zonal CS estimates are still reasonably cor-
related with the NPS individual CS estimates,
but they are about 10% less than the individual
model estimates. This disparity suggests that
estimates from models relying on aggregate
data may need calibration but may be capable
of tracking changes over time.

Visitation to US national parks remains near
an all-time high, suggesting that people derive
significant value from this national resource.
The NPS depends on reliable estimates of CS
to inform a wide range of management deci-
sions. Such estimates can help meet the goals
of new legislation, such as the EXPLORE
Act, which seeks to improve recreation oppor-
tunities on federal lands and waters, largely
through improved data collection. Collecting
conventional survey data on public lands is
costly, time-consuming, and requires complex
approval processes. We show that mobility
data can supplement traditional travel cost
survey methods. In particular, mobility data
can highlight the limitations of sampling over
a few weeks out of the year and can help iden-
tify any systematic biases in those who choose
to respond to surveys. However, our findings
indicate that the aggregate mobility data from
Advan alone, in their current form, are not a
reliable substitute for surveys.
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