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ABSTRACT 
Understanding behavioral changes in the usage of outdoor recre-
ational resources is important for the management of landholding 
agencies and organizations like the US Forest Service or Bureau of 
Land Management. Although the costs of operating these resources 
are often contrasted with the values they ofer, little is known about 
how the values of benefts change in times of crisis. This work 
investigates the efect of a public health crisis – the COVID-19 
pandemic – on recreation patterns and economic values for two 
wilderness areas in California: Desolation Wilderness and the Inyo 
Wilderness Area. The efects of the pandemic are estimated using 
a set of count data models with a robust set of controls. Results 
show that the value of recreating in wilderness areas increased 
during the pandemic, albeit temporarily. Further, we fnd that the 
group size and duration are important factors that determine the 
value of forest recreation. 
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Participation in outdoor recreation in the United States of America (USA) 
reached a historic high in 2020 prior to the COVID-19 pandemic, with 53% of 
Americans ages six and over participating in outdoor activities at least once 
in 2020 (Outdoor Foundation, 2021). However, operation and maintenance 
budgets for public lands remained stagnant in 2020, which led to deferred 
maintenance backlogs on recreational infrastructure on public lands (Selin 
et al., 2020). The COVID-19 pandemic drastically afected visitation to 
recreational sites and remains a salient public health threat (Rice et al., 2020; 
Spennemann and Whitsed, 2021). When stay-at-home orders and physical 
distancing measures severely limited travel and recreational opportunities 
during the pandemic, certain types of outdoor recreation become safer options 
for people seeking to connect with nature and to socialize with small groups 
of friends and family, improving mental and physical health (Jackson et al., 
2021). As a result, the use of public lands for recreation increased during the 
pandemic (Shartaj et al., 2022). For example, several news media outlets and 
non-proft organizations cited the COVID-19 pandemic as the main driver of 
an observed increase in the use of national parks (Outdoor Foundation, 2021; 
Forbes, 2021). 

Despite media coverage, results in the literature are mixed with respect 
to the impact of the pandemic on recreation patterns. Findings difer based 
on site location, available amenities, and landscape attributes. For example, 
Landry et al. (2021) found that overall recreation levels declined during the 
pandemic. One possible explanation is that many recreation options are social 
in nature (e.g., football games; Lim and Pranata, 2021). This decline has 
had large economic impacts, as Spennemann and Whitsed (2021) found that 
changes in recreation patterns led to severe declines in economic activity. 
Contrarily, other studies concluded that the pandemic led to visitor booms 
within forests (Derks et al., 2020a). 

The changes in recreation patterns from the pandemic pose additional 
challenges as well as opportunities for federal agencies such as the National 
Park Service, the US Forest Service (FS), and the Bureau of Land Management 
(BLM), along with state, regional, and municipal entities that manage large 
quantities of land that provide recreation opportunities. Specifcally, increases 
in visitation raise the risk of damage and also increase management costs 
(Buckley, 1991), as higher visitation levels might strain key ecosystem services, 
such as water resources, and increase wildfre risks (Derks et al., 2020a). 
This is especially true for the western United States with a more arid climate 
(Osterkamp and Friedman, 2000) and a greater amount of public land (Leonard 
et al., 2021) than the eastern states. Moreover, it is important for land holding 
agencies to understand the benefts of providing recreational activities to the 
public. As such, changes in resource values due to the pandemic, if permanent, 
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justify additional investments to prevent degradation in ecosystem services 
due to overuse and deferred maintenance. Better information regarding these 
changes may help coordinate investments and make efcient management 
decisions. 

Though many recreation studies focus on the frequency of visitation, the 
pandemic has impacted several other aspects of recreational patterns. For 
instance, some individuals feel less inclined to recreate in large groups (Rice 
et al., 2020; Landry et al., 2021) and have more fexible schedules (Spurk 
and Straub, 2020). Previous work in recreation demand typically ignores the 
impacts of group size, as well as the efect of additional time spent recreating. 
To fll gaps in the literature and provide key information that guides policies, 
we investigate how the COVID-19 pandemic has changed visitation, and 
thus valuation, of recreating in two wilderness areas in California, Desolation 
Wilderness and the Inyo Wilderness Area. We construct a dataset derived 
from a time series of visitation to wilderness areas from wilderness permit 
data, merged with weather and socioeconomic data to estimate a zonal travel 
cost model. The empirical model facilitates us to quantify the change in 
visitation and valuation occurring before and after the USA instituted a 
national emergency order. In addition, we investigate how group size and 
time spent afect individuals’ valuation of recreational resources. A unique 
aspect of the study is its treatment of the pandemic. Many recreation demand 
studies examining the pandemic do not compare diferent representations of 
the pandemic, whereas this study does. This is also the frst study to examine 
how the pandemic has impacted wilderness recreation, including overnight 
recreation. 

Our study makes several contributions to the literature. First, we evaluate 
changes in the recreational value of wilderness areas due to the pandemic, 
measured by people’s willingness-to-pay (WTP). To our knowledge, we are 
the frst to do so for wilderness areas, which difer from other recreation areas 
considered in past research because the recreation activities in wilderness 
areas allow for easier social distancing. The changes in visitation have critical 
impacts on the ecosystem of the recreation sites, and the WTP for these 
resources is important for guiding future policies aimed at maintaining the 
environmental sustainability of outdoor recreational resources and the ecosys-
tems they inhabit. By measuring the monetary-equivalent public beneft, that 
is, WTP, of wilderness areas and how it changes as a result of the pandemic, 
our results may be used to quantify the return of investments that maintain 
the natural capitals in wilderness areas and as inputs to evaluate the benefts 
and costs of alternative management strategies. 

Importantly, we test whether the changes in valuation vary with the time 
since the pandemic emergency order. We fnd that given enough time, the 
recreational patterns observed after the pandemic will regress to the pre-
pandemic level. This result is consistent with the outdoor recreation literature, 
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where visitation increases immediately following a disturbance (e.g., wildfre), 
but returns to pre-disturbance levels after a certain amount of time (Sánchez 
et al., 2016; Boxall and Englin, 2008; Englin et al., 2001). Lastly, we investigate 
how group size and time spent afect individuals’ valuation of recreational 
resources. Though past research has examined visitor permit data (e.g., Mendes 
and Proença, 2011; Baerenklau, 2010; Englin et al., 2008), this is the frst that 
focuses on COVID-19 impact of outdoor recreation in wilderness areas. Our 
unique data source also diferentiates us from other studies using cell phone 
derived visitation data to investigate how the pandemic afects recreation (e.g., 
Kupfer et al., 2021). 

2 Data 

Our study considered two wilderness areas in the state of California: Desolation 
Wilderness (DW; USDA FS, 1998) and the Inyo Wilderness Area (IWA; USDA 
FS, 2022). Their locations within the boundaries of California are shown in 
Figure 1. The US FS administers the DW and co-manages the IWA with BLM, 
which represent complex, multi-beneft resources that control the amount of 
human involvement in the landscape (Saarinen, 2019). This feature made them 
an attractive outdoor recreation option, particularly during the pandemic. 
To access the outdoor recreation opportunities the wilderness areas ofer, 
individuals were required to fll out a permit that provides information such 
as group size, the site or trailhead they access, home address, and in the case 
of multi-day permits, the length of their stay in the wilderness area. Several 
trails in both sites have a limited number of permits or quotas (USDA FS, 
2022; Recreation.gov, n.d.). The amount of visitation has been simultaneously 
tied to the level of deterioration of the trail systems, but also to funding 
provided to them (Daniels, 2009). With respect to acreage, IWA is larger, with 
80,616.6 hectares, whereas DW contains 25,883.7 hectares. Both wilderness 
areas ofer considerable recreation opportunities including hiking, backpacking, 
and wildlife viewing. These sites were selected for two main reasons. First, 
they are two of the most frequently visited sites within the US FS system, 
with DW being close to scenic Lake Tahoe, and the IWA being the main access 
point for Mount Whitney, the tallest mountain in the continental US. Second, 
the wilderness areas are located in diferent parts of the state, making our 
sample more representative. 

The visitation dataset is constructed from US FS wilderness permit data 
for 2019 and 2020, which contains a total of 49,843 wilderness permits across 
both sites. For the year 2019, there were 6,812 and 14,985 permits for DW 
and the IWA, respectively. Both areas had a higher number of permits in 
2020 (during the pandemic), with 11,579 permits for DW and 16,107 permits 
for the IWA. Though occasionally the number of available permits changes 

https://Recreation.gov
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Figure 1: Map of the study area – the Desolation Wilderness and Inyo Wilderness Area 
within the state of California. 

year to year, this is not the case for the two wilderness areas we examine, 
and so the change in visitation is driven by changes in demand alone, rather 
than supply. Note that permits are collected for groups entering the areas, 
rather than individuals. A maximum of 12 individuals for DW (USDA FS, 
1996) and 15 individuals for IWA (USDA FS, 2022) are allowed per permit. 
From both the group size and the number of permits, total visitation can be 
calculated by adding the group sizes across all permits. The total visitation in 
our sample was 61,865 in 2019 and 81,621 in 2020. The average group size 
remained constant across the two years (2.9 persons per permit). 

The permit data was merged with the zip-code level income data from the 
American Community Survey (US Census Bureau, 2020), together with data 
on precipitation and temperature from the Parameter-elevation Regressions 
on Independent Slopes Model (PRISM) dataset (Daly and Bryant, 2013). It is 
important to note that we capture changes in income between the two years, 
using two diferent US Census datasets for 2020 and 2021. Thus, we have both 
spatial variations, as well as temporal variation, in income. The temperature 
data was reported weekly in degrees Celsius (C), while the precipitation data is 
reported in millimeters (mm) per week. We calculate weather variables (mean 
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temperature and precipitation) for each wilderness area as well as the average 
for the fve largest urban areas in California (Los Angeles, San Diego, San 
Bernardino, San Francisco, and Sacramento). More specifcally, these values 
were weighted average temperatures and precipitations, using the land area of 
each urban area as weights. 

We estimate an approximate per-person, per-day travel cost, referred to as 
the price of a visit. The price calculation is given in Equation (1) below: 

price =
�
c ∗ distance
group size

+
1 income

3 2080
∗ hours

�
1

days
(1)

In Equation (1), the distance refers to the round-trip travel distance 
between the entry point of a wilderness area and the centroid of the visitor’s 
zip code in kilometers, which is calculated using Google Maps API (Google, 
n.d.)1 . The parameter c is the per-mile travel cost reported by the American 
Automobile Association (AAA; AAA [American Automobile Association], 
2018) of $0.1103 per kilometer ($0.1776 per mile).2 The total travel cost was 
then divided by group size to obtain the per-person cost. The second additive 
component measured the traveler’s value of time. We converted individuals’ 
annual household income to an hourly wage by dividing household income by 
the number of working hours in a year (2080).3 Previous work in the travel 
cost literature highlights that the opportunity cost of time is not equivalent 
to the visitor’s income level (Champ et al., 2003), the value of time must be 
converted from the visitor’s income using a factor between 0 and 1 (McKean 
et al., 1995). Though there is not a strong consensus over which factor to use, a 
large collection of papers (e.g., Parson, 2017; English et al., 2018) recommend 
using one-third. We follow the instructions outlined in the majority of studies 
and use one-third as our conversion factor. The value of time metric was then 
multiplied by the hours spent in the wilderness area plus the round-trip hours 
spent driving, which captured the opportunity cost. Finally, we calculated the 
per-day cost by dividing the total cost by the number of days the individual 
spent in the wilderness area. 

To estimate a zonal travel cost model, the daily permit data was aggregated 
to the month-wilderness area-zip-code level, which included all visits to a 
specifc wilderness area from each zip code in a given month. This aggregation 
also allowed us to use a comprehensive set of fxed efects, including month, 
wilderness area, and zip code fxed efects, to control for unobservable variables. 

1The use of trade or frm names in this publication is for reader information and does 
not imply endorsement by the U.S. Department of Agriculture of any product or service. 

2This cost includes gasoline, as well as maintenance costs on the vehicle. 
3The income data, discussed in a later paragraph, is mapped to the individual from 

census block level median income reported in the American Community Survey (US Census 
Bureau, 2020). 



299 The Efect of the COVID-19 Pandemic on the Willingness-to-pay 

Our fnal dataset contains 16,480 observations.4 In addition, we calculate 
two diferent measurements of the pandemic. First, we construct a dummy 
variable indicating whether the national emergency order has been put into 
place or not.5 Second, we construct a “weeks since” metric, which corresponds 
to the number of weeks since the pandemic national emergency order in the 
USA (March 13, 2020). Our summary statistics of the variables used in the 
empirical models can be found in Table 1. 

3 Empirical Model 

There are several hypotheses that we test in order to determine the efects of 
the pandemic on visitation and valuation of wilderness areas. We implemented 
a travel cost model in which the efect of price is interacted with the pandemic 
indicator, similar to previous work (Englin and Shonkwiler, 1995). Specifcally, 
we estimated a non-linear, negative binomial regression to capture the efects 
of the pandemic on visitation counts. The estimation is performed using 
maximum likelihood via gradient optimization, as described in Bergé (2018). 
The negative binomial model has a long history in the travel cost literature, 
and is used frequently (e.g., Hellerstein, 1991; Grilli et al., 2018). It fts 
a set of data to the mean of the binomial distribution (Hilbe, 2011). The 
scale parameter is also estimated based on the likelihood function. First, 
we hypothesize that the pandemic afected visitation, and thus valuation, of 
wilderness areas. Our frst model which tests this hypothesis is specifed as 
follows: 

vjti = exp(B1pandemict ∗ pricejti + B2pricejti + B3incomeit + B4precipjt 

+ B5tempjt + B6urban precip t + B7urban temp t + αj + γt
+ zi + εjti) (2) 

where vjti is the number of visits to wilderness area j (i.e., DW or IWA) from 
zip code i in month t. pricejti is the price of travel to wilderness area j in 
month t from zip code i, calculated using Equation (1). The pandemic dummy 
variable pandemic t captures the start of the pandemic, which equals 1 when 
the lockdown measure had ofcially been implemented in the USA, 0 otherwise. 
We only include the pandemic dummy variable as an interaction with the price 
variable, and not as a standalone variable. This is to prevent the intercept of 
the demand curve from shifting and hindering the calculation of WTP. We 

4The aggregation results in 16,520 observations. Forty (0.2%) observations do not match 
to a zip code, likely due to individuals not flling out the permit correctly. 

5The national emergency order, which went in efect March 13th of 2020, was in response 
to the rapid spread of COVID-19 in the US. This was a turning point in the early pandemic, 
resulting in massive closures of private business and public buildings. 
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include a variable on annual median household income, incomeit, reported at 
the zip code level and mapped to the individual using their zip code of origin. 
We also control for variations in weather with the inclusion of precipjt and 
tempjt, which is the daily precipitation and temperature for a given month 
and wilderness. In addition, we include the average monthly precipitation 
and temperature in urban areas across California, labeled as urban precipt and 
urban tempt. The site, week, and zip code fxed efects, αj , γt, zi are included 
to capture time-invariant unobservables, and time variant unobservables that 
are common across wilderness areas, and zip codes, respectively. In order to 
evaluate whether the pandemic afected visitation and valuation, we tested 
the null hypothesis that B1 is equal to zero. Rejecting the null hypothesis 
would indicate that the pandemic changed visitation to the wilderness areas in 
our sample. A positive coefcient would indicate that visitation and valuation 
both increased. 

Next, we hypothesize that the pandemic has a dynamic efect on visitation 
and valuation, meaning that both the visitation and valuation of wilderness 
areas changes as more time passes after the start of the pandemic. In the 
second model, we represent the pandemic emergency order diferently by using 
a continuous variable wt which measures the weeks since the national pandemic 
emergency order was announced. We also include the quadratic term, w 2t to
capture any non-linear efect. For example, if the coefcient on wt is positive, 
but w 2t is negative, it indicates that although visitation increases after the
national emergency declaration, it would regress to the pre-pandemic level 
over time. In other words, it can show whether we should expect the changes 
in recreation at these two sites to be permanent or return to pre-pandemic 
levels. The quadratic representation has enough fexibility to capture non-linear 
trends in time, but is also parsimonious and can be easily interpreted within a 
regression framework. We report this model specifcation in Equation (3). 

v   
jti = exp(B1wt ∗ price 2

jti + B2wt  ∗ pricejti + B3pricejti + B4incomeit

+ B5precipjt + B6tempjt + B7urban precipt + B8urban tempt 

+ αj + γt + zi + εjti) (3) 

Furthermore, by interacting the pandemic dummy variable, as well as the weeks 
with price in Equations (2) and (3) without including the pandemic dummy or 
the weeks since as a separate variable, we are ensuring that the intercept of the 
demand curve stays the same. The null hypotheses tested in this model are 
that B1 and B2 are equal to zero. Rejection of the null hypothesis indicates 
that the efects of the pandemic on visitation and valuation vary over time. 
The actual direction of the change would vary based on the coefcient values. 

It is important to note that because Equations (2) and (3) both utilize the 
negative binomial distribution, their coefcients are comparable across models. 
However, caution must be applied when comparing the pandemic dummy in 
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Equation (2) to the weeks since variables in Equation (3). Both the pandemic 
dummy and weeks since variables can be understood as changing the coefcient 
on the price variable. A change in the price variable can be interpreted as 
follows: a change in the diferences in logged visitation is expected to change 
by the price coefcient assuming a marginal change in price. Thus, both the 
pandemic dummy and weeks since variables change the magnitude of this 
efect, though their units are diferent. 

The third hypothesis tested is whether there are returns to scale for 
recreation. In other words, we want to see how the time spent recreating or 
the group size impact visitation and valuation. We estimate two additional 
equations that capture the efects of time spent in the wilderness area (Equation 
(4)) and the group size (Equation (5)). As shown in Equations (4) and (5), 
instead of interacting price with the time since the pandemic emergency order, 
we interact price with the time spent in the wilderness (timei) and the size of 
the group recreating (group sizei). This provides a way to test whether the 
value of the wilderness area changes as recreationists spend more time at the 
site, and as the size of their groups increases. 

vjti = exp(B1timei ∗ pricejti + B2pricejti + B3incomeit + B4precipjt 

+ B5tempjt + B6urban precipt + B7urban tempt + αj + γt 
+ zi + εjti) (4) 

vjti = exp(B1group sizei ∗ pricejti + B2pricejti + B3incomeit + B4precipjt 

+ B5tempjt + B6urban precip t + B7urban tempt  + αj + γt
+ zi + εjti) (5) 

The null hypothesis in this case is that B1 is equal to zero in both Equations 
(4) and (5). Rejecting the null hypothesis in both cases would indicate that 
time spent recreating and size of the group recreating impact visitation and 
group size. 

4 Results 

In this section, we present the results from estimating Equations (2)–(5). For 
all models, we vary the model specifcation to observe how sensitive the results 
are to the inclusion or exclusion of additional controls. Results from Equations 
(2) and (3) are presented in Tables 2 and 3. Both Equations (2) and (3) are 
count data models with comparable coefcient interpretations, which can be 
interpreted as the percent change in visitation for a single unit increase in the 
variable of interest (Allison and Waterman, 2002). As a robustness check, we 
estimate the model with three specifcations. Column (1) presents the results 
without the weather controls or month-year fxed efects. Column (2) adds the 
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month-year fxed efects, whereas column (3) contains both weather controls 
and month-year fxed efects. 

4.1 Does the Pandemic Impact Visitation? 

For all model estimations of Equation (2) reported in Table 2, the pseudo-R2 

vary between approximately 0.15 and 0.20. For context, the pseudo-R2 is used 
for ordinal or categorical models when a traditional R2 cannot be calculated 
(Cohen et al., 2014). Because this is a negative binomial regression, we also 
report the over-dispersion statistic. The over-dispersion statistic measures 
the extent to which the variance of the count data, in our case visitation, is 
higher in the observed data or the predicted data. If it is higher than 1 in 
the predicted model, it is over-dispersed, and a negative binomial model is 
better suited to capture the variation in the data (Payne et al., 2018). The 
Bayesian Information Criterion (BIC) and the Akaike Information Criteria 
(AIC) statistics are both the smallest in column (3), which indicates that 
adding weather controls improves the predictive power of the model. 

The coefcient on the per-day per-visitor price is signifcant at the 1% level 
(p < 0.01) and has a negative sign in all three specifcations. Importantly, the 
interaction between the per-day per-visitor price and the pandemic dummy 
variable is statistically signifcant at the 1% level and positive, which shows 
that after the pandemic, the slope of the demand curve became less elastic 
with respect to price. The inclusion of month-year dummies substantially 
reduces the magnitudes of the coefcients, implying that time controls are 
important for controlling for unobserved factors that are varying through time 
but are spatially fxed, such as seasonal closures. 

The functional form of Equation (2) restricts changes in visitation (and 
thus, changes in WTP) to be discrete. Following the standard practice in the 
recreation literature, we calculate traveler’s WTP as the inverse of the absolute 
value of the per-day per-visitor price coefcient. This yields the per-person 
per-day WTP averaged across both wilderness areas. We fnd that the WTP 
for recreating in wilderness areas predicted by Equation (2) is $38.3 prior to 
the pandemic emergency order, with a 95% confdence interval of $27.01 to 
$65.97. Following the pandemic emergency order, the point estimate of the 
WTP grew to $40.3 per person per trip, with a 95% confdence interval of 
$26.99 to $79.47. 

4.2 Is the Impact of the Pandemic on Visitation Dynamic? 

The results obtained from estimating Equation (3) are reported in Table 3. The 
pseudo-R2 and over-dispersion statistics follow a similar pattern as in Table 2. 
The coefcient on the per-day per-visitor price (not including any interaction 
term) is nearly identical in magnitude to that reported in Table 2, indicating 
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Table 2: Regression results for estimating Equation (2) with a negative binomial distribution. 

Dependent Variable: Visits 

Model: (1) (2) (3) 

Variable 
Price −0.0334∗∗∗

(0.009) 
−0.0261∗∗∗ 

(0.0058) 
−0.0261∗∗∗ 

(0.0059) 
Income 0.0439∗∗∗ 

(0.0096) 
0.0339∗∗ 

(0.0071) 
0.0338∗∗∗ 

(0.0067) 
Price × pandemic dummy 0.0021∗∗∗ 

(0.0008) 
0.0013∗∗ 

(0.0007) 
0.0013∗∗ 

(0.0007) 

Additional Controls 
Temperature No No Yes 
Precipitation No No Yes 

Fixed Efects 
Site Yes Yes Yes 
Zip code Yes Yes Yes 
Month-year No Yes Yes 

Observations 16,480 16,480 16,480 
Squared Correlation 0.0294 0.0392 0.0394 
Pseudo R2 0.1535 0.1977 0.2007 
BIC 130,493.70 126,247.30 125,962.40 
AIC 98,960.16 94,320.59 94,005.65 
Over-dispersion 2.5855 3.9668 4.0948 
Clustered (site) standard-errors in parentheses. 
Signif. Codes: ∗∗∗ : 0.01, ∗∗ : 0.05 

that diferent representations of the pandemic still produce consistent results. 
The coefcient on income is higher in Table 3 than in Table 2. 

The results from Table 3 provide insight into the time-pattern of post-
pandemic changes in recreation and show that there is a positive relationship 
between the per-day per-visitor price and “weeks since”, but a negative rela-
tionship between the interaction of per-day per-visitor price and the quadratic 
term of “weeks since”. This implies that immediately following the national 
emergency order, the efect of price on visitation falls signifcantly (i.e., a 
more elastic demand curve); however, the efect of price will return to its 
pre-pandemic level over time. 

We calculate the time over which the results predict a return to pre-
pandemic recreation levels. After taking the partial derivative of Equation 
(3) with respect to price (B 2

1wt + B2wt  + B3), we can solve for the number of
weeks until the efect of price is equal to the pre-pandemic level (B3). This 
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Table 3: Regression results from estimating Equation (3) with a negative binomial distribution 

Dependent Variable: Visits 

Model: (1) (2) (3) 

Variable 
Price −0.0329∗∗∗ 

(0.0074) 
−0.0263∗∗∗ 

(0.0059) 
−0.0259∗∗∗ 

(0.0055) 
Price × weeks since 0.0006∗∗∗ 

(8.7 × 10−5) 
0.0004∗∗∗ 

(0.0001) 
0.0003∗∗∗ 

(0.0001) 
Price × weeks since2 −2.21×10−5 ∗∗∗ 

(2.75 × 10−6) 
−1.52 × 10−5 ∗∗∗ 

(3.95 × 10−6) 
−1.33×10−5 ∗∗∗ 

(4.46 × 10−6) 
Income 0.0431∗∗∗ 

(0.0089) 
0.0341∗∗∗ 

(0.0072) 
0.0335∗∗∗ 

(0.0066) 

Additional Controls 
Temperature No No Yes 
Precipitation No No Yes 

Fixed Efects 
Site Yes Yes Yes 
Zip-code Yes Yes Yes 
Month No Yes Yes 

Observations 16,480 16,480 16,480 
Squared Correlation 0.0467 0.05649 0.06856 
Pseudo R2 0.1601 0.1996 0.2020 
BIC 129,797.60 126,053.80 125,831.4 
AIC 98,256.35 94,119.41 93,866.15 
Over-dispersion 2.7394 4.0538 4.1624 
Clustered (site) standard-errors in parentheses. 
Signif. Codes: ∗∗∗ : 0.01 

shows the amount of time in which recreation returns to the level prior to the 
emergency order. The derivation is shown in Equation (6). 

   −B1
B1wt +B 2

2wt + B3 = B3 → B1 + B2wt = 0 → w ∗t = (6)
B2 

Solving Equation (6) using the coefcient estimates in Table 3, column 3 yields 
a result of 22.56 weeks, which is between 5 and 6 months. 

Results presented in both Tables 2 and 3 indicate that the WTP of the 
wilderness areas increases because of the pandemic. This is because the efect 
of the per-day per-person price becoming closer to 0, indicating that price 
has a weaker efect on behavior due to the price elasticity of demand being 
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Table 4: The average per-day per-visitor WTP across DW and IWA based on the estimation 
results reported in Tables 2 and 3 (confdence intervals are in the parenthesis). 

Model WTP 
(pre-pandemic) 

Peak WTP 
(post- pandemic) 

Average WTP 
(post-pandemic) 

Equation (2) $38.3 (27.01, 65.97) $40.3 (26.99, 79.47) $40.3 (26.99, 79.47) 
Equation (3) $38.7 (27.27, 66.39) $41.54 (28.68, 75.33) $40.68 (28.27, 72.59) 

lower. We calculate two measures of WTP with respect to Equation (3): the 
peak WTP and the average WTP. The peak WTP is the highest WTP value 
predicted by estimating Equation (3) (occurring 11 weeks after the emergency 
order).6 The average WTP is calculated by averaging weekly calculations of 
WTP across the frst 22 weeks following the pandemic. For comparison, we 
also report the WTP obtained from estimating Equation (2) in Table 4. Note 
that the peak WTP and the average WTP values are the same here because 
Equation (2) does not allow WTP to change over time. 

The per-person per-day WTP of recreation across both wilderness areas 
increased by either $2 (Table 4; row 1) or $1.8 on average (Table 4; row 2) based 
on the average WTP and peak WTP estimates obtained from Equation (2). 
When the diference in visitation WTP was at its peak (11 weeks following the 
emergency order), the WTP for wilderness areas increased by $2.8 per-person 
per-day (Table 3; row 2). The total number of person-days reported in the 
permit data is 749,905, multiplying the changes in per-person per-day WTP 
with the total number of person-days leads to a total change in recreation 
WTP value of $1,499,810, $1,349,829, and $2,099,734, respectively. 

As a robustness check, we also estimate versions of Equations (2) and (3) 
following a Poisson distribution. These results can be found in Appendix A.1. 
The Poisson model estimations show that signs of the efects are consistent 
across model choices. However, the coefcients are typically smaller in magni-
tude, and importantly are not statistically signifcant. This indicates that the 
distributional assumptions behind the Poisson model make it more difcult 
to detect an efect, and that the more fexible negative binomial specifca-
tion is better suited to model visitation in our case, as demonstrated by an 
overdispersion coefcient greater than 4. 

6The peak WTP is calculated as half of the 22 weeks over which the efects of the 
pandemic emergency order are greater than 0. This must be the case due to the functional 
form of Equation (4), since we estimate a parabolic relationship between visitation and 
weeks since the pandemic emergency order. 
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Table 5: Results of estimating alternative model specifcations where the price is interacted 
with the days spent in the wilderness area (Column 2), and the group size (Column 3), 
compared to a zonal travel cost model with no interactions (Column 1). 

Dependent variable: Visits 

Model: (1) (2) (3) 

Variable 
Price −0.0257∗∗∗ 

(0.0059) 
−0.0306∗∗∗ 

(0.0066) 
−0.0121∗∗∗ 

(0.0046) 

Price × days in wilderness −0.0005∗∗∗ 

(0.0001) 
Price × group size 0.0017∗∗∗ 

(0.0001) 
Income 0.0336∗∗∗ 

(0.0069) 
0.0431∗∗∗ 

(0.0071) 
0.0072 

(0.0060) 

Additional Controls 
Temperature Yes Yes Yes 
Precipitation Yes Yes Yes 

Fixed Efects 
Site Yes Yes Yes 
Zip-code Yes Yes Yes 
Month Yes Yes Yes 

Observations 16,480 16,480 16,480 
Squared Correlation 0.36317 0.473 0.06440 
Pseudo R2 0.19956 0.20315 0.22453 
BIC 126,078.40 125,703.40 123,410.4 
AIC 94,128.60 93,745.87 91,452.81 
Over-dispersion 4.0459 4.2133 4.8830 
Clustered (site) standard-errors in parentheses. 
Signif. Codes: ∗∗∗ : 0.01 

4.3 Does Time Spent Recreating and Group Size Impact Visitation? 

In Table 5 below, we present the results of estimating Equations (4) and (5), 
respectively. For comparison and robustness, in Table 5, column 1, we include 
a version of the model with no interaction. 

The price coefcients in these alternative models are similar to those re-
ported earlier in the paper. The coefcient on income is statistically signifcant 
at 1% level in all models except for Equation (4), which contains an interaction 
term with group size. This could indicate multi-collinearity between income 
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and group size, as households with larger incomes might also recreate in larger 
groups. 

The coefcient on the interaction term between price and time spent in 
the wilderness is negative (Table 5; column 1). This indicates that there are 
diminishing returns to the utility of recreating. There are several reasons 
for this, including logistical issues involved in long camping trips, as well 
as recreational preferences. The interaction between price and group size 
(Table 5; column 3) has a positive coefcient. This implies that the more 
people recreating in groups, the higher the WTP of the resource. As a 
robustness check, we ran an additional version of this model that includes 
both group size and time spent in the wilderness, along with their interaction, 
simultaneously. This model shows that the efects observed here are robust to 
including both group size and time simultaneously. It also shows that the more 
time spent in the wilderness, the larger the change in WTP from increasing 
group size. Finally, it shows that as group size increases, the decline in WTP 
from recreating an additional day becomes smaller in magnitude. These results 
can be found in Appendix A.2. 

5 Discussion 

The results of this paper demonstrate that the pandemic changed recreation 
behavior in wilderness areas. This is consistent with other studies that have 
documented pandemic-induced changes in recreation behavior, either negatively 
(e.g., Landry et al., 2021) or positively (e.g., Derks et al., 2020b). The results 
also support previous fndings that recreational activity has increased in remote, 
forested areas (Derks et al., 2020a), which might be due to the ability to socially 
distance in these locations. This paper extends the work examining recreation 
during the COVID-19 pandemic by showing that the increased visitation has 
led to a change in the valuation of recreational amenities. 

A small collection of past studies has examined the time pattern of behav-
ioral changes following the pandemic and found conficting results. For instance, 
Bulchand-Gidumal and Melián-González (2021) claim that air travel will likely 
not return to pre-pandemic levels. On the other hand, Leferts et al. (2022) 
fnd that activity levels of older adults likely returned to pre-pandemic levels a 
year after the pandemic began. Our results show that the pattern of visitations 
following the national emergency order has returned to pre-pandemic levels 
in just over 22 weeks. The question of whether or how behavior, especially 
recreational or tourist activity, will return to the pre-pandemic levels depends 
on specifc characteristics of that activity and site amenities. Visitation may 
revert back to pre-pandemic levels quickly and in this study may be because 
recreating in wilderness areas typically allows one to socially distance much 
more efectively than other outdoor recreation activities (Rice et al., 2019). 
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The COVID-19 pandemic is one example of possible crisis that can lead to 
impermanent changes in outdoor recreation activities. Natural disasters such 
as fres (Englin et al., 2008), and hurricanes (Buerger et al., 2003), can also 
disrupt recreation activity patterns. As the pattern of these events changes 
due to climate change (Van Aalst, 2006), examining changes in visitation and 
valuation is important. To that end, this study has explored the empirical 
methodology that quantifes the impacts of crises such as the COVID-19 
pandemic on outdoor recreation. Though other studies have estimated the 
efects of the pandemic (Landry et al., 2020), few have looked at the time fow 
of valuations following such an event. Our results demonstrate that the WTP 
for recreation is more fuid than is commonly represented in other studies 
(Rolfe and Dyack, 2019). 

There are several additional results that are useful to outdoor recreation 
and tourism research in general. Our study fnds that the per-day WTP 
of outdoor recreation decreases as the recreational period increases. This 
is evidence of diminishing marginal returns, which is found in other forms 
of consumption and investment (e.g., Faf et al., 2013) including outdoor 
recreation (Beardmore et al., 2015). Our fnding complements the literature 
documenting that this is also a feature of outdoor recreation behavior. In 
addition, we demonstrate group size has a signifcant impact on the per-day 
per-visitor WTP of a recreational amenity, which is consistent with other 
studies reporting that part of the WTP of outdoor recreation is socialization 
(Jackson et al., 2021). 

6 Conclusion 

This study investigates the efects of the pandemic on visitation and WTP to 
two wilderness areas in California. We fnd that, in general, after the national 
emergency order was issued, the demand curve for outdoor recreation at these 
two sites became less elastic, which led to an increase in willingness to pay. 
Furthermore, we fnd evidence of decreasing returns to scale with respect to 
time spent recreating, and the value of recreating in wilderness areas increases 
with group size. 

There are several limitations to this study. Though the study region con-
tained two diferent recreational sites, we did not include a comprehensive set 
of alternative sites to visit. Future work could consider examining outdoor 
recreation demand using a random utility model to include substitute sites 
(Lupi et al., 2020). Furthermore, there are additional topics and areas that 
might be interesting to explore with respect to the demand for outdoor recre-
ation. For example, exploring how disadvantaged communities’ recreational 
behavior is impacted by the pandemic and climate change is of interest to land 
management agencies given the Biden administration’s Executive Orders on 
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improving recreational access and environmental justice (The White House, 
2021). In addition, analyzing other factors such as smoke from wildfres, water 
quality, weather, and expected foot trafc to outdoor recreation sites may be 
considered. Though these represent interesting opportunities for advances, 
they are beyond the scope of this current work. 

As society struggles to adapt to the continuously shifting world that 
the COVID-19 pandemic has produced, it is important that we evaluate 
outdoor recreation behavioral changes and shifts in public preferences. Outdoor 
recreational amenities have assumed the role of safe havens throughout the 
pandemic, and the ability to properly manage and maintain them is paramount 
to the continued provision of their benefts to society. This study provides 
insights that may help forest and land managers better manage these valuable 
natural resources moving forward. Overall, we show that in times of crisis, 
the value of accessible outdoor recreational amenities increases as options 
for recreators decreases overall. Increases in the economic value of these 
amenities might justify additional investments in the provision of these natural 
resources in times of crisis, such as the COVID-19 pandemic or other natural 
disasters. 

Appendices 

Appendix A.1 Poisson Models 

Although the over-dispersion coefcient in all models reported in Tables 2 and 
3 are greater than zero (Section 4.1.), we still test our distributional assumption 
by running a Poisson model as a robustness check. Table A.1. reports the 
results of estimating Equations (2) and (3) (with a complete set of controls) 
with a Poisson distribution instead of a negative binomial distribution. 

The coefcient estimates in Table A.1. have the same sign as the main 
specifcation reported in Tables 2 and 3 (Sections 4.1 and 4.2). The coefcient 
on the per-day per-person price is more elastic than in the negative binomial 
models, meaning that individuals are more responsive to changes in the price 
of accessing this recreational amenity. More elastic demand results in lower 
visitation for recreational amenities, indicating that the Poisson model predicts 
lower visitation for the wilderness areas in the study area, overall. This further 
suggests a lower WTP for the wilderness areas. Furthermore, the coefcient 
on income is larger than in any of the negative binomial models reported in 
Tables 2 and 3 (Sections 4.1 and 4.2). 

A key distinction between the results in Table A.1, and the results in Tables 
3 and 4 (Sections 4.1 and 4.2), is that when using the Poisson distribution, 
the coefcients on all of the pandemic terms (including the pandemic dummy 
variable, and all “weeks since” variables) are statistically insignifcant. However, 
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Table A.1: Results from estimating the Poisson model version of Equations (2) and (3). 

Dependent Variable: Visits 

Model: (1) (2) 

Variable 
Price −0.0337∗∗∗ 

(0.0053) 
−0.0336∗∗∗ 

(0.0054) 
Price × pandemic dummy 3.39 × 10−5 

(0.0001) 
Price * weeks since 0.0001 

(8.11 × 10−5) 
Price * weeks since2 −5.43 × 10−6 

(4.17 × 10−6 

Income 0.0429∗∗∗ 

(0.0067) 
0.0429∗∗∗ 

(0.0066) 

Additional Controls 
Temperature Yes Yes 
Precipitation Yes Yes 

Fixed Efects 
Site Yes Yes 
Zipcode Yes Yes 
Month Yes Yes 

Observations 16,480 16,480 
Squared Correlation 0.68834 0.67929 
Pseudo R2 0.60623 0.60808 
BIC 153,569.40 153,047.0 
AIC 121,611.80 121,081.70 
Clustered (site) standard-errors in parentheses. 
Signif. Codes: ∗∗∗ : 0.01 

this is likely due to the distributional assumptions within the Poisson model, 
namely that the mean and variance are equal. Furthermore, the magnitudes 
on both the pandemic dummy and the weeks since variables are smaller as 
well. 

Appendix A.2 Additional Group Size and Recreation Time Results 

As a robustness check, we estimated a version of Equations (4) and (5) where 
the interactions between price and group size, and price and time spent 
recreating, were included in the regression simultaneously. In addition, we 
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Table A.2: Results of a robustness check that includes both the time and group interaction 
terms in the regression at the same time (column 1) compared with a model that includes 
no interaction terms (column 2). 

Dependent variable: Visits 
Model: (1) (2) 

Variable 
Price per day  −0.0146∗∗∗ −0.0257∗∗∗ 

(0.0049) (0.0059) 
Price × group 0.0014∗∗∗ 

(0.0002) 
Price × time −0.0004∗∗∗

(0.0001) 
Price × time × group 4.1 × 10−5∗ ∗∗ 

(9.43 × 10−6) 
Income 0.0132∗∗ 0.0336∗∗∗ 

(0.0058) (.0069) 

Additional controls 
Temperature Yes Yes 
Precipitation Yes Yes 

Fixed Efects 
Site Yes Yes 
Zipcode Yes Yes 
Month Yes Yes 

Observations 16,480 16,480 
Squared correlation 0.0537 0.36317 
Pseudo R2 0.22578 0.19956 
BIC 123,296.10 126,078.40 
Over-dispersion 4.9534 4.0459 

also included a triple interaction between price, group size, and time spent 
recreating. We present the results in Table A.2. 

We see that our result is robust to the inclusion of the double interaction 
term. As visitors spend more time in the wilderness, their per-day WTP still 
declines, and as more people join their group, their per-day WTP still increases. 
The double interaction group shows that as group size increases, the decline in 
WTP as time increases becomes less pronounced. Additionally, as time spent 
recreating increases, the increase in WTP from group size becomes larger. 
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