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Abstract
In this paper, a travel cost model was applied to the case of firewood collection to assess how
the inclusion of household fixed effects and how assumptions regarding conditions in the
local labor market impacted resulting welfare estimates. To assess these impacts, a unique
household panel data set from Kagera, Tanzania was used. It was estimated that, under the
assumption of constrained labor markets, households in the Kagera region of Tanzania are
willing-to-pay, on average, $120 per year (2016 USD) for access to local forests. These esti-
mated figures were nearly 50 per cent higher when household fixed effects were excluded and
nearly 10 per cent higher under the assumption of perfect labor markets. In addition, these
results support previous research showing that, in many developing countries, households’
demand for firewood is inelastic and that households would be willing to spend a significant
amount of their resources on forest access.
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1. Introduction
Ecosystem services, and measuring the value of ecosystem services to local populations,
have become increasingly popular areas of research over the last two decades. In par-
ticular, a large body of research has focused on the ecosystem service value of forests,
especially in developing countries. This strong focus on forests is relevant for both eco-
nomic development and environmental conservation. From a development perspective,
the Food and Agriculture Organization (2017b) estimates that globally 2.4 billion peo-
ple rely on woodfuel to cook their food or to heat their homes and that over 700 million
women are engaged in some form of woodfuel collection. In Africa, over two-thirds of
all households rely on woodfuel as their main source of energy (Food and Agriculture
Organization of theUnitedNations, 2017b). From a conservation perspective, forests are
estimated to absorb the same amount of CO2 as oceans – or 30 per cent of global CO2
emissions (Bellassen and Luyssaert, 2014) – yet annually the world continues to lose
roughly 3 million hectares of forest (Food and Agriculture Organization of the United
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Nations, 2017a). The successful management of forests as a natural resource is signif-
icant from both a livelihood and a carbon emissions perspective. These management
efforts are especially important in Africa, which continues to have one of the highest
rates of deforestation globally and where a large segment of the population relies on
forest products for daily household needs.1

The oversized benefits of forests are recognized worldwide; as of 2015, Denmark, the
European Union, Japan, Luxembourg, Norway, and Spain have pledged nearly US$270
million to support the UN-REDD program (UN–REDD Programme, 2015). Efforts to
curb deforestation, however, must fully incorporate the non-market private livelihood
losses that could result from these programs. To that end, the World Bank Institute has
published an entire 262-page manual on estimating the opportunity costs of the United
Nations’ Reducing Emissions from Deforestation and Degradation (UN-REDD) pro-
gram (World Bank Institute, 2011). While measuring the opportunity costs of foregone
deforestation is relatively straightforward when both the deforestation activity and the
alternative activity take place in the marketplace, it is much more complex when one of
the activities takes place outside of the market.

Most notably, understanding the importance of forest access for the collection of
nontimber forest products is critically important in many developing countries, and
this activity often occurs outside of formal markets. Angelsen et al. (2014) found that,
across 24 developing countries, forest income from natural forests made up, on aver-
age, over one-fifth of total household income. To date, many studies that have focused
on understanding how changes in forest access or forest quality affect household liveli-
hood have estimated observable consumption- and labor-based household responses
(Dewees, 1989; Heltberg et al., 2000). Consumption-based measures have focused on
estimating household firewood consumption, measured through either firewood expen-
ditures or firewood collected, as a function of household, village, and environmental
characteristics (Chen et al., 2006), or in relation to household consumption of substi-
tutes such as coal and kerosene (Pitt, 1985; Gupta and Köhlin, 2006; Gundimeda and
Kohlin, 2008; Guta, 2014).2 Labor-based outcome measures have focused on the effects
of forest scarcity on who in the household collects firewood (men, women or children)
and firewood collection time relative to other household activities such as agriculture.
Most results indicate that scarcity measures (such as firewood price, firewood collection
trip time and firewood distance) are not correlated with increased total collection time
for specific household members (Amacher et al., 1993; Cooke, 1998; Cooke et al., 2000;
Amacher et al., 2004; Palmer and MacGregor, 2009).3

While these previous consumption- and labor-based studies are important, they do
not enable one to estimatewhat a householdwould bewilling to pay tomaintain access to
a forest resource. In other words, direct-use methods reveal behavioral responses but do
not reveal welfare estimates. In a review of 12 different studies on the value of nontimber

1Based on FAOSTAT data, the annual deforestation rate in Africa from 2012 to 2016 was roughly 0.5 per
cent per year, compared to a global rate of loss of 0.1 per cent. SouthAmerica, the continent with the second-
highest rate of deforestation, had a loss of only 0.2 per cent per year (Food and Agricultural Organization
of the United Nations, 2017a).

2For a more complete, albeit somewhat dated, review of studies on firewood consumption, see Hyde
et al. (2000).

3It is worth pointing out that four of the five studies cited here relied on less than 200 observations
(Amacher et al., 1993; Cooke, 1998; Cooke et al., 2000; Palmer and MacGregor, 2009) so their power to
detect a significant change was low. For a complete review of these studies, see Cooke et al. (2008).
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forest products, Ferraro et al. (2012) found that only two of the 12 studies cited pro-
vided welfare estimates. In the same review, the authors note that the existing ecosystem
service valuation studies generally rely on less rigorous valuation techniques; and, even
rigorous valuation studies generally rely on cross-sectional data, which means that even
these more rigorous estimates are prone to bias because of their inability to control for
unobserved household characteristics.

In this paper, a unique household panel data set from Kagera, Tanzaniawas used
to estimate a household’s willingness-to-pay (WTP) for forest access. Specifically, the
research focused on the use of forests for firewood collection and, like Pattanayak
et al. (2004), applied the travel cost model to the case of firewood collection. First and
foremost, this paper is amethodological paper. The primary goal was to understand how
methodological decisions affect the resulting welfare estimates, with the aim of provid-
ing insight into how existing welfare estimates are affected by the estimationmodel, data
used, or variable construction. In total, householdWTP estimates for forest access under
eight different estimation models were compared, and ten total models were estimated.
Below, the two most important comparisons made in this paper are described in more
detail.

First, household WTP estimates were compared under the assumption of perfect
labor markets and constrained labor markets. If household members cannot freely
choose how many hours they work outside of the home, then local wage rates do
not represent their true opportunity costs of time. This comparison extends the travel
cost model employed by Pattanayak et al. (2004) where local wage rates were used to
construct households’ travel costs. Instead, households’ shadow wages were derived
from estimates of a household profit function (Jacoby, 1993; Baland et al., 2010).
A household-specific travel cost index was then constructed that accounts for intra-
household differences in shadow wages and firewood collection participation levels.
WTP estimates were compared from this travel cost construction to a travel cost con-
struction using village-reported wage data to assess how labormarket assumptions affect
welfare estimates.

Second, householdWTP estimates were compared using a fixed-effects approach that
controls for unobserved household characteristics to household WTP estimates using a
cross-sectional approach. To the best of our knowledge, this paper is one of the first to
investigate how WTP estimates are affected by the inclusion of household fixed effects.
Given the relative scarcity of household panel data on firewood collection, it is important
to understand how existingWTP estimates may or may not be biased given their inabil-
ity to control for unobserved household characteristics. As alluded to above, previous
research on this topic has relied almost exclusively on cross-sectional data (Pattanayak
et al., 2004; Baland et al., 2010; Ferraro et al., 2012).

In addition to providing a methodological comparison, this paper provides another
data point on the potential magnitude of welfare estimates in relation to firewood col-
lection, particularly in Sub-Saharan Africa where there is a limited body of research on
the topic. Murphy et al. (2018) reviewed studies estimating fuelwood elasticity in devel-
oping countries and found that only two of the eight identified studies were done in
Sub-Saharan Africa, with the majority of studies taking place in South Asia. Going for-
ward, it is important to understand how forest access and welfare estimation may differ
across regions.

It was estimated that, under the initial assumption of constrained labor markets,
households in the Kagera region of Tanzania are willing-to-pay, on average $120 per
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year (2016 USD) for access to local forests.4 These WTP estimates were most sensitive
to the inclusion of household fixed effects. Household WTP was estimated to be nearly
50 per cent higher when household fixed effects are not included in the estimation.WTP
estimates were also sensitive to assumptions regarding the state of the local labor mar-
ket; WTP estimates under the assumption of perfect labor markets were over 10 per
cent higher than under the assumption of constrained labor markets. In contrast, WTP
estimates were far less sensitive to the estimation model.

This paper proceeds as follows. Section 2 presents the estimation strategy for this
analysis, focusing on the case of constrained labor markets. Section 3 describes the data
source used in this study, the Kagera Health and Development Survey. Section 4 begins
by presenting the estimation results for the case of perfect and constrained labormarkets.
It then presents the results of the eight additional estimation models and, when possi-
ble, compares the resulting WTP estimates across each of the estimated models. Finally,
concluding remarks are provided in section 5.

2. Estimation strategy
In this section, an approach is developed develop to estimate household demand for
firewood collection trips where household wages, earned from both marketed labor and
household agricultural production, are adjusted for constrained labor markets.

In traditional single-site travel cost demand models, household demand for an envi-
ronmental site is a function of the total number of trips taken to the site, household
consumption of other goods and household income. In this case, the single site travel
cost model was adapted to allow trips to the forest to be an input into a household fire-
wood production process, an approach similar to that of Pattanayak et al. (2004) and
Baland et al. (2010). However, in this paper, these earliermodels were extended by allow-
ing for multiple types of household workers, each with different preferences for leisure
and work, and by allowing for constrained labor markets.

In the simplest case, when labor markets are perfectly functioning, household mem-
bers are indifferent between hiring labor, providing labor at home and working in the
market. For village v at time t the estimation of individual of type i in household k’s
demand for local forests, y, is relatively straightforward, because the market wage for
individual i reflects their marginal productivity of labor:

y∗
ik = f (βi(wikvttikvt), βj(wjkvttjkvt),βθθkvt ,βδδvt , ηkv, εikvt), (1)

where wivkt reflects the market wage rate for individual i and tikvt reflects the time per
firewood collection trip for individual i.5 The vector θ captures time-variant household
characteristics, the vector δ captures time-variant village characteristics, the term ηkv
represents unobservable time-invariant household characteristics, and the term εikvt is
an independent and identically distributed error term.

As with other demand models, one expects the coefficient on βi to be negative: as the
cost of traveling to the forest increases for household member i, she should make fewer
trips. Conversely, one expects the coefficient on βj to be positive: as household member
j’s travel cost increases, household member i will make more trips.

4The correct welfare measure is compensating variation but this paper relies on the results in
Willig (1976) and uses WTP as a proxy for compensating variation.

5Note that the estimated equation has two distinct types of household members, i and j, but the equation
could easily be modified to include many more types.
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Equation (1) represents individual i in household k’s demand for firewood collection
trips. Household k’s WTP for forest access is derived from aggregating the individual
household members’ demand for firewood trips.6 This aggregate model is a function of
a single travel cost variable, wkvttkvt , created by using a price index that weights house-
hold members’ travel costs by the share of total household firewood collection trips each
member makes. Household WTP for forest access is measured as the area under this
demand curve (Bockstael et al., 1990).

If labor markets are not perfectly functioning, such as in the presence of transaction
costs that prevent household members from working outside the home, then household
production and consumption decisions are no longer separable (Jacoby, 1993). In this
case, the householdmember that cannot work outside the home, say type j, has a shadow
wage, ŵj, that is equivalent to the price of leisure. Empirically, constrained labor markets
means that both shadow wages and household profit are choice variables and endoge-
nous to the estimation process. Travel cost estimates from this case, however, better
reflect unobserved constraints in many local labor markets; the separability of house-
hold consumption and agricultural production has been rejected by a number of studies
(see Jacoby, 1993; Grimard, 1997; Le, 2010).

In the case of constrained labor markets, a two-step estimation approach is required.
First, household members’ shadow wages are estimated using a household profit func-
tion. Second, these estimated shadow wages are used as the wage variables in the travel
cost estimation depicted in equation (1).

2.1. Estimating shadowwages
Household-specific shadow wages were derived from their corresponding labor hour
coefficients in a household profit function (Jacoby, 1993; Baland et al., 2010). Household
profits are equal to the sum of profits from agriculture and non-farm self-employment
and are assumed to follow a Cobb-Douglas functional form:7

ln profitkvt = α0 + α1 ln landkvt + α2 ln livestockkvt
+ α3 ln hh educationkvt + α4 ln businesskvt

+ α5 ln variable inputskvt +
∑

j
φj ln j laborkvt + μkv + εkvt . (2)

Land, livestock, business and household education represent household k in village
v’s fixed assets at time t, measured as number of acres of land cultivation, value of
household-owned livestock, value of non-farm business assets and average years of edu-
cation for adults 15 years and older, respectively. Variable inputs include the total cost
of purchased inputs for crop production (e.g., land, seed, hired labor, fertilizer, pesti-
cide, transportation, and processing costs). The error term μkv denotes unobservable
time-invariant household characteristics that are correlated with household labor hours

6Individual demand for firewood collection can be aggregated to the household level as long as household
members’ observed wages and shadow wages are positively correlated. In this case, Lewbel’s generalization
of Hicks’ composite commodity theorem applies to household members’ firewood collection trips (Hicks,
1946; Lewbel, 1996).

7A log transformation was used on all outcome and explanatory variables in the shadow wage estimates.
All observations, except for adult male and adult female labor hours, were replaced with one if they are equal
to zero.
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and εkvt is a serially independent, identically distributed error term that is assumed to be
uncorrelated with all regressors.

While the Cobb-Douglas functional form is advantageous because of its intuitive
interpretation, it requires that the marginal rates of transformation between any two
household members be independent of all other inputs (Jacoby, 1993). This assumption
was relaxed and a translog profit function was estimated that included squared labor
terms and interaction terms between different household member’s labor hours. House-
hold fixed effects were included in both the Cobb-Douglas and translog estimations to
control for unobserved household managerial ability.

For the case of the Cobb-Douglas functional form, the estimated coefficient φj from
(2) is interpreted as the elasticity of household profit with respect to j’s labor. Thus, to
back out the shadow wage, the estimated coefficient, φj, was multiplied by the ratio of
household k’s profit to type j’s labor hours at time t.8

2.2. Estimating household demand for firewood collection trips
Finally, equation (1) was estimated using the Poisson count model, which accounts for
the discrete non-negative nature of firewood collection trip values. Again, household
fixed effects were included to control for unobserved household characteristics (Haab
and McConnell, 2002).9 The Poisson fixed effects model was preferred to its primary
alternativemodel, the negative binomial countmodel, because the Poissonmodel is con-
sistent under much weaker distributional assumptions (Cameron and Trivedi, 2005).
Consistency of the coefficient estimates with the Poisson model requires only that the
conditional mean, given by:

E[ykvt | xkvt , ηk] = ηk exp(β1 travel costkvt + β2 incomekvt
+ βp pricesvt + βh hh characteristicskvt

+ β3 bikekvt + β4 carkvt + β5 motorcyclekvt), (3)

be correctly specified.10 In the estimation, observed household expenditures were a
proxy indicator of household income, which has been shown to be strongly correlated
with household income and to suffer less from measurement error.11 In addition, the

8More specifically, for the case of the Cobb-Douglas production function, the shadow wage estimates
are equivalent to ŵj = φ̂j × ̂profit/Laj where φ̂j is the estimated coefficient on group j’s annual labor hours
variable.

9For a Poisson model with household fixed effects, the probability that household k in village v at time t
takes ykvt firewood collection trips is:

Pr[Y = ykvt | xkvt ,β , ηk] = exp(−ηkλkvt)(ηkλkvt)
ykvt

ykvt !
,

where λkvt = exp(x′
kvtβ + εkvt).

10This conditional mean requirement contrasts with the conditional mean requirement in the negative
binomial model:

E[ykvt | xkvt , ηk] = ηk exp(x′
kvtβ)

φkv
where φkv represents the overdispersion parameter. If the overdispersion parameter is misspecified, then
estimates from the fixed effects negative binomial model will be inconsistent (Cameron and Trivedi, 1998).

11Household expenditures include food expenditures, consumption of home production, non-food con-
sumption expenditure, remittances sent, and wage income in kind (Ainsworth, 2004). Household income
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prices vector includes the price of kerosene, price of charcoal and a food price index;
and the hh characteristics vector includes a dummy equal to one if the household head
is female, average years of education for adults 15 years and older, and the number of
household members with restricted activity. Finally, three ownership dummies were
included, indicating whether or not a household owned a bicycle, car or motorcycle.

Conditional maximum likelihood was used to obtain estimates of β (conditional
on household-specific totals, Tȳkv = ∑T

t=1 ykvt). Estimates for the perfect labor mar-
ket scenario are displayed with clustered standard errors at the village level to account
for heteroskedasticity in the error term. Estimates for the constrained labor market sce-
nario are displayed with block-bootstrapped standard errors where standard errors were
block-bootstrapped (500 replications) over both the first-stage shadow wage estimates
and the second-stage demand estimates.

The value of forest access to householdswasmeasured as the area of the demand curve
of households’ demand for trips to the forest, or the consumer surplus (i.e., willingness-
to-pay) for forest trips. In the case of equation (3), WTP per firewood collection trip was
calculated as −1/β̂1 (Yen and Adamowicz, 1993).

In addition to estimating mean WTP, the 95 per cent confidence interval for each
WTP estimate was also estimated. Estimating the confidence interval is important for
understanding the possible range of the average WTP. But, because the estimated WTP
is a function of the estimated coefficient forβ1, theWTP is also a randomvariable and the
resulting standard error is not directly observed from the regression estimates. In prac-
tice, the distribution of the estimated meanWTP is rarely reported. Rosenberger (2016)
recently reviewed 833 WTP estimates from 172 different papers using individual travel
cost models. Of these 833 WTP estimates, only five per cent had reported standard
errors and only 16 per cent had reported confidence intervals. Following Creel and
Loomis (1991) and Yen and Adamowicz (1993), a Monte Carlo simulation that relied
on the asymptotic normality of the coefficient estimates was used, under the assump-
tion that the estimation model is the true model. Fifty thousand draws were made from
the multivariate normal distribution with a mean vector given by the coefficient esti-
mates and a covariance matrix given by the estimated covariance matrix. The 95 per
cent confidence interval was then estimated as the 5th and 95th percentile values of the
WTP estimates from the 50,000 draws.With this Monte Carlo simulation, the estimated
confidence intervals are accurate even if the distribution of β̂1 is asymmetric.

3. Data
To illustrate the application of this model, data is used from the Kagera Health and
Development Survey (KHDS), a regionally representative longitudinal household survey
collected between 1991 and 1994 (TheWorld Bank, 1991–1994). This survey is advanta-
geous for a number of reasons. First and foremost, it is a longitudinal survey that contains
information on the amount of time each household member spent collecting firewood
across four consecutive years. Second, the survey contains a detailed firewood collection
trip question; it asks each household member about the firewood collection trips she or
he made over the last seven days. More recent longitudinal household surveys in Tan-
zania, such as the National Panel Survey (NPS) that was collected in 2008–2009, 2010,
2012–2013 and 2014–2015, collected information on firewood collection tripsmade only

data, especially data on household business income, may have a large amount of measurement error
(Deaton, 1997).
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over the previous day. This more limited question is likely to underestimate the amount
of time households spend collecting firewood as households that normally collect fire-
wood but that did not collect firewood the previous day are recorded with zeros. In the
2008–2009 NPS, for example, over 70 per cent of households reported firewood as a
major source of cooking fuel but only 42 per cent of these households reported making
a firewood collection trip the previous day. In contrast, in the fourth survey round of the
KHDS, over 95 per cent of households reported firewood as a major source of cooking
fuel and over 90 per cent of these households reported making firewood collection trips
in the previous week (see online appendix table A1).

The four survey rounds of the KHDS data used in this paper – despite being over
20 year old – remain one of the few surveys that provide detailed data on a household’s
firewood collection patterns over multiple years. For example, the subsequent rounds of
the KHDS survey, collected in 2004 and 2010, combined firewood and water collection
trips into a single question or omitted firewood collection trips altogether, respectively.
And, as noted above, the firewood collection survey question in the four rounds of the
NPS provided little variability in firewood collection trips across households. Thus, these
data sets either prohibit the use of the travel costmodel application altogether or prohibit
the inclusion of household fixed effects. In this paper, it is argued that both of these
components are necessary for more accurate estimates of household welfare related to
nontimber forest products.

The KHDS surveyed over 800 households in the Kagera Region of Tanzania four
times between September 1991 and January 1994.12 The Kagera region (40,838 km2) lies
in the northwest corner of Tanzania on the western shore of Lake Victoria and borders
Uganda, Rwanda and Burundi (see figure A1 in the online appendix). This study uses
an unbalanced panel with 3,375 observations (840 in round 1, 849 in round 2, 858 in
round 3, and 828 in round 4). The household attrition rate is low: between the 1991
and 1994 survey rounds the annual household attrition rate was 0.88 per cent and only
0.70 per cent after excluding deaths (Outes-Leon and Dercon, 2008, table 2: 4.). Survey
rounds were conducted six to seven months apart and households were surveyed from
50 different villages across all five districts of Kagera. The KHDS used a two-stage strat-
ified random sample; communities were stratified based on agroclimatic zone and adult
mortality rates. The KHDS questionnaires were adapted from the World Bank’s Living
Standard Measurement Study surveys, with questionnaires administered to households,
communities, local markets, local medical centers and local schools.

In the KHDS, all household members seven years and older were asked ‘How many
hours did you spend collecting firewood in the last seven days?’ Responses to this ques-
tion were used to construct a measure of the number of firewood collection trips made
by each individual in the last week and a measure of the average time per trip across
all household members. The number of weekly individual collection trips was approxi-
mated as the number of days that a household member reported a non-zero collection
time.13 An individual’s trip time was measured as the total number of hours that she or
he spent collecting firewood in the previous week divided by the number of trips she or
he made.

12A household was defined as ‘a person or group of persons who live in the same dwelling and eat together
for at least three of the twelve months preceding the date of the survey’ (Ainsworth, 2004).

13This trip frequency is accurate under the assumption that a householdmember is notmakingmore than
one firewood collection trip on any given day.
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The number of household firewood collection trips in the previous week is used
as a proxy variable for a household’s annual number of firewood collection trips. Less
than five per cent of households store firewood (see table A1, online appendix), mostly
because firewood collection is done by hand, so a significant amount of time would be
required for a household to build up a firewood stock. As expected, the median number
of weekly firewood collection trips varies little across the 12 months, providing evi-
dence that seasonality is not a major factor in household firewood collection decisions
(see figure A2 in the online appendix).

A household travel cost index was created by indexing adult male, adult female,
teenager and child travel costs. Adults were categorized as individuals 16 years or older,
teenagers were 12 to 15 years, and children were seven to 11 years. The travel cost index
for household k in village v at time t is:

(w̄tf )kvt =
∑

j =male, female,
teen, child

yjkvt∑
i =male, female,

teen, child
yikvt

(wjkvt × tfkvt). (4)

The weights used in this index vary across households and are potentially correlated
with unobservable household characteristics. This paper compares the resulting WTP
estimates of using a fixed-effects estimation strategy to remove bias resulting from the
correlation between a household’s indexed travel cost and time-invariant unobservable
household characteristics to WTP estimates when household fixed effects are excluded.

In the case of perfectly functioning labor markets, a household member’s observed
wage can be used to measure his or her opportunity cost of time. In this scenario, each
community leader was asked a survey question about how much an agricultural laborer
earns for a day’s work and this answer was used. This question was asked separately
for men, women and children.14 In the case of constrained labor markets, however, the
observed wage does not accurately measure a household member’s opportunity cost
of time. Instead, shadow wages were estimated as the marginal product of labor, as
proposed by Jacoby (1993) and discussed in section 2.

For the analysis in this paper, households that report any firewood sales in the last six
months (38 observations) were dropped. These households were assumed to use local
forests for commercial purposes and not for private non-market use. Assuming that
households selling firewood have a more inelastic own-price demand for firewood col-
lection trips, the exclusion of these observations would result in the estimated travel cost
coefficient being smaller in magnitude than if these observations were included. Second,
also dropped were households reporting zero household expenditures (one observa-
tion), households with negative reported income (37 observations) and households with
missing education information (three observations). Finally, in order to run the fixed-
effectsmodel, householdswere droppedwith only one observation across the four survey
rounds (40 observations) and households that reported no firewood collection trips
across all four survey rounds (99 observations). In total, 217 observations were dropped,
resulting in a final sample of 3,158 observations across the four survey rounds.

14Villages with missing reported wage data were given a wage equal to the sample mean for the relevant
survey round. In some survey rounds, as many as 35 of the 50 villages have missing child wages.
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4. Estimation results
In this section, estimation results are presented for firewood collection trips as a func-
tion of a household’s travel cost per firewood collection. First household demand for
firewood collection trips is estimated under the assumption of perfect labor markets and
constrained labor markets using household fixed effects to control for all time-invariant
unobserved household characteristics. Then, in the next sub-section, the sensitivity of
these results is compared to a variety of different estimation specifications and travel
cost constructions.

Table 1 displays summary statistics for the sample of interest. All prices andmonetary
variables are in real terms with round one as the base year; these variables are deflated
using a Laspeyre’s price index that is measured at the village level. Table 1 shows that,
on average, households made between six and seven firewood collection trips each week
across the four survey rounds; both adult females and adult males reported working, on
average, over 1,000 hours annually on a home business or agriculture; and households
typically had a little more than five members, had males as the household head, and had
an average household education per member 15 years and older of slightly less than five
years.

Household profit estimates are reported in table 2. Columns (1) and (2) report results
from the Cobb-Douglas profit function presented in equation (2). In column (1), both
male and female annual labor hours have a positive and significant effect on household
profit, teenage annual labor has a positive but insignificant effect on household profit,
and child annual labor has a negative and significant effect on household profit. AWald
Test fails to reject the null hypothesis that the elasticity of male and female labor hours
are equal in column (1) (p-value of 0.824), but anotherWald test rejects the null hypoth-
esis that the elasticity of teenage and child labor hours are equal at the five per cent level
(p-value of 0.034). Column (2) shows the results for the Cobb-Dougle profit function
with a single coefficient for adult labor hours. Annual adult labor hours has a positive
and significant effect on household profit in column (2) and teenage annual labor hours
and child annual labor hours have similar effects to those reported in column (1). Finally,
column (3) reports the results using a trans-log profit function. In the trans-log esti-
mation, squared terms were included for all fixed and variable assets, for adult annual
labor hours, and an interaction term for adult annual labor hours with child annual labor
hours and teenage annual labor hours. All annual labor hour coefficients are significant
in column (3).

The coefficient estimates on adult, teenage, and child labor hours are used to estimate
group-level shadow wages (the sample mean shadow wage estimates are reported at the
bottom of table 2). The translog profit function allows for more flexible labor decisions
across household members and offers the best predictive power of all three estimates,
as shown by the higher R2 value reported at the bottom of table 2. The translog profit
function may produce negative shadow wage estimates if there is surplus labor within
a household (Sen, 1966).15 However, only three observations were estimated to have
negative shadow wages for adults and 288 observations were estimated to have nega-
tive shadow wages for teenagers. For children, 830 observations were estimated to have
negative shadow wages, suggesting that households in the sample experienced surplus
labor with regard to children’s labor. In addition, nearly 3,000 observations reported

15Sen (1966) defines surplus labor as labor that can be removed from, in this case, agricultural production
without reducing household profits.
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Table 1. Sample summary statistics

Survey round

1 2 3 4 Total

Household profit (log)a 11.99 10.99 10.83 10.63 11.10
(1.34) (1.15) (1.06) (1.27) (1.31)

Household expenditure (log)a 12.51 11.63 11.58 11.52 11.80
(0.76) (0.79) (0.76) (0.76) (0.86)

Acres of cultivated land 3.95 3.90 3.96 4.35 4.04
(4.10) (3.86) (3.67) (6.81) (4.77)

Value of livestock (log)a 5.98 6.37 6.07 6.25 6.17
(4.56) (4.42) (4.49) (4.34) (4.45)

Value of variable inputs (log)a 9.21 8.37 7.72 7.26 8.13
(2.33) (1.88) (2.00) (2.52) (2.31)

Business assets (log)a 1.88 2.34 2.66 2.53 2.36
(3.72) (3.93) (3.93) (3.99) (3.90)

Adult male annual labor hours 1434.68 1118.35 1041.92 978.82 1141.41
(1985.60) (1420.44) (1222.49) (1149.93) (1486.24)

Adult female annual labor hours 1591.18 1194.89 1231.26 1154.14 1290.39
(1657.04) (1181.40) (1321.54) (1058.32) (1331.69)

Teenage annual labor hours 425.90 387.37 410.37 345.57 392.32
(820.26) (744.57) (731.32) (584.21) (725.40)

Child annual labor hours 149.01 169.05 207.90 172.45 174.92
(383.84) (426.67) (452.05) (410.73) (419.89)

Household firewood collection trips 7.22 6.33 5.83 6.41 6.44
(6.23) (5.84) (5.38) (5.41) (5.74)

Price of kerosenea 80.39 75.56 82.12 102.62 85.05
(15.83) (15.57) (17.38) (22.45) (20.74)

Price of charcoala 0.06 0.04 0.04 0.05 0.05
(0.01) (0.01) (0.01) (0.01) (0.01)

Food price indexa 0.20 0.17 0.14 0.11 0.16
(0.12) (0.12) (0.12) (0.12) (0.12)

Household size 5.96 5.78 5.77 5.71 5.80
(3.07) (3.00) (3.13) (3.24) (3.11)

Dummy if household head is female 0.26 0.27 0.28 0.27 0.27
(0.44) (0.44) (0.45) (0.44) (0.44)

Average household education (years) 4.36 4.46 4.49 4.48 4.45
(2.72) (2.80) (2.72) (2.97) (2.80)

Observations 767 810 805 776 3158

Note: Standard deviation in parentheses.
a Values normalized to 1991 Tanzanian shillings.

child-labor hours of zero. Thus, it was assumed that children are at a corner solution in
the labor market and, consequently, their wages were assigned to be one.

A household’s travel cost was then constructed under the two possible labor market
scenarios: perfect labor markets and constrained labor markets. Under the assumption
of perfect labor markets, the observed sample wage was used to construct a household’s

https://doi.org/10.1017/S1355770X19000354 Published online by Cambridge University Press

https://doi.org/10.1017/S1355770X19000354


Environment and Development Economics 255

Table 2. Household profit: ordinary least squares with fixed effects
Dependent variable: log of profit from self-employment (business and agriculture)

Cobb-Douglas Translog

(1) (2) (3)

Adult male annual labor hours (log) 0.018*
(0.009)

Adult female annual labor hours (log) 0.022**
(0.011)

Adult annual labor hours (log) 0.047*** −0.099*
(0.012) (0.049)

Teenage annual labor hours (log) 0.001 0.000 −0.058**
(0.009) (0.009) (0.025)

Child annual labor hours (log) −0.027*** −0.027*** 0.055**
(0.008) (0.008) (0.027)

Adult labor2 (log) 0.017***
(0.006)

Adult labor× Child labor −0.010***
(0.004)

Adult labor× Teenage labor 0.008**
(0.004)

Observations 3,158 3,158 3,158

R2 within 0.180 0.182 0.261

p-value for Wald test α̂f = α̂m 0.824

p-value for Wald test α̂c = α̂t 0.034 0.038

Adult male shadow wagea 3.022

Adult female shadow wagea 3.024

Adult shadow wagea 3.938 10.351

Teenage shadow wagea 0.398 0.092 3.230

Note: ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01. Standard errors clustered at the village level (in parentheses).
Note: All estimates include additional household- and village-level controls (coefficients not reported): land areas, value
of livestock, value of business assets, value of variable inputs, and a dummy for interviewmonth. The trans-log regression
includes squared terms for land area, value of livestock, value of business assets, and value of variable inputs as well. A
one is added to reported zeros for all explanatory variables.
aShadow wages are calculated as ŵj = ∂E[ln profit]/∂ ln Laj × ̂profit/Laj for j=m,f,t. Sample means reported over house-
holds that have an estimated shadow wage that is positive and non-zero labor hours. Child shadow wages are omitted
because they are estimated to be negative in columns (1) and (2) and only 31 households have positive child shadow
wages in column (3).

travel cost and, under the assumption of constrained labor markets, a household’s esti-
mated shadow wage, as reported in column (3) of table 2, was used to construct the
household’s travel cost. Table 3 reports the summary statistics for community wage
rates (sample wage), shadow wages, and all other variables used in the construction of
the indexed household-level travel cost. The weight variables indicate that adults make
the largest proportion of firewood collection trips.16 Finally, travel cost estimates differ

16Adult males make the largest proportion of firewood collection trips in rounds one and two, while there
is no significant difference in the proportion of trips made by adult males and adult females in rounds three
and four.
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Table 3. Travel cost summary statistics using reported and estimated wages

Survey round

1 2 3 4 Total

Adult male weight 0.36 0.37 0.33 0.31 0.34
(0.42) (0.42) (0.41) (0.40) (0.41)

Adult female weight 0.29 0.28 0.28 0.29 0.29
(0.38) (0.38) (0.39) (0.39) (0.38)

Child weight 0.10 0.11 0.13 0.12 0.11
(0.22) (0.22) (0.24) (0.25) (0.23)

Teenage weight 0.21 0.21 0.21 0.22 0.21
(0.31) (0.31) (0.31) (0.32) (0.31)

Travel time (hours) 1.75 1.59 1.47 1.37 1.55
(1.17) (1.13) (0.95) (0.96) (1.06)

Observations (collecting households) 726 742 725 689 2882

Adult shadow wagea 15.75 10.40 10.56 8.23 11.21
(12.60) (9.73) (8.68) (6.95) (10.07)

Adult sample wageb 17.93 20.20 22.27 23.20 20.91
(5.77) (6.62) (8.34) (8.43) (7.65)

Teenage shadow wagea 7.71 3.67 3.79 2.97 4.51
(7.40) (4.19) (4.46) (3.74) (5.45)

Teenage sample wageb 13.63 19.35 15.20 21.13 17.34
(3.81) (5.30) (4.77) (9.20) (6.81)

Travel cost (shadow wage)c 20.50 12.11 10.56 8.29 12.81
(27.80) (16.67) (13.20) (11.72) (18.91)

Travel cost (sample wage)c 27.22 32.13 28.72 32.60 30.19
(22.49) (28.78) (26.49) (37.22) (29.31)

Observations (all households) 767 810 805 776 3158

Note: Standard deviation in parentheses. Values normalized with round 1 as base prices.
aThree adjustments are made for the full-sample estimation of shadowwages: (i) to reduce the effect of outliers, a house-
hold’s estimated shadow wages for adults and teenagers are capped at the 99th percentile for that respective variable
across all survey rounds (29 adult shadowwages and 14 teenage shadowwages); (ii) households with zero reported adult
or teen labor hours in a given round are assigned their village maximum shadow wage for that round (192 adult shadow
wages and 1,653 teenage shadow wages); (iii) households with negative estimated adult or teen shadow wages in a given
round are assigned their village minimum (non-negative) shadow wage for that round (3 adult shadow wages and 288
teenage shadow wages).
bVillages with missing reported wage data are given a wage equal to the sample mean for the relevant survey round.
cHouseholds with no firewood collection trips in a given round are assigned their village maximum travel cost for that
round (276 observations).

depending on the method of wage measurement used; estimates based on the sample
average wage are, on average, higher than travel cost estimates based on the shadow
wage.

In the construction of a household’s travel cost, four adjustments were made to the
estimated values. First, the impact of outliers was removed by capping a household’s esti-
mated adult or teenage shadow wage at the 99th percentile of estimated adult or teenage
shadow wages, respectively, across all four survey rounds. This adjustment will tend to
reduce the magnitude of the estimated travel cost coefficient. Second, households where
adults or teenagers do not participate in agriculture or a home-business (e.g., households
that report zero adult or teenage home labor hours) are assigned shadow wages for that
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group equal to the maximum village shadow wage for a given survey round. This impu-
tation follows the approach taken by Murphy et al. (2018) and assumes that households
that do not participate in a given activity do not participate because their cost of partic-
ipation (e.g., foregone wages) exceeds the benefits of participation (e.g., shadow wages).
Third, households with estimated negative adult or teenage shadow wages are assigned
the village minimum non-zero adult or teenage shadow wages, respectively, for a given
survey round. Lastly, households that do not participate in firewood collection in a given
survey round are assigned their village maximum travel cost for that survey round.

These estimated travel costs were used to estimate the travel cost model presented
in equation (3). Travel cost estimates are presented in table 4. The travel cost, house-
hold size, and household expenditure coefficients are significant in both regressions.
Most notably, the sign on travel cost is negative, indicating that households in Kagera
behave rationally in deciding how many firewood collection trips to make; an increase
in household travel costs reduces the number of weekly firewood collection trips made
by a household. Additionally, the coefficient on household expenditures is positive, indi-
cating a positive firewood income elasticity. The coefficients on price of kerosene, price
of charcoal and the food price index are insignificant in both regressions, indicating that
households may not have a substitute for firewood.

Coefficient estimates can be interpreted as semi-elasticities. From the estimates in
column (1), holding all else constant, a one-hour increase in travel time corresponds to,
on average, a 21 per cent decrease in theweekly number of household firewood collection
trips over the previous week. In column (2), a one-hour increase in travel time, holding
all else constant, corresponds to, on average, a 23 per cent decrease in the weekly num-
ber of household firewood collection trips over the previous week. The Poisson fixed
effects model does not allow for the estimation of the marginal effects of travel cost on
weekly household firewood collection trips because themarginal effects of travel cost are
a function of the unobserved household characteristics, ηkv.17

4.1. Sensitivity analysis
This sub-section looks at the sensitivity of the results to a change in the estimation spec-
ification, a change in the construction of a household’s travel cost, and a change in the
estimation sample. The aim of these sensitivity tests is to evaluate the effects of con-
trolling for unobserved household characteristics, the effects of different constructions
of households’ travel costs, and the effects of different distributional assumptions on
the estimated travel cost coefficient and corresponding WTP. The results of all of these
additional estimations are shown in table 5.

First, the fixed effects travel cost model in column (2) of table 4 was estimated exclud-
ing household fixed effects. With these results, it is possible to evaluate the degree of bias
that may occur when unobserved household characteristics are not controlled for within
the estimation. The cross-sectional estimates include additional controls for whether a
household lives in an urban area, survey round fixed effects and village fixed effects.

17For example, the marginal effects for travel costs, (w̄tf )kvt , are given by:

ME(w̄tf )kvt = ∂E[ykvt]
∂(w̄tf )kvt

= ηkv exp(xkvtβ)β1

and ηkv is unobservable.
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Table 4. Household travel cost estimates: Poisson fixed effects
Dependent variable: weekly household fire collection trips

Perfect labor markets Constrained labor markets
(1) (2)

Travel cost (sample wage) −0.021***
(0.001)

Travel cost (shadow wage) −0.023***
(0.008)

Household expenditure (log) 0.124*** 0.176***
(0.036) (0.040)

Price of kerosene 0.006 0.005
(0.005) (0.005)

Price of charcoal −2.998*** −0.435***
(6.129) (6.821)

Food price index 1.597 2.513
(2.018) (2.237)

Household size 0.071*** 0.066***
(0.014) (0.014)

Household head (=1 if female) −0.118 −0.125
(0.114) (0.135)

Average household education 0.012 −0.000
(0.010) (0.011)

Household members with restricted activity −0.005 −0.011
(0.018) (0.022)

Dummy if household owns bicycle −0.082 −0.057
(0.053) (0.062)

Dummy if household owns car −0.154 −0.325
(0.330) (0.693)

Dummy if household owns motorcycle 0.830*** 1.005
(0.272) (2.165)

Observations 3158 3158

Note: ∗∗∗p < 0.01. Cluster robust standard errors in parentheses for the perfect labor market scenario. For constrained
labor markets, standard errors are block-bootstrapped over both the first stage (household profit function) and second
stage (travel cost) and are shown in parentheses.

Column (1) of table 5 lists the results from this estimation. When unobserved house-
hold characteristics are excluded from the analysis, the estimated coefficient on travel
cost decreases in magnitude and the estimated coefficient on household expenditures
decreases, although both remain significant at the one per cent level.

Next, two alternative estimates of a household’s travel cost were constructed. First,
demand for firewood collection trips was estimated under corner labormarket solutions,
where total household demand is not a function of any wage rate.18 Estimates from the
case of corner labor markets are straightforward, do not rely on any wage construction
and travel cost coefficients are easily interpreted in terms of firewood collection travel

18At a corner solution household member j= 1,2 cannot work additional hours in the labor market for
wage wj and there are little or no productivity gains from working at home, i.e., ŵj ≈ 0 (Bockstael et al.,
1987).
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Table 5. Household travel cost estimates: robustness checks
Dependent variable: weekly household firewood collection trips

Poisson Poisson FE Negative binomial FE OLS FE Ordered multinomial

(1) (2) (3) (4) (5) (6) (7) (8)
Cross sectionala Corner Markets HHmajority No wood crop Probita Logita

Travel cost (shadow wage) −0.015*** −0.021*** −0.023*** −0.073*** −0.025*** −0.049***
(0.003) (0.007) (0.009) (0.024) (0.003) (0.005)

Travel time (hours) −0.457***
(0.020)

Travel cost (HHmajority) −0.018***
(0.005)

Household expenditure (log) 0.133*** 0.182*** 0.179*** 0.142*** 0.133*** 0.916*** 0.111*** 0.169***
(0.034) (0.034) (0.040) (0.047) (0.043) (0.265) (0.044) (0.083)

Observations 3158 3158 3158 2454 3158 3158 3158 3158

Note: ∗∗∗p < 0.01. Standard errors in parentheses. Two stage block-bootstrap standard errors displayed for columns (1) through (6). Cluster robust standard errors displayed for columns (7) and
(8). All estimates include the following additional controls: female household head, average household education, members with restricted activity, household owns bicycle, household owns car,
household owns motorcycle, price of kerosene, price of charcoal, food price index and household size. Coefficients not reported.
aColumns (1), (7) and (8) include urban dummy, survey round fixed effects and village fixed effects. Coefficients not reported.
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time. Column (2) of table 5 lists the results from the case of corner labor markets; they
show that a one-hour increase in travel time corresponds to a 46 per cent decrease in the
weekly number of household firewood collection trips.

Second, an estimate of a household’s ‘typical trip to collect firewood’ was constructed,
similar to the travel cost construction used by Pattanayak et al. (2004). In this travel cost
construction, households were assigned the travel cost that corresponds to the house-
hold group (e.g., adults, teenagers or children) that reported making the largest share
of firewood collection trips.19 Estimation results for this construction are presented in
column (3) of table 5. Travel cost estimates were smaller in magnitude when this travel
cost measure was used relative to the weighted average travel cost.

Next, all households that reported having a firewood crop were dropped to test
whether there is a differential impact of travel cost on firewood collection trips for
households that have fewer firewood collection location choices (i.e., households with
no firewood crop can only collect firewood on public land). These results are presented
in column (4) of table 5. Travel cost coefficient estimates are smaller in magnitude com-
pared to column (2) in table 4 because households without a firewood crop have no
alternative firewood sources and are likely to be less responsive to travel costs.

Finally, in columns (5) through (8) of table 5, the original model was re-estimated,
assuming different distributional and demand form assumptions. In column (5), a neg-
ative binomial count model with household fixed effects was estimated.20 In columns
(6) through (8), household demand for firewood collection trips was estimated as a lin-
ear function using both ordinary least squares (OLS) with household fixed effects and
ordered multinomial choice models. The ordered probit and logit models allow weekly
firewood collection trips to be a proxy for unobserved household use of forests andmodel
firewood collection trips on an ordinal scale, as compared to the cardinal scale modeled
with the count models (Cameron and Trivedi, 1986). The ordered probit and logit mod-
els are both run as cross-sectional estimates and include the same additional controls
used in the cross-sectional model reported in column (1) of table 5. The coefficient on
travel cost remains negative in all of the estimates, providing further evidence that house-
holds respond rationally to firewood collection travel costs and reduce the number of
weekly firewood collection trips they make as their travel cost increases.

4.2. Community forest valuation
In this sub-section, theWTP estimates derived from the different travel cost estimations
reported in tables 4 and 5 were calculated and compared. Table 6 summarizes the WTP
estimates from each of the travel cost estimations. The WTP estimates from the case
of corner markets (column (2) of table 5) were not calculated because the travel cost
construction in that model was non-monetary. In addition, the WTP estimates for the
two ordered multinomial models (columns (7) and (8) in table 5) were not calculated
because the ordinal scale assumed within the models prevents comparable calculations.

19Note that 43.7 per cent of observations were assigned an adult’s travel cost, 15.8 per cent of observations
were assigned a teenager’s travel cost and 8.4 per cent of observations were assigned a child’s travel cost.
Also, 10.7 per cent of observations had two groups make the largest share of firewood collection trips; these
observations were randomly assigned one of the two group’s travel costs.

20Because the Poisson fixed effects estimates are more robust to distributional assumptions, the negative
binomial results may be inconsistent due to a misspecified variance.
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Table 6. Summary of willingness-to-pay results

Travel cost
construction Wage estimate

Estimation
model

Estimation
sample WTP per tripa

WTP as multiple of
annual forest
expenditure

WTP as share of
household
expenditure

Elasticity of trips
with respect to
travel cost

(1) (2) (3) (4) (5) (6) (7) (8)

Weighted Shadowwage Poisson FE All households $0.36 1.49 0.07 −0.30
($0.23–$0.86) (0.94–3.54) (0.05–0.17) (−0.12−−0.47)

Weighted Sample wage Poisson FE All households $0.40 1.65 0.08 −0.63
($0.37–$0.44) (1.52–1.81) (0.07–0.09) (−0.57−−0.68)

Weighted Shadowwage Poisson All households $0.54 2.23 0.11 −0.20
($0.40–$0.84) (1.64–3.46) (0.08–0.17) (−0.13−−0.27)

Majority Shadowwage Poisson FE All households $0.47 1.95 0.09 −0.23
collector ($0.31–$0.99) (1.28–4.06) (0.06–0.20) (−0.11−−0.36)
Weighted Shadowwage Poisson FE HHs with $0.40 1.71 0.08 −0.27

no wood crop ($0.25–$0.97) (1.07–4.09) (0.05–0.20) (−0.11−−0.42)
Weighted Shadowwage Negative All households $0.36 1.47 0.07 −0.30

binomial FE ($0.22–$0.87) (0.92–3.56) (0.04–0.17) (−0.12−−0.48)
Weighted Shadowwage OLS FE All households $0.37 1.52 0.07 −0.93

($0.24–$0.80) (0.97–3.32) (0.05–0.16) (−0.43−−1.45)
Note: 95% confidence interval calculated using Monte Carlo simulation using 50,000 draws (in parentheses). WTP per trip for OLS FE regression evaluated at the sample mean number of weekly
firewood collection trips.
aStatistic calculated as −ŷkvt/β̂1. Values reported in 2016 US dollars. To convert 1991 Tz shillings to 2016 US dollars, we first used the Tanzanian consumer price index from the World Bank’s
Global Financial Development data series, relying on the annual average consumer price index. We then converted 2016 Tz shillings to 2016 US dollars using the International Monetary Fund’s
International Financial Statistics data series, relying on the annual average exchange rate. After both of these steps, it was estimated that one Tz shilling in 1991 is worth roughly $0.01 in 2016 US
dollars.
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From table 6, one can easily compare differences in theWTP estimates across the var-
ious travel cost estimations, thereby isolating the effects of different estimation strategies
on WTP. The mean WTP estimate using the Poisson fixed-effects model with a house-
hold’s weighted shadowwage travel cost is $0.36 2016 USD compared to $0.36 and $0.37
using a negative binomial fixed-effects model and OLS fixed-effects model, respectively.
This result suggests that the empirical model used may not ultimately have a large effect
on the mean WTP estimate. In contrast, the WTP estimates in table 6 suggest that the
construction of a household’s travel cost can have a large impact on WTP estimates.
A household’s WTP per firewood collection trip is over 30 per cent higher when the
shadow wage of the majority collector is used to construct the travel cost as opposed to
the household’s weighted travel cost, $0.47 compared to $0.36. In addition, the use of
the village sample wage produces WTP estimates that are nearly 10 per cent higher and
greatly reduces the variability in WTP estimates across households compared to the use
of a household’s shadow wage. The WTP estimates that rely on a household’s shadow
wage show that WTP estimates could be as high as $0.86 per trip, over twice as high as
the estimated average, compared to the WTP estimates that use the village average sam-
ple wage, which only range from $0.37 to $0.44. Finally, the WTP estimates in table 6
demonstrate the importance of controlling for unobserved household characteristics;
average WTP estimates are nearly 50 per cent higher when household fixed effects are
excluded from the estimation ($0.54 per trip).

To put these WTP estimates in perspective, households’ WTP for annual access to
local forests were calculated by multiplying the per-trip WTP estimates by the mean
number of household firewood collection trips.21 For the case of constrained labor mar-
kets with a weighted travel cost, on average, households are willing to pay $120.73 in
2016 US dollars with a 95 per cent confidence interval of US$76.01 to US$288.16.22

Next, households’ WTP for annual access to local forests can be compared to
household-reported values of firewood consumption and household expenditure. These
results are shown as multiples in columns (6) and (7) of table 6. All households in the
surveywere asked to value the amount of firewood that they used over the last twoweeks,
including both purchased and collected firewood. These values were then aggregated to
an annual number. For households that predominately collect firewood, which is the vast
majority of the sample, it is expected that these two values would be equivalent. As shown
in table 6, a household’sWTP for annual forest access is consistently higher than a house-
hold’s reported annual value of firewood consumption. This result is consistent across all
estimation methods with a household’s WTP for annual forest access generally being at
least 50 per cent higher than a household’s reported annual value of firewood consump-
tion. These results suggest that households may have a strong tendency to undervalue
the value of local forest access when asked directly.

Column (7) of table 6 shows that, on average, households’ WTP for annual forest
access is slightly less than 10 per cent of their annual household expenditures, with
some of the confidence intervals ranging as high as 20 per cent. For comparison, US
households spent, on average, three per cent of their annual household expenditures on
natural gas and electricity in 2017; US households earning less than US$15,000 annually

21Because the unobserved household fixed effect is not estimated, it was not possible to estimate annual
WTP estimates using the predicted number of household collection trips.

22It is worth noting that the results presented in this paper are similar in scale to the annualWTP estimated
by Pattanayak et al. (2004). In their paper, the authors estimated a mean per trip WTP of US$0.55 and an
annual WTP of US$122 per household.
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still spent only five per cent of their annual household expenditures on natural gas and
electricity.23

Finally, column (8) of table 6 shows the estimated travel cost elasticity of household
firewood collection trips.24 For five of the seven estimation models, the average elastic-
ity estimates range between −0.2 and −0.3. For the OLS model, however, the elasticity
estimate is, on average, −0.93 with the confidence interval extending as far as −1.45.
These results provide further evidence that firewood consumption inmany rural areas is
inelastic but also suggest that the elasticity estimatesmay be sensitive to the distributional
assumptions made in the estimation.

5. Conclusions
This paper assesses the extent to which welfare estimates are impacted by the data used
and/or decisions made regarding variable construction or estimation model. A reliable
means of measuring the benefits that households derive from access to local natural
resources is important, as efforts increase to scale conservation efforts, such as for-
est conservation as a means of carbon mitigation and biodiversity preservation. With
reliable estimates of households’ WTP for forest access, policy makers and conserva-
tionists alike canmore accurately weigh the welfare tradeoffs of reducing forest access in
a given region. However, too often the tendency is for studies to publish a single WTP
estimate, ignoring the sensitivity of their estimate to modeling assumptions. In partic-
ular, it was found that WTP estimates may be most sensitive to unobserved household
characteristics and assumptions regarding the local labor market.

There are three main caveats to this paper that merit attention. First, there was no
direct measure of the relative firewood collection productivity across household mem-
bers or of environmental quality. To the extent that either of these variables are not
captured by the household fixed-effect, they may lead to biased coefficient estimates.
The omission of forest quality, frequently measured as forest density, may bias travel
cost estimates downward if an increase in forest density is associated with a decrease in
travel time and an increase in the number of firewood collection trips. This downward
bias on travel cost coefficient estimates means that the WTP benefits would be a lower
bound on the true level of benefits. Future analyses would benefit from direct and reli-
able estimates of environmental quality and collection productivity for households over
time.

Second, a regional travel cost model was estimated in which the dependent variable is
the total number of household firewood collection trips independent of the site visited.
Consequently, it was not possible to measure the benefits of any particular forest site
or the effects of changing forest quality on the location of firewood collection trips. A
more detailed multi-site travel cost estimation would allow for the analysis of different
environmental quality characteristics on household firewood collection decisions and
provide more information on which forest attributes households value most.

23US household expenditure data for 2017 obtained from the Consumer Expenditure Survey as published
by the Bureau of Labor Statistics.

24The coefficient on travel cost represents the semi-elasticity, or:

E[ykvt|xkvt] ∂E[ykvt|xkvt]
∂ travel costkvt

=β1.

Elasticity estimates were obtained by multiplying travel cost coefficient estimates by the average household
travel cost.
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Third, the estimations in this paper relied on data that were nearly three decades old.
To the degree that household reliance on firewood collection for woodfuel has shifted
dramatically since the early 1990s, the monetary WTP estimates presented here will
no longer be reliable or applicable. As noted above, however, over 700 million women
globally are engaged in woodfuel collection (Food and Agriculture Organization of the
United Nations, 2017b) so progress made in how best to estimate the monetary value
of these activities remains as relevant today as it was thirty years ago. Moreover, despite
the older data used in this paper, the results support previous research showing that,
in many developing countries, households’ demand for firewood is inelastic and that
households would be willing to spend a significant amount of their resources on forest
access. In particular, these results provide additional evidence for this conclusion in Sub-
Saharan Africa where, to date, there have been far fewer studies (Murphy et al., 2018). In
this study, households are willing to pay, on average, $120 per year (2016 USD) for forest
access, or roughly seven per cent of their annual household expenditures. Under allmod-
eling assumptions, the WTP estimates were larger than households’ reported values of
firewood consumption, suggesting that traditional contingent valuation surveys, where
households are directly asked howmuch they value forest access, may underestimate the
true benefits of forest access in Sub-Saharan Africa.

Going forward, more work remains in capturing the value of non-market resources
to households in developing countries and in incorporating these values into conserva-
tion programs. As payment for ecosystem service programs grow, it will be increasingly
important to incorporate the correct payment level into these programs, both to ensure
conservationwins aremade and to ensure that these programs are as cost effective as pos-
sible. The scale of the impact of these knowledge gains is large; a recent reviewby Salzman
et al. (2018) estimated that there are currently over 550 active payment for ecosystem
service programs globally with over $30 billion in annual transactions. Early evidence
suggests that payment for ecosystem service programs can be a cost-effective means of
carbon mitigation (Jayachandran et al., 2017), but work remains in understanding how
best to assign and structure payments.

Supplementary Material. The supplementary material for this article can be found at https://doi.org/10.
1017/S1355770X19000354
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