
Appendix A: Additional details on conceptual and empirical model

Lagrangian function and first-order conditions for conceptual model

Before constructing the Lagrangian function, we can simplify the problem by substituting the

vacation constraint into one of the leisure time period constraints and removing the vacation

day choice variable so that individuals are choosing only recreation and non-recreation days

in each period. The Lagrangian equation is then given by

L =
T∑
t=1

U(rt, `t, Qt, x) + λ

[
y −

∑
t

ctrt − x

]
+
∑
t

µt [Lt + vt − rt − `t]

We assume that the numeraire good and non-recreation leisure days have positive demand

and thus the constraints are always binding and the associated Lagrangian multipliers are

positive. The resulting Kuhn-Tucker first-order conditions are

∂L

∂rt
= Urt − λct − µt ≤ 0, rt ≥ 0, rt

∂L

∂rt
= 0, t = 1, ....T,

∂L

∂x
= Ux − λ = 0,

∂L

∂`t
= U`t − µt = 0, t = 1, ....T,

∂L

∂λ
= y −

∑
t

ptrt − x = 0,

∂L

∂µt
= Lt + vt − rt − `t = 0, t = 1, ....T − 1,

∂L

∂µT
= LT +H −

T−1∑
t

vt − rT − `T = 0.

From the second first-order condition we know Ux = λ. We can divide the first first-order

condition by λ to yield:

Urt
λ

≤ ct +
µt
λ
, t = 1, ....T,

rt

[
Urt
λ

− ct −
µt
λ

]
= 0, t = 1, ....T.

Substituting Ux for λ in the denominator when Urt is the numerator results in Equation (2).
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Derivation of estimating equations

Using the functional form for the ψ parameters described in the text and the α identifying

restriction (αt = α1 = α), the utility function specification in Equation (2) can be written

as

U(rt, Qt, x) =
T∑
t=1

γt
α

exp(β′Qt + εt)

[(
rt
γt

+ 1

)α
− 1

]
+

1

α
exp(ε1)x

α.

The partial derivative of the utility function with respect to a recreation trip and the nu-

meraire good is equal to

Urt =
γt
α

exp(β′Qt + εt)
α

γt

(
rt
γt

+ 1

)(α−1)

= exp(β′Qt + εt)

(
rt
γt

+ 1

)(α−1)

, and

Ux = λ =
1

α
exp(ε1)αx

(α−1) = exp(ε1)x
(α−1).

(A-1)

We can manipulate the KT conditions in Equation (1) to yield:

Urt ≤
(
ct +

µt
λ

)
λ, t = 1, ....T.

We substitute in the expressions for Urt and λ from Equation (A-1) and use the full virtual

price term pt, where pt = ct + µt/λ, to yield

exp(β′Qt + εt)

(
rt
γt

+ 1

)(α−1)

≤ (pt) exp(ε1)x
(α−1), t = 1, ....T.

Taking logarithms of both sides yield the estimating equations as

Vt + εt = V1 + ε1 if r∗t > 0

Vt + εt < V1 + ε1 if r∗t = 0, where

Vt = β′Qt + (α− 1) ln

(
rt
γt

+ 1

)
− ln (pt) , and

V1 = (α− 1) ln(x).

Bhat (2008) details how these equations are used in estimating the KT model.
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Appendix B: Online survey sample questions

Figure B1: Sample Contingent Behavior Question

3



Figure B2: Sample Willingness-to-Accept Time Valuation Question

Figure B3: Sample Leisure Time Trade-off Question
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Appendix C: Travel cost calculations

In this appendix, we describe the approach to calculating the travel costs of a headboat fishing

trip in the GOM. The cost of traveling to each port is calculated using both non-monetary

opportunity costs of time represented as µt/λ in the conceptual model and monetary cost

information represented as ct. We first describe the procedure to estimate the VOT using the

income-based and individual-specific approaches and then outline the approach to calculating

the monetary costs.

Income-based Value of Time Approach

For the income-based VOT measure, we follow the conventions in the literature and convert

self-reported annual income to an hourly wage metric. To estimate the hourly wages per

individual, we divide income by the annual hours worked per individual.1 As part of the

survey, respondents reported their average weekly hours spent working and we multiply this

number by the number of working weeks per year to derive annual number of hours worked.2

We assumed a total of 51 working weeks (2,040 hours per year with 40 hrs per week) as

this is the most common assumption on annual hours in the literature (Parsons, 2003). For

non-workers (retired and unemployed), the wage rate is assumed to be equal to zero. To

derive VOT1/3wage, we divide the imputed hourly wage by 3.

Individual-Specific Value of Time Approach

The individual-specific VOT approach consists of three steps. First, we estimate the VOTISS

for the three summer months (June, July, August). Second, we derive the relative values

of leisure time for the other two time periods (Winter and Fall). Third, we use the relative

value of leisure time estimates to weigh the VOTISS estimates from the first step to yield

three VOTISS estimates per person: Winter, June/Summer, and Fall.

Step 1: Estimate VOT in the three summer months (June, July and August)

The VOTISS in the three summer months (June, July and August) is estimated using re-

1Of the 823 respondents who completed the survey, 52 (6%) did not answer the income question. Missing
data on socio-demographic information is imputed using the multiple imputation using chained equations
(MICE) technique and all the other socio-demographic data.

2We bound the annual number of hours using a lower bound of 300 and an upper bound of 4,000 and
setting individuals hours worked equal to these bounds if they report hours worked below or above them. A
total of 9 people reported annual hours worked outside these bounds.
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sponses to the time valuation questions.3 There are two WTA question formats included in

the survey: a focus group context (presented in Figure B2 of Appendix B) and a short-term

work contract setting where respondents were asked to work for a company sorting paper

files alphabetically. To assess whether the respondents understood the WTA question, all re-

sponses were checked to examine whether the probability of accepting the payment amounts

increased as the payment levels increased. Of the 823 respondents, 23 respondents made

errors in the focus group question, 10 made errors in the work contract question, and 2

made errors in both questions.4 These responses are excluded from the analysis. The poly-

chotomous responses for each payment level are converted into a binary variable using the

‘Probably Yes (75%)’ as the lower bound cut-off for a ‘yes’ response. This procedure yields

a total of 4,903 choices from 789 individuals for analysis.

A random parameters logit model is specified to accommodate observed and unobserved

heterogeneity and to derive individual-specific VOT estimates (Hensher et al., 2015). The

payment amount is included as a fixed parameter and two random parameters are included:

a constant for giving up the 8 hours and a dummy variable for the work contract question. To

illustrate the random parameters model, we assume that individual q faces a choice among

J alternatives in each of M choice situations. Thus, individual’s q utility associated with

each alternative j in each choice situation m can be represented as:

Ujmq = βppjm + β′qxjm + εjmq

where pjm is the payment amount associated with alternative j in choice situation m, βp

is a fixed coefficient to be estimated, xjm is a vector of attributes of the alternatives, βq is

a vector of random parameters that are assumed to vary across individuals, and εjmq is an

independent and identically distributed (IID) extreme value type 1 error term.

Observed individual heterogeneity is introduced into the utility function through βq. In our

specification, socio-demographic characteristics are incorporated as affecting the means of

3Although a willingness-to-pay (WTP) format time-money trade-off question was asked of working re-
spondents where they had the opportunity to buy time off from their employers, in this study we focus on the
WTA questions because these contexts better reflect the fact that individuals are giving up their leisure time
to participate in recreational fishing and the WTP questions were not asked of non-working respondents.

4To assess possible ordering effects of the specific time questions as well as whether the time questions
are asked to respondents before or after the fishing behavior questions, ordering effect dummies are included
in the model. In both cases, the ordering effects dummy variable is insignificant.
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the two random parameters, and thus we write

βq = β + ∆Zq + ηq

where Zq are the socio-demographic characteristics, ∆ is a matrix of coefficients to be es-

timated, and ηq is an individual-specific random component. Specific socio-demographic

characteristics included in the model are employment status (working full or part-time, self-

employed, or not working), a dummy variable whether the respondent is male, education

level (some college or less, a bachelor’s/associate’s degree, or a graduate degree), a dummy

variable if the respondent’s household income is above $100,000, household size, a dummy

variable whether the respondent has children, and the age index variable.

We tested several different potential distributions for the random parameters but ultimately

settled on the scaled beta distribution because it restricts the coefficients to be positive (i.e.

avoids negative individual WTA estimates), avoids the issue with unrestricted distributions

such as log-normal of giving implausible results for some share of the population, and yields

a smoother distribution compared to the triangle or uniform distributions (Hensher et al.,

2015).5 Table C-1 presents the results for the time valuation random parameters logit model.

The payment amount has the expected positive impact on the likelihood of giving up the

8 hours of time. The presence of observed heterogeneity is illustrated by the significance of

many of the socio-demographic characteristic coefficients. The coefficients for the random

parameters themselves are more complicated to interpret because of the multiple socio-

demographic interaction terms.6

Using the random parameters logit model estimates, the VOT can be calculated as the ratio

of the expected value of βq divided by βp. To derive individual-specific estimates of the VOT,

we utilize additional information about the choices each individual makes as well as socio-

demographic characteristics to compute conditional distributions for each individual. The

VOTISS estimates are calculated as the mean of these conditional distributions.7 We use the

focus group VOTISS estimates which are slightly lower than the work contract estimates. The

VOTISS estimates for each individual are converted to an hourly basis. For respondents with

missing VOT estimates either because of a misunderstanding error or they did not complete

5The specific form of the scaled beta distribution is βq = βνq, νq ∼ beta(3, 3).
6The constant and work contract were multiplied by -1 before estimation to ensure the coefficient is

negative (Hensher et al., 2015).
7Details on the specific steps to compute individual-specific estimates from random parameters logit

models is presented in Hensher et al. (2015).
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Table C-1: Random Parameters Logit Model Estimates for Parameters of Value of Summer
Time

Variable Estimate

Nonrandom parameters
Payment amount ($00s)a 0.890***

(0.026)
Random parameters (Scaled beta distributionb)

Constantc -2.815***
(0.425)

Work contractc 1.693***
(0.612)

Heterogeneity in means of random parameters

Constant Work Contract
Work full- or part-time 1.888*** -2.757***

(0.153) (0.231)

Self-employed -0.393 -0.228
(0.254) (0.375)

Income >$100,000 -0.321** 0.053
(0.135) (0.204)

Male -0.236 -1.287***
(0.173) (0.259)

Bachelor degree -0.119 -0.049
(0.142) (0.209)

Graduate degree -1.843*** 0.123
(0.181) (0.280)

Ageindex -3.269*** -1.425***
(0.280) (0.408)

Household size -0.148** 0.459***
(0.067) (0.101)

Children 0.123 -0.726***
(0.188) (0.277)

Number of observations 4,903
Number of respondents 789
Log-likelihood -2,322.4

Notes: Standard errors in parentheses. ***, **, * are significance at 1%, 5%, 10% level.
a Payment amount was rescaled to hundreds of dollars for computational reasons.
b The scaled beta distribution is represented as βq = βνq, νq ∼ beta(3, 3).
c Variable was multiplied by -1 prior to estimation to ensure the coefficient is negative, and

the parameter estimates in the table have been multiplied by -1 again for interpretability.
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the questions, values are calculated by multiple imputation using chained equations (MICE)

technique and the same set of socio-demographic variables.

Step 2: Estimate Marginal Rates of Substitution for Leisure Days

The VOTISS estimates from the previous section are for the three summer months. For

the other time periods of the year, we need to scale the VOT in the summer months by the

relative value of leisure days in the other two time periods. The relative value is calculated as

the marginal rates of substitution (MRS) for leisure days and represents how many summer

days an individual would be willing to give up to obtain one fall or winter day. For all MRS

calculations, summer months are represented as the ‘numeraire’ and thus we calculate two

metrics: the MRS of fall days for summer days (MRSf,s) and the MRS of winter days for

summer days (MRSw,s). As an illustration, a MRSf,s estimate of 0.5 would suggest that a

respondent is willing to give up 2 fall leisure days to obtain one summer leisure day.

We use the responses to the leisure day trade-off questions presented in Figure B3 of Ap-

pendix B to calculate the MRS of leisure days. Because a significant proportion of respon-

dents (360 out of 823 respondents) chose the option with no changes in their leisure days

(Option C) as their most preferred for both leisure trade-off questions, we decided to treat

these respondents separately. For these respondents, we know that MRSf,s and MRSw,s are

bounded from above by one divided by the maximum number of fall and winter leisure days

that the respondent could have gained by giving up one summer day. For these cases, we set

the MRS to be equal to this upper bound to yield a more conservative estimate of the MRS

(i.e. an MRS closer to one). For example, if a respondent chose the status quo option but

could have gained 3 fall days or 2 winter days for giving up one summer day, then MRSf,s

is calculated to be 0.33 and MRSw,s is calculated to be 0.5.

For the rest of respondents, we estimate a random parameters logit model and derive

individual-specific estimates of MRS conditional on their choices and individual characteris-

tics using the same approach as described in the Step 2.8 Both the number of fall and winter

days are included as random parameters, but summer days, as our numeraire, is included

as a fixed parameter. The same set of individual characteristics as the VOT models are

8Because the leisure trade-off questions asked for both the respondents most and least preferred option
amongst the three presented, we include both types of responses by switching the sign of the attributes for
the least preferred options. Implicitly, this approach assumes a symmetry of preferences between most/least
preferred. Estimating separate models for the most and least preferred choice subsamples results in similar
estimates of the MRS.
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Table C-2: Random Parameters Logit Model Estimates for Parameters of Marginal Rates of
Substitution of Leisure

Variable Estimate

Nonrandom parameters
Summer 1.365***

(0.136)
Random parameters (Scaled beta distributiona)

Fall 1.101***
(0.249)

Winter 3.119***
(0.253)

Heterogeneity in means of random parameters

Fall Winter
Work full- or part-time 0.867*** -0.709***

(0.128) (0.131)

Self-employed 0.931*** -0.504***
(0.152) (0.152)

Fixed hourly schedule -0.647*** -0.448***
(0.095) (0.094)

Prefer to work less 0.161* 0.688***
(0.097) (0.097)

Prefer to work more 0.179 -0.382***
(0.122) (0.112)

Income >$100,000 -0.031 0.002
(0.079) (0.079)

Male 0.490*** 0.411***
(0.094) (0.097)

Bachelor degree 0.002 0.509***
(0.078) (0.079)

Graduate degree 0.425*** 0.013
(0.110) (0.106)

Ageindex 0.588*** -0.532***
(0.163) (0.165)

Household size -0.110*** -0.116***
(0.037) (0.036)

Children 0.078 0.140
(0.095) (0.096)

Number of observations 1,842
Number of respondents 463
Log-likelihood -1,822.3

Notes: Standard errors in parentheses. ***, **, * are significance at 1%, 5%, 10% level.
a The scaled beta distribution is represented as βq = βνq, νq ∼ beta(3, 3).
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included in the model as well as three additional time flexibility variables: Fixed hourly

schedule is a dummy variable for respondents who are not free to set work schedule, Prefer

to work less is a dummy variable for respondents who stated they would prefer to work less,

and Prefer to work more is a dummy variable for respondents who stated they would prefer

to work more. Socio-demographic characteristics are included as affecting the means of fall

and winter days, but not summer days. We considered several different distribution forms

for the random parameters and ultimately settled on the scaled beta distribution for reasons

discussed in Step 2. Table C-2 presents the results for the MRS model.

Step 3: Derive Value of Time Estimates for Fall and Winter

As a final step to yield the VOTISS in the other time periods, we multiply the VOTISS in

summer derived in the Step 1 by MRSf,s and MRSw,s derived in Step 2 to calculate the

VOTISS in fall and winter.9

Travel Costs

We combine the VOT estimates derived using the two approaches in the previous sections

with the monetary costs of traveling to each port and the fees to take a headboat fishing

trip. The monetary travel costs are calculated generally following the approach described in

the Deep Water Horizon Recreation Assessment Study’s (DHW study) technical memoranda

documents (Industrial Economics, 2015; Leggett, 2015). We consider that individuals can

either fly or drive to each port and travel costs are calculated as a weighted average of these

costs where the weights are the probabilities of choosing each mode of travel. Formally, the

cost CTC
iojt to individual i incurred from traveling from origin o to port j in time period t is

represented as

CTC
iojt = πiojC

Fly
iojt + (1 − πioj)C

Drive
iojt

where πioj represents the probability that individual i will choose to fly when traveling from

origin o to port j. Origin locations are assigned by geocoding the zip code provided by

respondents in the survey. Time period t refers to one of the four seasonal time periods in

each of the two years.

The Costs of Driving

9Note that although we have four fishing time periods, we only have three VOTISS estimates per individual
as we assume that the VOTISS in June is equal to time in July and August.
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Driving costs are calculated using information on both monetary and non-monetary expenses.

Data on average per-mile fuel costs (ft) and average per-mile non-fuel vehicle operation costs

(nft) including tires, maintenance and depreciation is collected from the AAA (American

Automobile Association, 2015, 2016).10 One-way driving distances (in miles) and time (in

hours) between any given points a and b are estimated from Google Maps using the R package

ggmaps (Kahle and Wickham, 2013). The average cost of a night at a hotel (ht) is obtained

from the American Hotel and Lodging Association (American Hotel & Lodging Association,

2015). The number of nights is derived by dividing total driving time by 12 and rounding

down to the nearest integer. These monetary costs of driving are divided by the fishing party

size reported by each individual (ρi) in the survey. If the reported party size is greater than

5, then the costs are divided by 5 to reflect the capacity of a typical sedan.11 Thus, the

one-way driving costs is calculated as,

Cit(a, b) = [(ft + nft) ∗ distance(a, b) + ht ∗ nights(a, b)] /ρi + V OTit ∗ time(a, b),

where V OTit is the value of leisure time for individual i in time period t. These one-way

costs are multiplied by two to derive the round-trip cost to each individual.

CDrive
iojt = 2 ∗ Cit(originio, portj)

The Costs of Flying

To calculate the costs of flying, we first identify several possible flying routes for each in-

dividual and then choose the flying route with the least cost. Specifically, the four closest

origin airports m to each individuals’ residences are identified along with the four closest

destination airports n to each visited port, for a total of 16 potential flying routes for each

individual to each port.12 The costs of flying is then estimated to be the minimum cost route

10Costs are obtained for an average sedan and depreciation costs are calculated using 5,000 mile deviations
(higher and lower) from the 15,000-mile annual depreciation scenario reported by the AAA following the
DWH approach. Specifically, the AAA estimates that in 2014 depreciation costs for the average sedan are
$252 less if the car is driven 5,000 miles less than the 15,000-mile scenario and $204 more if the car is driven
an additional 5,000 miles. The average per-mile depreciation costs is 0.0511((252/5,000) + ($204/5,000))/2).

11If the party size information was missing, then the median party size of 3 is used in its place.
12We only consider airports that have annual enplanements of over 100,000 (Industrial Economics, 2015).

Enplanement data is obtained from the Federal Aviation Administration (FAA) Calendar Year 2014 Pas-
senger Boarding and All-Cargo Data lists.
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amongst these possible pairs:

CFly
iojt = minm,n

{
CFly
iojtmn

}
The costs of flying can be divided into five parts: the costs of driving from the origin location

o to the origin airport m, the costs of parking at the origin airport, the flight costs from the

origin airport to destination airport n near the port j, the cost of renting a car, and the cost

of driving from destination airport to the port (Leggett, 2015). These different components

are represented using the following expression:

CFly
iojtmn = 2 ∗ Cit(originio, airportiom) + CParking

mt + CFlight
itmn + CRental

t + 2 ∗ Cit(airportjn, portj)

Both driving portions of the costs are calculated using the same methodology as the cost of

driving directly to the port as described previously. Average parking costs for large/medium

and small airports are based on data used in the DHW study. The number of parking

days is calculated using the number of total nights away reported by respondents and all

parking costs are weighted by the reported party sizes. Average rental car costs are based on

data reported by the American Hotel and Lodging Association (American Hotel & Lodging

Association, 2015).

Total round-trip flying costs from origin airport n to destination airport m is calculated as

CFlight
itmn = V OTit(time

airport + timeflighttmn + timelayovertmn ) + pricetickettmn

where V OTit is the value of time, timeairport is the time spent at the origin and destina-

tion airports before and after the flights and is assumed to be 4 hours for each round-trip,

timeflighttmn is the flight time between airports, timelayovertmn is the time spent during any layovers,

if any, and pricetickettmn is the round-trip ticket price.

These last three terms are based on data from the Airline Origin and Destination Survey

(DB1B) conducted by the Office of Airline Information of the Bureau of Transportation

Statistics. The DB1B dataset represents a 10% sample of airline tickets from reporting

carriers in the United States every year. The DB1B consists of three different data tables

(ticket, market, and coupon) that can be joined by an Itinerary ID variable. The ticket

data table is the most aggregated and includes information on ticket fare costs and the

origin of the flight but does not include destination. It represents each purchased ticket by
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one observation (either one-way or round-trip). The destination information is found in the

market data table which includes one observation per direction of travel (i.e. one observation

for a one-way ticket and two observations for a round-trip ticket). The coupon data table

includes one observation per flight of the journey and has information on estimated and

actual flight time per leg as well as the number of layovers. We obtain data for each quarter

of 2014 and 2015.

For each origin-destination airport pair, the average number of layovers and flight time are

obtained from the coupon database for each quarter of 2014 and 2015. Some flight routes had

missing time data for certain time periods. In these cases, a regression model is estimated

using distance (in miles) and number of layovers as explanatory variables to predict the ex-

pected flight times for a small subset of routes. For each layover, 60 additional minutes are

added to the total flight time based on data from Sabre Airline Solutions (Industrial Eco-

nomics, 2015). The ticket fares are taken from the ticket data table and the 30th percentile

fare is used as the expected flight costs (Industrial Economics, 2015). Finally, the average

flight times and costs for each quarter are converted to our four seasons.

Probability of Flying

The probability of flying is modeled as a function of distance using data on actual mode

choices from the 2009 National Household Travel Survey (NHTS). The NHTS survey collects

information on mode of transportation and distance for a nationally representative sample

of travel behavior. After excluding trips that are less than 250 miles, we are left with 2,393

trip decisions that are used in a logit model of the decision to fly or drive based on miles

and miles squared. The estimated intercept and distance parameters are used to predict the

probability of flying for respondents in our data. Following DHW study, we assign a zero

probability of flying to all respondents who reside less than 250 miles away from the port

and to respondents who live less than 500 miles away and have income less than $70,000

per year or more than 2 household members. Figure C1 shows the predicted probability of

flying for respondents in our data based on their distance to the port.

Multiple Ports

The vast majority of respondents only visited one port. Respondents visiting more than one

port, the different ports are usually close by. For individuals that traveled to more than one

port, we average the travel costs over visited ports to derive an average cost of a trip to the
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Figure C1: Predicted Probability of Flying for Individuals as a Function of Distance

Gulf of Mexico.

Second Homes

For respondents reporting a second home in the region, we also calculate the expected travel

costs from their second home to each visited port. A total of 53 respondents reported second

homes in the region with valid zip codes. We used the travel costs from the second home if

these expected costs are lower than the travel costs estimated from the main residence.

Total Costs of a Fishing Trip

In addition to the costs of traveling to the port, headboat fishermen also pay a trip fee to go

fishing. Thus, the total costs of a headboat fishing trip for individual i is comprised of the

costs of traveling from origin o to port j and the costs of a fishing trip of length l from port

j in time period t:

Cijtl = CTC
iojt + CFish

jtl

These fees typically depend on the specific port and the length of the fishing trip but may

also vary seasonally. For the contingent behavior data, we include the trip price as presented

to respondents in the survey. These trip costs ranged from $50 to $150 for partial day trips

and $80 to $250 for full day trips. For the revealed preference data, we collect information
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on the rates charged by headboat operators in 2014 and 2015 at each port from an online

survey of headboat operators. The average trip fees for headboat trips in each port ranged

from $50 to $130 for partial day trips to $80 to $250 for full day trips. For ports with missing

trip fee information, we used the closest port’s trip fee data in its place.

Travel Cost Summary

Figure C2 shows the relationship between the total costs per trip and distance for all indi-

viduals using the VOTISS estimates. As shown, travel costs have a nonlinear relationship

with distance due to the high fixed costs of flying.

Figure C2: Relationship between Total Travel Costs per Trip and Distance
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Appendix D: Value of Time Robustness Checks

To check the validity of the individual-specific approach to time valuation, we collect three

pieces of supporting evidence. We check our model specification, replicate the VOT com-

parison to the income-based measure in another context, and we investigate whether value

estimates from this approach reflect actual choices made in real contexts. First, we employ

alternative model specifications for the individual-specific approach to check the robustness

of our results. We examine using a latent class specification and alternative distributions for

random parameters instead of beta (including Weibull, triangle, normal, gamma, and expo-

nential). We also used the VOT associated with the work contract format question which

was generally higher than the focus group question. Finally, we used various subsets of the

socio-demographic characteristics. Across these different specifications, the VOT varies from

$21 to $35. More importantly, all model specifications produce VOT estimates that have a

similar low correlation with the income-based measure.

We use the data on road toll and driving time decisions to beaches in Italy in Fezzi et

al. (2014) to provide an alternative income-based VOT measure comparison using revealed

preference information. We estimate a random parameters logit model using a similar ap-

proach to the current study as outlined in Appendix C. We derive individual-specific VOT

estimates and compare these estimates to hourly wages derived from income reported in the

data. Figure D1 presents the same scatterplot as Figure 1 but using the data in Fezzi et

al. (2014). We find that the individual-specific VOT estimates are 50% to 70% of the wage,

which is similar to the magnitudes found in the current study. Furthermore, the correlation

coefficient between the two VOT measures is 0.11. Thus, the revealed VOT from a road toll

context also has a similar low correlation with the income-based approach.

A final check on our individual-specific approach is to assess whether the resulting VOT

estimates reflect real decisions involving money. In other work, we conduct laboratory ex-

periments using the same SPC format where respondents are asked to give up their time to

help in the library in exchange for monetary payments (Lloyd-Smith and Adamowicz, 2016).

These same individuals were then given the opportunity to make a real, binding monetary

offer for how much they would need to be paid to work in the library. We find that the

VOT estimates derived from the same time valuation choice questions are similar to the real

offers made by participants. Specifically, the average VOT estimate derived from the time

valuation questions is $17.35 (median $15.00) compared to an average real offer of $18.00
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(median $15.00).13 The overall correlation between the stated and real values is 0.62.

Figure D1: Relationship between Value of Time Estimates using Individual-Specific and
Income-Based Approaches in Fezzi et al. (2014)

13Additional information on the experiment and results is provided in Lloyd-Smith and Adamowicz (2016).
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Appendix E: Robustness Checks on Welfare Results

To decompose the role the different parameter estimates and VOT measures in the welfare

calculations, we simulate the welfare measures using Model 1’s parameter estimates and

VOT1/3wage measures and with Model 2’s parameter estimates and VOTISS measures. Table

C-1 summarizes the welfare measures using the various combinations of parameter estimates

and VOT measures.

Table C-1: Welfare Estimates

Parameter Estimates Model 1 Model 2 Model 1 Model 2
VOT Measure VOTISS VOT1/3wage VOT1/3wage VOTISS

Policy Scenario Mean welfare impacts (person/year)

Policy 1: Trip fee increase all year -$128 -$126 -$125 -$128
($25 partial/$50 full day) (1.07) (0.19) (0.18) (1.04)

Policy 2: Summer fishing closure -$501 -$298 -$301 -$494
(34) (23) (22) (35)

Policy 3: Fall fishing closure -$428 -$284 -$281 -$430
(16) (12) (11) (17)

Notes: Cluster bootstrap standard errors in parentheses.

Estimates are generated with 500 conditional error draws per individual.
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