
Online Reservation Systems, Buying Frenzies and Equitable Access to Public Lands 
Jonathan E. Hughes 

Job title: Associate Professor 

Affiliation: Department of Economics, University of Colorado at Boulder; Renewable and 

Sustainable Energy Institute, University of Colorado at Boulder 

Email: jonathan.e.hughes@colorado.edu 

Abstract 

Rationed access is an important tool to promote sustainable use of public lands. However, online 

reservation systems can lead to “buying frenzies” when low prices create excess demand. Using 

transaction-level data for river permits in the United States sold both by reservation-system 

buying frenzy and lottery, I show successful frenzy buyers reside in wealthier zip codes than 

those selected at random. This effect increases with congestion and leads to an unequal 

distribution of consumption benefits where high-income zip codes receive 25 percent more 

recreational trip value. These effects can undermine park managers’ efforts to provide equitable 

access through low fees. 

1. Introduction 

The increasing popularity of outdoor recreation has led park managers to restrict use by requiring 

permits for popular hiking, backpacking and river rafting sites. Permits are sold for modest fees 

and allocated either via lottery or using an online reservation system. The large number of 

recreational users, low permit prices and limited permit availability mean permit demand vastly 

exceeds supply. With a lottery system, permits are randomly allocated to users. However with a 

reservation system, permits are made available during an on-sale event. A “buying frenzy” 
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results when users attempt to access the web page simultaneously. Under these circumstances, 

the actual allocation of permits could disproportionately fall on groups who have an advantage in 

navigating, or are more willing to endure, online congestion. 

During an online buying frenzy, consumers employ strategies to improve their odds of 

purchasing. They may arrive before sales begin, refresh their web browsers and attempt to time 

the exact moment the product launches. Individuals may utilize multiple internet connections or 

employ sophisticated computer programs (“bots”) to automate purchases. Access to broadband 

internet and familiarity with specific online sales platforms may play important roles in 

allocating consumption. Importantly, competition for goods creates congestion externalities 

when one user’s participation reduces the likelihood of another user’s purchase. Online markets 

may exacerbate these effects. Further, congestion costs may be disproportionately higher for 

some households, e.g. when on-sale events occur during the workday making it more difficult for 

working families to participate. The extent to which these factors favor wealthier users and 

disadvantage or discourage lower income consumers could create an inequitable allocation of 

consumption. Unfortunately, investigation into these types of effects has been hampered by the 

lack of examples where outcomes are observed for both online buying frenzies and alternate 

allocation mechanisms. 

I exploit novel features of markets for recreational river permits in the United States to 

investigate whether online buying frenzies create distributional effects. Using transaction-level 

data from Recreation.gov, I compare purchases of identical river trips allocated by both lottery 

and buying frenzy. I show households that successfully purchase in the buying frenzy reside in 

higher income zip codes compared to those selected at random via lottery. Specifically, zip-code 

median household income is $2,856 to $3,027 (4%) higher. The income difference grows in size 
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with the number of page views (refresh activity) during the buying frenzy, suggesting congestion 

plays a role in access across groups. Although it is impossible to pinpoint the precise mechanism, 

I rule out several explanations including differences in preferences over trips characteristics, 

timing differences and willingness to pay. I conclude the most likely explanation is a 

combination of high transaction costs and congestion effects that discourage lower income users 

from participating in frenzies and limit their success when they do. 

Next, I investigate the incidence of these effects in terms of the distribution of recreational trip 

benefits. I first use the user-level data on participation in permit lotteries to estimate the 

willingness to pay for different trip locations and start dates. The large numbers of users and trip 

choices in this setting make discrete choice modeling approaches quite difficult. Instead, I 

estimate mean willingness to pay with an expected utility approach based on equilibrium lottery 

outcomes. Then, using data from reservation on-sales, I estimate the likelihood users in different 

income groups obtain a particular trip in a buying frenzy. Combining these two sets of estimates, 

I find the reservation system allocates a greater share of recreational benefits to higher income 

zip codes. Specifically, zip codes in the fourth income quartile receive 25 percent more 

recreational trip value compared to zip codes in the first income quartile. 

This work is at the intersection of several literatures. First, the paper relates to work that studies 

managing access to public lands. Several authors consider the trade-off between the inefficiency 

of lotteries relative to auctions and potential inequities created by the latter. For instance, Evans 

et al. (2009) study hybrid permit allocation systems that combine auction and lottery 

mechanisms. They show a hybrid mechanism preserves an efficient allocation of permits to 

individuals with the highest willingness-to-pay, but has an equity benefit of randomly allocating 

some permits. Arnosti and Randolph (2019), Reeling et al. (2020) and Verdier and Reeling 
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(2022) study alternatives to simple lotteries that can approximate the efficient allocation while 

providing an equitable distribution of consumption. Here, I investigate the distributional effects 

of reservations systems, which are more commonly used by resource managers than either 

auctions or lotteries. I show these systems can also lead to an inequitable allocation of 

consumption during online buying frenzies, decreasing access for lower income users. Since 

there is no secondary market, these distributional effects are fundamental to the online buying 

frenzy and not due to subsequent reallocation. 

Second, I contribute to the literature on buying frenzies (DeGraba 1995). Online product 

launches or “on-sale” events are of particular interest because they enable large numbers of 

consumers to participate simultaneously often resulting in congestion.i For instance, recent 

product launches for events industries, consumer electronics, hotel rooms, childcare, non-

fungible tokens (NFTs) and COVID-19 vaccinations, have led to internet service disruptions, 

congestion and frustration on the part of consumers left unable to purchase.ii While the literature 

has mainly focused on why such events occur (Becker 1991; Bulow and Klemperer 1994; 

DeGraba 1995; Denicolo and Garella 1999; Balachander et al. 2009; Liu and Schiraldi 2014; 

Courty and Nasiry 2016; Loertscher and Muir 2022), here I show online buying frenzies can 

create distributional effects. 

Third, I contribute to the literature on digital economics and the “digital divide.” Online sales 

channels were predicted to be a “win” for consumers because lower search costs would increase 

competition and decrease price dispersion (Goldfarb and Tucker 2019). However, empirical 

evidence suggests substantial price dispersion persists (Baye et al. 2004; Orlov 2011; Einav et al. 

2015) and may enable new types of price discrimination (Fudenberg and Villas-Boas 2012). 

Some predicted online sales channels would improve access to goods and services by removing 
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the requirement consumers appear in person (Pozzi 2013; Goldfarb and Tucker 2019). However, 

improving access can also lead to congestion. Here, I show this can lead to a new type of digital 

divide that shifts consumption benefits toward users from higher-income zip codes. 

Finally, improvements in information technology can have positive effects ranging from 

improved profits in artisanal fisheries (Jensen 2007) to increased marriage rates (Bellou 2015) 

and higher employment rates (Hjort and Poulsen 2019). Similarly, (Lakdawala et al. 2023) show 

school-based internet access can have positive effects on educational outcomes.iii A key theme in 

this work is that lower income households have poorer access to information technology and this 

leads to an unequal distribution of benefits. However, I show users in lower-income zip codes 

are less likely to purchase goods sold in online buying frenzies. Whether these users have a 

competitive disadvantage in buying frenzies or because they choose not to participate due to 

large non-pecuniary costs, the existence of these congested online markets creates a digital 

divide in the allocation of recreational permits. 

2. Permits for recreation on public lands 

For many years, managers of public lands have struggled with the problem of managing use (The 

New York Times 2021). Visitor use negatively impacts the experience of other visitors (United 

States Department of the Interior 2020), raises safety concerns (Lawson et al. 2010) and can 

harm vegetation and animals (Dertien et al. 2021). If users do not consider the negative effects of 

their recreation, these externalities justify resource management. Since park managers have 

largely deemed higher fees undesirable (Walls 2022), use permits have become the preferred 

strategy.iv 
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Permits are obtained one of three ways: On a walk-up basis; via an online reservation system; or 

using a lottery, typically administered online. Walk-ups are rapidly being replaced by online 

reservations, even for day-ahead sales. Anecdotally, some parks that initially allocated permits 

using a reservation system moved to a lottery system over concerns of perceived fairness (Grand 

Canyon National Park 2023). Many park managers have elected to have their permits 

administered by Recreation.gov. Recreation.gov was conceived as “an interagency partnership 

among federal agencies to provide reservation services, sharable data, and recreation trip-

planning tools for federal lands and waters across the United States.” (United States Department 

of the Interior 2016). Today, it administers approximately 4,200 facilities and over 110,000 

reservable sites across the country (United States Department of the Interior 2016). 

There are nine river sites on Recreation.gov that allocate permits for rafting or float trips using 

both lotteries and reservation on-sales. These sites are Desolation Canyon of the Green River 

(UT), Dinosaur National Monument Green and Yampa Rivers (CO and UT), Hell’s Canyon of 

the Snake River (OR), the Middle Fork of the Salmon River (ID), the Rio Chama Wild and 

Scenic River (NM), the Salmon River (ID), the Salt River Canyon (AZ), the Selway River (ID) 

and the San Juan River (UT). The number of permits awarded per day depends on the river and 

time of year. 

These sites are widely regarded as some of the premier float trip destinations in North America. 

Due to the large number of permit applications, park managers have implemented lottery systems 

for allocating permits. Users (trip leaders) submit their lottery entry via Recreation.gov between 

December 1 and January 31. An entry consists of a specific trip start date. Users may submit 

only one trip per river each season. Lottery entry fees are low, between $6 and $16 dollars. There 

is no secondary market for permits. Resales are prevented by verifying the user's identity prior to 
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the start of the trip. Each of these rivers also maintains a parallel permit system for commercially 

guided trips. 

Following the entry period, winners are drawn at random for each trip start date.v Winners are 

notified several days later, typically during the beginning of February and then have several days 

to confirm (accept) their permit. Permits not accepted during this confirmation period are made 

available during a reservation on-sale.vi,
6F

vii The on-sale date is well-known to users, as it is listed 

on each river’s Recreation.gov lottery page and publicized in online magazines and forums 

(Crockett 2022; Gibbins 2024). Since the lottery for every site and start date has many entries, 

whether a trip appears subsequently in the buying frenzy depends on whether the lottery winner 

claims the permit and not the number of lottery entries.viii 

The sequential structure creates a system that allocates identical goods (river trips for specific 

dates) by both lottery and buying frenzy at essentially the same moment in time. In other words, 

permits for the same trip can be offered both by lottery and buying frenzy a few days or weeks 

apart. I exploit this feature to account for unobserved differences in trip characteristics that could 

be correlated with user preferences. However in this system, users’ decisions to participate in the 

reservation on-sale could be non-random, i.e. there could be selection into the buying frenzy 

sample. Below I provide suggestive evidence selection effects do not explain the observed 

income differences and argue selection into the frenzy, to the extent it occurs, can be considered 

part of the distributional effect of this allocation mechanism. Section 4.2 presents evidence 

income differences are not due to the short time lag between lotteries and buying frenzies. 
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3. Data 

I obtain transaction-level data on lottery entries and reservations from Recreation.gov via the 

Recreation Information Database (RIDB) system (Recreation.gov 2021). The data include 

information on the type of purchase (lottery entry, permit, campground reservation, etc.), site, 

purchase date and time, customer state and zip code for the 2019 and 2020 seasons. Note the 

effects of the COVID-19 pandemic are likely minimal since permit allocations concluded in mid-

March 2020. I use the purchase type, transaction date and time to classify each purchase as being 

either a lottery entry, a permit purchase as a result of a successful lottery entry or a permit 

purchase during the buying frenzy. For the latter, I restrict the reservation on-sale period to the 

first day permits become available, though effectively nearly all of these transactions occur 

during the first hours of the buying frenzy. Permits purchased after the first day are mainly 

cancellations and are likely purchased by a different type of user.ix Summary statistics for the 

lottery and reservation systems for each river are presented in Table A2 of the online Appendix. 

Unfortunately, user-level demographic information is not available from Recreation.gov. Instead, 

I collect zip code level demographic data from the U.S. Census American Community Survey 

(U.S. Census Bureau 2021) and match these data to Recreation.gov transactions using 

customers’ zip codes. The main dependent variable in the empirical analysis below is median 

household income by zip code. Additional specifications explore educational attainment and 

ethnicity as alternate dependent variables. I utilize Google Analytics data on the number of users, 

sessions and page views for Recreation.gov to measure web congestion. 

To better understand these allocation systems, Figure 1a plots the number of completed 

transactions, either lottery entries or permit purchases, for Green and Yampa River permits in 

Dinosaur National Monument (CO and UT) during the 2020 season. Several features are worth 
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noting. First, lottery entries greatly outnumber available permits. For instance, there were 

approximately 8,000 entries for approximately 300 permits. This suggests the permit system 

substantially curtails river use in the monument. Second, lottery entries increase at a steady rate 

during the entry period and peak around the deadline of January 31, 2020. This suggests entrants 

value waiting. Waiting could reduce uncertainty regarding the most favorable river conditions 

during the season, for instance as winter snowfall totals are realized. Third, the majority (72%) of 

successful reservations outside of the initial lottery, occur during the first two hours of the 

reservation period. This indicates timing is critically important to obtaining a permit during the 

on-sale period. 

<<Fig. 1 about here>> 

Figure 1b investigates congestion using web page traffic data. I plot the number of visitors to the 

Dinosaur National Monument page on Recreation.gov during the lottery and reservation periods 

and lottery entries and permit purchases for comparison. During the lottery entry period there are 

approximately twice as many users as completed orders. This could indicate repeat visits to 

check trip dates or lottery information. During the reservation on-sale on March 6, 2020, over 

2000 users visited the Monument web page. Again, only 24 permits were awarded on this day. 

This suggests intense competition for available permits during the on-sale period consistent with 

a buying frenzy. Transaction and web traffic data for the other sites in the sample look quite 

similar to those for Dinosaur National Monument presented here. 

Figure 1c plots median income, by zip code, for users with frenzy and lottery permits in 

Dinosaur National Monument. The distribution of income for reservation permits is right-shifted. 

The mean household income for permits awarded by lottery is approximately $74,000 versus 

over $85,000 for permits obtained during the buying frenzy. Figure 1d plots the distribution of 
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median household income for permit holders at the nine different river sites. Also plotted is the 

population-weighted distribution of zip-code level median household income for the US. Again, 

the income distribution is right-shifted for users successful in the buying frenzy. Mean income is 

approximately $72,000 for lottery permit holders and nearly $76,000 for users who were 

successful in the buying frenzy. These results suggest users from higher income zip codes have 

an advantage in the reservation on-sale. Compared with the U.S. as a whole, permit holders are 

more likely to live in higher-income zip codes. However, the substantial overlap in the income 

distributions suggests that the observed effects reflect differences across income groups that 

broadly mirror the national distribution, rather than differences within a narrowly defined 

(higher-income) group of river users. 

4. Demographic effects 

Here I more rigorously compare the demographics of users awarded permits in permit lotteries 

with those in reservation on-sale buying frenzies. While this empirical setting has many benefits, 

there are two main identification challenges. First, because trips available during the buying 

frenzy are a subset of all trips, they could contribute to selection in the types of users who 

participate in the reservation on-sale if different users value different trip characteristics. I 

present two different identification strategies for addressing this concern. Second, the population 

of users participating in the lottery and the reservation on-sale buying frenzy could differ due to 

the short time lag between the lottery and the frenzy. Below I present evidence against selection 

into the (slightly later) frenzy as an explanation for the observed income differences. 

The first approach to address potential differences in trips offered during the lottery and frenzy 

uses fixed-effects and parametric controls to account for unobserved factors that may be 
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correlated with demographics and trip characteristics. Specifically, I estimate models of the 

form: 

𝑌𝑌𝑙𝑙𝑙𝑙 = 𝛿𝛿𝑟𝑟 + Γ𝑖𝑖𝑖𝑖 + 𝛼𝛼𝑠𝑠 + 𝜖𝜖𝑙𝑙𝑙𝑙  [1] 

𝑌𝑌𝑙𝑙𝑙𝑙 is the outcome of interest, e.g. income or education, for a permit for site 𝑖𝑖 received by 

individual 𝑙𝑙 and where 𝛿𝛿𝑟𝑟 is an indicator variable equal to one if user 𝑙𝑙’s permit was obtained 

during the reservation on-sale buying frenzy. Since buying frenzies may select or screen out 

users from the population of those who wish to obtain a permit, the model is written with 

allocation mechanism as the independent variable and the demographics of permit holders (e.g. 

income) as dependent variables. Sections A.2 and A.3 of the appendix describe potential 

mechanisms for the differential effects of buying frenzies on user characteristics. 

Because river conditions and weather affect users’ willingness to pay for a particular trip (Yoder 

et al. 2014), Γ𝑖𝑖𝑖𝑖 is a vector of trip characteristics to control for site-specific time-varying factors. 

In the preferred specification, Γ𝑖𝑖𝑖𝑖 is made up of site-by-week and site-by-day of week effects. 

Online Appendix Table B1 presents results that directly control for anticipated river conditions 

by incorporating historical streamflow and air temperature data. Because users make trip 

decisions in advance, this specification uses average conditions over the prior ten seasons (2009–

2018) to capture expected conditions on a particular trip. The results are very similar to those 

presented below. 

Estimates produced with Equation [1] have the advantage of utilizing all the observations in the 

sample. The main disadvantage, of course, is that the somewhat coarse controls and fixed-effects 

may not completely account for unobserved factors that are correlated with both trips and 

demographics. To address this concern, the second strategy uses trip fixed-effects (site by start-
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date) such that 𝛿𝛿𝑟𝑟 is identified by variation in permit allocation method within a particular trip.x 

This approach has the advantage that it non-parametrically controls for unobserved factors at the 

trip level. The disadvantage of this approach is that the sample is limited to only those trips that 

have within-trip variation in 𝛿𝛿𝑟𝑟.xi This could limit external validity if, for instance, the sample 

includes only less desirable trips. Using this sub-sample I estimate models of the form: 

𝑌𝑌𝑙𝑙𝑙𝑙 = 𝛿𝛿𝑟𝑟 + 𝛾𝛾𝑖𝑖𝑖𝑖 + 𝜖𝜖𝑙𝑙𝑙𝑙 [2] 

where 𝛾𝛾𝑖𝑖𝑖𝑖 are trip fixed-effects. Results from both identification strategies are discussed below. 

Results 

Table 1a presents estimates of Equation [1] for income and several other zip-code characteristics. 

Users who obtain a permit during a reservation-system buying frenzy are from zip codes with 

median household incomes approximately $3,027 (4%) higher than those of users obtaining 

permits through the lottery. Because income is measured at the zip code rather than the 

household level, it is an imperfect proxy for individual income. Nonetheless, the fact that 

successful users are disproportionately from wealthier zip codes is consistent with, though not 

definitive evidence of, higher individual incomes. Column two presents results for educational 

attainment. Users who obtain a permit during the reservation on-sale period come from zip codes 

where the fraction of college educated persons over the age twenty-five is approximately 1.6 

percentage points (3.5%) higher than lottery winners. Broadband Internet penetration, age and 

percentage of the population that is white are all higher, though these effects are not statistically 

significant. Table 1b presents estimates of Equation [2] using the second identification strategy 

and the sub-sample of trips allocated by both lottery and buying frenzy. The estimated effects are 

quite similar to those in panel a. Users who obtain a permit during the reservation on-sale come 
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from zip codes with $2,856 higher median income than users who obtained their permit, for the 

same site and start date, through the lottery. Users successful in obtaining their permit during the 

reservation on-sale come from zip codes where the percentage of college-educated individuals is 

1.87 percentage points higher. The estimates for broadband, age and percent white are again 

statistically insignificant. 

<<Table 1 about here>> 

Finally, because factors such as income, education, and race may be correlated, I examine their 

joint relationship with permit outcomes using an auxiliary Logit model. In this model, obtaining 

a permit during the reservation buying frenzy is the binary dependent variable, and the five 

characteristics in Table 1 are the independent variables. In this case, the Logit estimates for 

income and percent white are positive and statistically significant (p< 0.05) and the other factors 

are imprecisely estimated. Below I focus on income as the main demographic difference across 

zip codes. 

Participation timing assumption 

The results in Section 4.1 assume the population of users is constant over the (short) time 

between the lottery and buying frenzy periods. Put another way, a threat to my interpretation of 

the results arises if frenzy participants are only those users who can afford to delay their travel 

plans until the reservation on-sale. Here, I provide evidence on the reasonableness of this 

assumption. There are at least two concerns. First, information is revealed over the course of the 

spring leading up to the rafting season. For instance, spring snow pack levels correlate with 

water levels during the season. Therefore, trip values could change during the period between the 

lottery and online buying frenzy in ways that are correlated with income. Second, travel may 
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become more expensive as the season approaches such that lower income users are discouraged 

from reserving a permit several weeks later during the buying frenzy. 

While it is impossible to test these hypotheses directly, I provide three pieces of evidence in an 

attempt to assuage these concerns. First, Column one of Table 2 investigates the mean income 

during the lottery entry period. There is some evidence more users from lower-income zip codes 

enter the lottery after the initial ten days. However, there is no evidence of the opposite, i.e. users 

who enter later and therefore closer to the actual trips are higher income. Second, column two of 

Table 2 investigates income by trip proximity, defined as the difference between the trip start 

date and the end of the lottery entry period. I divide trip proximity into quintiles. Trips in the first 

quintile occur approximately 140 days after the lottery entry deadline. Trips in the fifth quintile 

occur approximately 40 days afterward. I find no evidence users whose trips are closer (further) 

in time come from higher (lower) income zip codes. 

<<Table 2 about here>> 

Third, additional evidence supporting the timing assumption, and against differential selections, 

comes from another river system. During the 2021 season, the John Day River (OR) allocated 

permits in two blocks. Fifty percent of the permits were offered on March 4, 2021. The 

remaining permits were offered on May 1, 2021. This setting is advantageous since it deals with 

actual permit purchases and not lottery entries. The timing is notable as the two offerings overlap 

the lottery confirmation and frenzy periods in my main results. Each reservation phase covers the 

entire John Day River season, which also coincides with the rivers in my sample. As such, 

timing variation comes from the different reservation periods and not from user choices or trip 

start dates, as in the two previous examples. Online Appendix Figure B1 plots the number of 

permits reserved on each day during the spring of 2021 and shows behavior consistent with a 
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buying frenzy each period. Column three of Table 2 tests whether average income during the 

later frenzy is systematically different. Again, there is no evidence later timing is associated with 

higher income. Overall, these results cast doubt on the timing difference between lotteries and 

online buying-frenzies as an explanation for the observed income differences. 

Suggestive evidence for potential mechanisms 

Online Appendix A presents a simple theoretical framework for users’ decisions to participate in 

the lottery or reservation on-sale buying frenzy, highlighting potential mechanisms for the 

observed demographic effects. In this section, I present empirical results exploring several 

potential mechanisms. 

Congestion 

If congestion is the main driver of the income differences during a buying frenzy, we expect a 

positive relationship between web page activity and the observed income differences. Here, we 

can think of web traffic as capturing the intensity of competition for permits that leads to 

congestion externalities. Congestion effects could be direct technological effects (e.g. slower 

internet speeds that limit refresh rates) or behavioral adaptations (e.g. employing bots or multiple 

devices). Figure 2a presents three measures of web traffic on the Dinosaur National Monument 

page of Recreation.gov. During the 2020 Dinosaur National Monument reservation on-sale, the 

number of users spike to approximately 2200 and sessions increase to 1576. However, page 

views increase from around 2000 per day to over 76,000.xii To put this number in perspective, 

the average session consists of nearly 50 page views. This indicates a huge amount of page 

refresh activity consistent with a congested buying frenzy. 

<<Fig. 2 about here>> 
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Figure 2b plots the difference in mean income between permits awarded during the on-sale and 

the lottery versus page views on the day of the reservation on-sale for each site. There is a strong 

positive relationship between page views and zip code income during the buying frenzy. I test 

this result more formally in column one of Table 3 by interacting page views with the reservation 

indicator in Equation [1]. An increase of 10,000 page views is associated with a $1,400 increase 

in income. In online Appendix Table B4, I present analogous results using users and sessions as 

alternate measures of web congestion and find qualitatively similar positive, but statistically 

insignificant, effects. Further, while observations for Dinosaur National Monument stand out 

from other observations in Figure 2b, the results in Table 3 do not depend on this river. When 

Dinosaur National Monument is excluded from the sample, the effect of page views is somewhat 

smaller, but still large, approximately $1,000 for an additional 10,000 page views. 

<<Table 3 about here>> 

Selection 

What remaining mechanisms could explain the observed differences between lotteries and online 

buying-frenzies? Direct technological constraints, of the types considered in the extant digital 

divide literature (e.g. lower broadband connectivity and mobile phone-based internet), are one 

explanation. An alternate explanation is that lower income households simply choose not to 

participate in the frenzy either due to lower willingness to pay for river trips or because they face 

larger costs of participating in the frenzy. 

Of course, while systematic differences in preferences could explain the observed income 

differences, individual-level willingness to pay is unobserved. In its place I use two proxies. 

First, I calculate the travel distance between each user’s zip code and the river site. Users who 
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are willing to travel a greater distance for river trips also likely have higher willingness-to-pay 

for those trips. Second, I use the number of river lottery entries on Recreation.gov. Users that are 

willing to participate in multiple lotteries likely have higher values for river permits. I include 

travel distance and entries as additional controls in Equation [1]. Column two of Table 3 shows 

that while the proxies for willingness to pay matter, there remains a large and statistically 

significant relationship between congestion and the income gap during the online buying frenzy. 

To the extent these proxies capture differences in preferences, this result suggests the observed 

effects cannot be fully explained by differences in willingness-to-pay between higher and lower 

income users. 

Time and scheduling costs 

Time and scheduling costs reflect the ability of individuals to modify work or family schedules 

to participate in a reservation on-sale buying frenzy. Table 4 shows the results of several 

specifications exploring the role of these costs. In column one, I include an interaction for 

whether the reservation on-sale occurs on a weekend. Relative to weekdays, the estimated 

income effect is approximately $1,000 smaller when the buying frenzy occurs on a weekend. 

However, this effect is not statistically significant. Next, I turn to the on-sale timing in each 

user's local time zone. I create indicator variables for the hour in local time that the reservation 

transaction occurs, i.e. the indicator variable for 8 am is equal to one for a user located in the 

mountain time zone and the indicator variable for 7 am is equal to one for a user located in the 

Pacific time zone. I then estimate the mean reservation effect by time zone by interacting these 

indicator variables with the reservation indicator. Results of this exercise are presented in 

columns two and three. Column two uses observations from the first four hours of the on-sale 

event. In column three, I limit observations for reservations to those occurring during the first 
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hour of the on-sale. Focusing on column three, the income differences are largest, approximately 

$10,000, when the on-sale begins at 9am local time, though the estimate is not statistically 

significant. Taken together, the weekend and “start of the workday” results suggest scheduling 

costs may play a role in the observed income differences. However, suppose lower income 

households systematically choose not to participate in the buying frenzy, due to higher 

scheduling costs (or lower willingness to pay), this selection effect can be considered part of the 

distributional effect of the online allocation mechanism since it is generated by the frenzy itself. 

Lower income households would have had better access to permits under a random allocation 

scheme. 

<<Table 4 about here>> 

5. Distribution of recreational benefits 

To understand the incidence of buying frenzies I estimate the distribution of recreational benefits 

to different income groups under two counterfactual scenarios. The counterfactual exercise 

imagines replacing the hybrid lottery and reservation system with either a pure lottery or a pure 

reservation system. I report trip benefits, rather than benefits normalized by income, to be more 

consistent with park managers’ goals of providing equitable access to recreational opportunities. 

Further, I focus on the distribution of benefits across income groups, i.e. vertical equity, rather 

than the distribution of benefits within income groups, i.e. horizontal equity (Fischer and Pizer 

2019). This choice reflects limitations of the data that allows assignment of users to zip-code 

income groups but does not provide insight into the characteristics or preferences of users within 

income groups.xiii 
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I first estimate willingness to pay for different trips by adapting the lottery choice model of 

(Yoder et al. 2014). This methodology uses the probabilities of winning each lottery, defined by 

the number of entries, as a measure of the relative willingness to pay for each trip. Intuitively, 

users trade off the odds of winning against trip characteristics, i.e. one would be willing to enter 

a low odds lottery if the trip were more desirable. As such, the odds of winning is inversely 

related to willingness to pay and the number of entries can be used to estimate relative trip 

values. I describe this methodology in more detail in online Appendix C.xiv 

Because lottery odds only reveal relative willingness to pay across trips, I use prices for 

commercial trips on each river to scale relative willingness to pay and recover an estimate of 

absolute trip values. Commercial trip values are an imperfect measure of preferences. 

Commercial values may be higher than private values if users are willing to pay a premium for a 

guided trip. On the other hand, commercial trip prices do not vary to reflect river conditions and 

therefore may underestimate the value of the most preferred trip. Since I am most interested in 

comparing the share of trip value received by users in different parts of the income distribution, 

what matters is not whether commercial trip values equal the marginal private trip value for each 

river, but whether the difference in commercial and private trip values is constant across sites. 

That said, I provide evidence below the distributional results do not (qualitatively) rely on the 

use of commercial trip values. 

Next, I estimate the likelihood users in different zip code income groups are awarded permits in 

the lottery and reservation systems using the observed permit market outcomes. I take a reduced 

form approach grouping lottery entrants into quartiles of the income distribution pooling across 

all trip start dates for that site. Using data from only the reservation on-sale buying frenzies, I 

estimate a series of multinomial logit models, to predict the likelihood users in different parts of 
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the income distribution receive a permit. This procedure, as well as the specific success 

probability estimates, are described in more detail in the Appendix. 

Finally, I combine the two sets of estimates, values and success probabilities, to calculate the 

expected benefits for different portions of the user income distribution for every possible trip. 

Comparing the outcomes under each counterfactual yields an estimate of the incidence of 

allocating permits using only a reservation system. This estimate is likely a lower bound of the 

true distributional effect since allocating all permits by reservation, rather than only a portion of 

permits, would likely intensify the buying frenzy. 

The goal of this exercise is not to conduct a full welfare analysis of these competing systems. For 

instance, the private costs to users of participating in the buying frenzy are unobserved as are the 

administrative costs of park managers. Rather, the goal is to understand how benefits accrue to 

different income groups under the two allocation schemes. To this end, the approach outlined 

here is suitable for estimating the price in each permit market, but not the full schedule of 

willingness to pay. If users have heterogenous trip values, these estimates will be a lower bound 

on the surplus each user receives. 

Figure 3a shows the distribution of benefits under a pure lottery allocation. The shares of 

recreational benefits across incomes are quite flat, with the first, third and fourth quartiles 

receiving approximately $10.5 million/year in total benefits. Quartile 2 receives slightly less, 

approximately $9.7 million per year. In contrast, Figure 3b shows the distribution of recreational 

benefits for a reservation system with a buying frenzy. Zip codes in the first and second income 

quartiles receive $9.9 and $9.0 million in recreational value, respectively. However, users from 

zip codes in the third and fourth income quartiles receive $11.8 and $12.4 million in trip value. 
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Compared to the first quartile, users in the fourth quartile receive 25 percent more recreational 

value. 

<<Fig. 3 about here>> 

These effects vary across river sites. For Desolation Canyon, Dinosaur National Monument, 

Hells Canyon, the Rio Chama, the Salmon and the San Juan, the share of recreational benefits 

allocated to the fourth income quartile exceeds benefits to the first quartile, sometimes by a large 

margin. However, for the Salt River the share of benefits for the highest and lowest quartiles is 

quite similar and users in the second quartile receive the largest share of benefits. For the Middle 

Fork of the Salmon, the first quartile is allocated substantially more of the benefits than the 

fourth quartile. 

These distributional effects do not depend on willingness-to-pay estimated using commercial trip 

values. To illustrate this I calculate the share of relative trip value for each site by income 

quartile and then average across sites.xv As in the main estimates, lotteries yield a flat 

distribution of trip value across the income distribution. Users from zip codes in the first and 

fourth income quartiles each receive about 25 percent of the trip value for each site. However 

under reservation systems, users in the fourth income quartile receive about a third more trip 

value than users in the first quartile, 29 percent compared to 20 percent. 

6. Discussion and conclusions 

Rationing plays an increasingly important role in the sustainable management of public lands. I 

exploit novel features of the market for river permits to compare outcomes for buyers of the 

same trips allocated randomly via lottery and through online reservation-system buying-frenzies. 

Users successful in the buying frenzy reside in wealthier zip codes than those selected at random. 
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This result is especially surprising in a setting where secondary markets are absent. The income 

gap grows with congestion and suggests online reservation systems that create buying frenzies 

disproportionately benefit higher income users. 

There are several policy implications. First, park managers, policy makers or users concerned 

about equity in the non-market allocation of recreational permits may prefer lotteries to on-sale 

events that lead to buying frenzies. Second, policies to prevent re-sale may not alleviate equity 

concerns since it appears something fundamental to congested online environments favors 

wealthier consumers. Third, the results suggest potentially important efficiency effects. On the 

spectrum of mechanisms, efficient auctions allocate permits to those with the highest willingness 

to pay but are inequitable if only the wealthy purchase. On the other end of the spectrum, random 

lotteries are perfectly equitable but likely highly inefficient. Buying frenzies occupy an important 

middle ground. While I find substantial equity effects, these effects are almost certainly smaller 

than those in an auction. Further, congestion imposes non-pecuniary costs that can take the place 

of absent scarcity prices (Bucovetsky 1984) improving efficiency over a random allocation. 

Therefore, a full accounting of the equity and efficiency trade-offs of different permit markets 

seems an important area for further study. 
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Tables 

Table 1. Demographic effects of online buying frenzies. The dependent variables are median 
household income, percent population over age 25 college educated, percent households with 
broadband internet, median population age and percent white by customer zip code. Standard 
errors clustered at the site level. Results are also robust to clustering at the start-date level and are 
available upon request 
 

Panel A.) 

Income 

($) College (%) Broadband (%) Age White (%) 

Reservation $ 3,027.47 1.57 0.44 0.11 0.82 

 (833.59) (0.57) (0.36) (0.36) (0.55) 

Mean of Dependent 

Variable 

$ 72,873 45.1 89.0 39.7 87.6 

Site by Day-of-Week 

Effects 

Yes Yes Yes Yes Yes 

Site by Week-of-

Season Effects 

Yes Yes Yes Yes Yes 

Observations 4126 4170 4170 4174 4174 

Adj. R-sq. 0.01 0.01 0.00 0.01 0.01 

Panel B.) Income 

($) 

College (%) Broadband (%) Age White (%) 

Reservation $ 2,856.13 1.87 0.39 -0.21 0.64 

 (1339.03) (0.69) (0.34) (0.30) (0.79) 

Mean of Dependent 

Variable 

$ 73,951 45.8 89.0 39.9 87.5 

Trip Effects (Site by 

Start Date) 

Yes Yes Yes Yes Yes 

Observations 2023 2044 2044 2047 2047 

Adj. R-sq. 0.03 0.04 0.01 0.00 0.00 
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Table 2. Results showing the robustness to timing of lottery participation. The dependent 
variable is Median Household income by customer zip code. Under ``Lottery Period," day 10 to 
20 is an indicator equal to 1 if the entry occurs during the first 10 days entries are accepted. 
Under ``Proximity to Trip" Prox. Q2 refers to the second quartile of proximity of permit 
purchase to trip start in days. Prox. Q5 trips are nearest, purchased approximately 60 days before 
the trip start. Under ``John Day Frenzies" Late Frenzy is an indicator equal to one if the permit 
was reserved during the late period, May 1, 2021. Standard errors clustered at the site level 
 

Lottery Period  Proximity to Trip  John Day Frenzies  

Day 10 to 20 -

1,395.57 

Prox. Q2 -191.10 Late Frenzy -378.1 

 (488.72)  (600.99)  (1120.05) 

Day 20 to 30 -394.30 Prox. Q3 350.35   

 (646.97)  (682.87)   

Day 30 to 40 -503.27 Prox. Q4 234.60   

 (525.45)  (866.59)   

Day 40 to 50 -294.13 Prox. Q5 -1433.08   

 (501.50)  (1664.19)   

Day 50 though 61 -557.22     

 (444.92)     

Site by Day-of-Week 

Effects 

No  Yes  Yes 

Site by Week-of-Season 

Effects 

No  Yes  Yes 

Site by Start Date 

Effects 

Yes  No  No 

Observations 98099  98099  1294 

Adj. R-sq. 0.01  0.01  0.01 
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Table 3. Results showing the role of proxies for willingness to pay. The dependent variable is 
Median Household income by customer zip code. Under ``Page Views,'' page views count the 
number of times a page is accessed and thus captures page refresh activity. Under ``WTP 
Proxies'' travel distance is the distance in miles between the user's zip code and the river site. 
Number of entries is the number of river lottery entries during the 2020 season. Standard errors 
clustered at the site level 
 

Web Congestion and Willingness to 

Pay Proxies   

 Page Views  WTP Proxies 

Reservation System 1591.23  1399.4 

 (491.56)  (903.83) 

Reservation * Page Views 0.14  0.17 

 (0.05)  (0.03) 

Page Views -0.02  -0.03 

 (0.06)  (0.02) 

Travel Distance  6.98 

  (2.77) 

Number of Entries  384.36 

  (93.21) 

Site by Day-of-Week Effects Yes  Yes 

Site by Week-of-Season Effects Yes  Yes 

Site by Start Date Effects No  No 

Observations 4126  3006 

Adj. R-sq. 0.01  0.04 
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Table 4. Results showing the differential relationships between income and reservation success 
by timing of reservation on-sale in user's local time. The dependent variable is Median 
Household income by customer zip code. Standard errors clustered at the site level. Results are 
also robust to clustering at the start-date level and are available upon request 
 

 Weekend Sales 

Local Hours 

7am - 10am Hour 

Recreation.gov Hour  

8am 

    

Reservation System 3537.76   

 (1241.12)   

Reservation*Weekend -1091.83   

 (1173.78)   

Reservation*7 am Local Time  3433.93 3943.31 

  (2338.70) (3856.32) 

Reservation*8 am Local Time  3320.43 3152.13 

  (1409.00) (1258.34) 

Reservation*9 am Local Time  4094.42 10062.62 

  (2547.72) (15503.54) 

Reservation*10 am Local Time  -1020.12 -5049.88 

  (3388.67) (7810.39) 

Site by Day-of-Week Effects Yes Yes Yes 

Site by Week-of-Season Effects Yes Yes Yes 

Observations 4126 3937 3699 

Adj. R-sq. 0.01 0.01 0.01 
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Figure Captions 

Figure 1. (a) Lottery entries and online reservation activity for Green and Yampa River permits 

in Dinosaur National Monument (CO and UT). Lottery entries are accepted from December 1 

through January 31. Lottery winners must confirm their permits between February 16 and March 

1. The ``on-sale'' reservation period for unclaimed permits begins at 8am MST on March 6. (b) 

Web traffic on the Dinosaur National Monument Recreation.gov page and completed orders for 

lottery entries and on-sale reservations. (c) Median household income by zip code for Dinosaur 

National Monument users who were awarded permits by lottery and reservation on-sale buying 

frenzy. (d) Median household income by zip code for the U.S. (population weighted) and the full 

sample of users at all nine rivers who were awarded permits by lottery and reservation on-sale 

buying frenzy 

 

Figure 2. Measures of online congestion (a) increase during the Dinosaur National Monument 

reservation on-sale (buying frenzy) event. Page views (b), a proxy for web page refresh activity, 

are positively correlated with the mean income difference between users who obtain their permit 

via the online buying frenzy and the lottery 

 

Figure 3. Estimate trip values by recreational user income quartile (1-4) assuming (a) all trips are 

allocated using lotteries or (b) all trips are allocated using a reservation system. Zip code income 

quartiles are calculated from the population of lottery entrants. There are insufficient 

observations to estimate reservation success probabilities for Selway River trips 
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End Notes 

 
i Compared to new product launches or Black Friday sales, online “on-sale” events may exacerbate buying frenzies 
because online queuing is less costly than in-person queuing. 
ii The Taylor Swift New Eras tour buying frenzy led to high profile Congressional hearings (Treisman 2023). 
Similarly, Sony struggled to appease consumers two years after release of the Playstation 5 console when “Mostly, 
obtaining a PS5 required getting very lucky in an on-the-spot release of new supply” (Fernandez 2023). Many 
economists will also remember being unable to reserve a hotel room online for meetings of the American Economic 
Association. 
iii However, the results on computing technology are more mixed. In settings where school children were provided 
with laptop computers, computer skills increased (Malamud and Pop-Eleches 2011; Beuermann et al. 2015). 
However for the most part, these skills did not lead to better educational outcomes (Fairlie and Robinson 2013; 
Cristia et al. 2017). 
iv Recreation.gov currently lists over 100 different use permits. 
v Lottery winners are selected using a sophisticated randomization algorithm. According to Recreation.gov 
documentation “Each lottery is randomized by shuffling all the applications using the Fisher-Yates Shuffle, which 
produces an unbiased and random ordering of results. We also use a Cryptographically Secure Pseudo Random 
Number Generator (CSPRNG) to prevent any inadvertent bias in the lottery process. These random number 
generators are vetted to produce random numbers that cannot be predicted based upon past outputs, and they don’t 
allow anyone to predict future or past numbers generated.” (https://www.recreation.gov/lottery/how-they-work) 
vi Online Appendix Table A1 summarizes the relevant dates for 2020. Specific dates vary occasionally from year to 
year and are announced well in advance on Recreation.gov. On-sales begin at 8 am Mountain Time on the scheduled 
date. 
vii The two-part permit allocation scheme reallocates permits in a manner that allows sufficient trip planning. Late 
cancellations would likely go un-used since users would not have sufficient time to plan and organize a trip. 
viii Unfortunately, the characteristics of users who are awarded a permit through the lottery but choose not to accept 
are unobserved. While Table A2 in the Appendix suggests acceptance rates vary across rivers, comparisons of 
outcomes within-trip account for unobserved factors that may be correlated with both users and specific trips. 
ix For instance those with unusual scheduling flexibility or individuals using subscription services to monitor for 
cancellations. 
x For example, trips beginning on July 3, 2020 in Desolation Canyon where one permit was awarded by lottery and 
two were awarded during the frenzy would be included, but a trip in Desolation Canyon on July 4, 2020 where all 
three permits were awarded by lottery would be excluded. 
xi Practically speaking, this restriction reduces the sample of trips by about half. 
xii There are similar but somewhat smaller increases during 2019. 
xiii However, the potential mechanisms discussed in Section 4.3 likely also create horizontal equity effects worthy of 
future study with more suitable data. 
xiv Trip values vary substantially by river, week of season and start day-of-week each as shown in online Appendix 
Figure C1. 
xv Trip values for each site are normalized by the most-preferred option, i.e. 𝑈𝑈�(𝑥𝑥1) = 1. 
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