
 
 
 
 
 

Estimating the Relationship between  
Unit-based Garbage Pricing and  

Municipal Solid Waste Generation:  
A Multivariate Double-Selection Approach 

 
 

Tatsuo Suwa* 
Takehiro Usui** 

 
 

HOPS Discussion Paper Series No.15 
 
 
 

June 2015 
 

 

Key Words 
Municipal Solid Waste Management, Garbage Pricing, Selection Bias 

 

 

JEL Classification  

C34、Q53 

 

 

 

                                                  
* Corresponding author:  Faculty of Economics, Yamaguchi University  
1677-1 Yoshida, Yamaguchi City, Yamaguchi,, 753-8514, Japan 
E-mail: suwa@yamaguchi-u.ac.jp   

** Faculty of Economics, Soka University 
1-236 Tangicho, Hachioji City, Tokyo 192-8577, Japan    
E-mail: usui@soka.ac.jp 



ESTIMATING THE RELATIONSHIP BETWEENUNIT-BASED

GARBAGE PRICING AND MUNICIPAL SOLID WASTE

GENERATION: A M ULTIVARIATE DOUBLE-SELECTION

APPROACH

Tatsuo Suwa∗ Takehiro Usui†

10 June, 2015

Abstract

Many countries have introduced unit-based pricing (UBP) programs for garbage to encourage house-

holds to reduce waste generation and to reallocate waste for recycling. Previous studies have shown that

UBP programs reduce waste generation. However, since few studies have addressed how the level of UBP

induces households to separate recyclable material from unsorted waste, we investigate this issue using data

on Japanese municipal waste management. Japanese municipalities can choose whether to implement UBP

and to collect recyclable material. Thus, we can only observe the relationship between the level of UBP

and the amount of recycling in those municipalities that implement both options. Ignoring this complicated

selectivity may cause selection biases, resulting in a loss of consistency in an estimates. Therefore, to over-

come this problem caused by the selectivity, we employ a double sample-selection model. Moreover, a

system estimation is implemented to consider the correlations among different types of recyclable material.

In addition, similarly to related studies, we consider the endogeneity of the level of UBP. The estimation

results indicate that a higher level of UBP for garbage induces more recycling for some recyclable materi-

als, namely PET bottles, plastic containers, and paper containers, but also decreases the amount of garbage

collected.
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1 Introduction

A unit-based pricing (UBP) program is a local waste management policy that has been introduced in many

countries. In general, a UBP program aims to reduce waste management expenditure, as well as encourage

households to reduce the amount of waste they generate and separate recyclable material from unsorted waste.

1 Under this garbage pricing policy, inhabitants dispose of their garbage using priced bags or tags designated by

the municipal authorities, but usually dispose of recyclables2 at no charge. Therefore, there is a growing need

to analyze whether UBP is effective. In this study, we focus on the garbage reduction effect and the substitution

effect between garbage and recyclables caused by UBP.

A number of previous studies have analyzed the effect of UBP on garbage reduction or on promoting

recycling. These studies have attempted to address several problems that occur in such estimations. One

significant problem is the endogeneity of UBP. It is quite possible that UBP is an endogenous variable, because

the level or presence of UBP may be related to an unobserved factor that affects the amounts of garbage or

recyclables collected. Ignoring this endogeneity would lead to a loss of consistency. To handle this problem,

some researchers adopt a quasi-experimental approach, such as a difference-in-differences (DID) model (Allers

and Hoeben (2010)) or a two-stage least squares (2SLS) approach (Honget al.(1993); Kinnaman and Fullerton

(2000); Huanget al.(2011)). After considering the endogeneity of UBP, these studies confirmed that UBP

effectively reduces the amount of garbage generated and promotes recycling.

Next, we focus on the types of recyclables. A handful of studies have analyzed the types of recyclables

for which UBP is effective, but most have employed data for aggregated amounts of recyclables. However,

it is crucial to check the effect of UBP for each recyclable material, because the effect may vary for different

materials. In this respect, the studies of Jenkinset al.(2003) and Usui (2008) are notable. Jenkinset al.(2003)

investigate the recycling behavior of households with respect to certain recyclables. They find that access to

curbside recycling has a significant positive effect on the collection of all recyclables. However, the level of

UBP is insignificant in their regressions. Therefore, the effect of UBP on recycling activity remains unclear.

Employing Japanese municipal data, Usui (2008) shows that the elasticities of UBP for the collected amounts

of glass bottles, cans, and polyethylene terephthalate (PET) bottles are significantly positive. He also finds that

these elasticities vary with the type of recyclable.

Furthermore, in many countries, municipalities can choose whether to collect recyclables, and may un-

dertake or defer recycling, depending on various factors. Kinnaman (2005) finds that the state’s policy affects

municipalities’ decisions on whether to recycle. Usui (2008) observes that a municipality’s decision on whether

1For example, the Japanese government recommends that their municipalities introduce UBP programs, because it is one way of

establishing robust recycling practices in society (Ministry of the Environment, Japan (2013)).
2In this study, we refer to materials that can be recycled and are collected by municipalities as “recyclables.”
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to collect a type of recyclable depends on certain factors, such as the amount of waste generated and the avail-

able landfill capacity. Therefore, municipalities determine whether to collect recyclables based on their own

waste management circumstances or on residents’ environmental awareness. Some factors are occasionally

unobservable, but also affect the amount of recyclables collected. In this situation, if we estimate an equation to

determine this amount using only those municipalities that collect recyclables, and run an ordinary least squares

(OLS) regression, it is well known among econometricians that the results might include a sample selection bias

and, thus, lose consistency.

In summary, previous studies have typically encountered the following problems when estimating the sub-

stitution effect of UBP on the collection of recyclables: 1) the endogeneity of UBP; 2) a self-selection bias

of UBP; 3) the aggregation of different types of recyclables; and 4) a sample selection bias with regard to the

collection of recyclables. Most studies have found partial solutions to these problems. However, to the best of

our knowledge, there is no study that simultaneously addresses all of the problems. Therefore, we address the

bias problem caused by the double sample selection with regard to collecting recyclables and garbage pricing,

as well as the endogeneity of UBP. Furthermore, we employ the multivariate double sample-selection model

(MDSSM) to estimate the recyclable and garbage regression equations simultaneously, taking the correlation

between the two into account. Our estimation employs waste management data for Japanese municipalities,

because municipal data on the amounts of recyclables collected and the levels of UBP are published in Japan.

The estimations of the UBP coefficients in each equation enable us to assess the substitution effect caused by

UBP between garbage and recyclables, without bias.

This study contributes to the body of literature in three ways. First, by applying the MDSSM to the stated

problem, we obtain consistent and efficient estimates. Second, we estimate the cross-price elasticity for each

type of recyclable. While many previous studies estimate the own-price elasticity of garbage, only a few have

estimated both the own-price elasticity for garbage and the cross-price elasticity for each type of recyclable.

Our results show that the cross-price elasticity of PET bottles, plastic containers, and paper containers are

significantly positive. Moreover, the magnitudes of the cross-price elasticities of plastic and paper containers

are much larger than that of PET bottles.

The remainder of this paper is organized as follows. Section 2 provides the theoretical and institutional

background. Section 3 describes the econometric model used in this study, and section 4 presents the data.

Then, section 5 discusses the estimation results, including their implications. The final section concludes the

paper.
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2 Analytical strategies

In this section, we explain the current situation confronted by Japanese municipalities with regard to solid waste

management. Here, we discuss the institutional background of providing municipal recyclables collection and

garbage pricing. After an overview of the institutions involved in Japanese municipal waste management, we

present the econometric problem stemming from these institutions.

2.1 Institutional background

As shown in Figure 2, Japan faces a shortage of landfill capacity owing to its relatively small geographical

size. A country’s waste generation and gross domestic product (GDP) are closely related (Daskalopoulos

et al.(1998)). As a result, disposable goods, plastic bottles, and paper containers have proliferated in Japan

since the country’s rapid economic growth during the 1970s, with containers and packaging accounting for

about 60% of total waste, by volume (Ministry of Economy, Trade, and Industry (2003)). As a result, the

Japanese government established the Law for the Promotion of Sorted Collection and Recycling of Containers

and Packaging (hereafter, “the Recycling Law” ) in 1995.

Japanese municipalities are not obliged to collect recyclables, because the Recycling Law lets them choose

from a number of diverse recyclables collection approaches. Thus, it is natural to assume that a municipality

would freely choose from among these waste treatment options, especially when deciding on whether to collect

container and packaging recyclables such as glass, PET bottles, plastic containers, and paper containers.

Based on the above argument, we find that municipal disposal management is confronted mainly by the

following cost-benefit budget trade-offs: 1) the benefit of saving landfill sites by getting rid of some waste and

collecting recyclable waste vs. the costs of collecting recyclables; and 2) the cost of additional fuel owing

to the shortfall of feedstock from paper or plastic containers vs. the decrease in the cost of saving landfill

sites from reducing the volume of waste being incinerated. These budget trade-offs are closely related to cost

minimization.

Japanese municipalities also have a choice in terms of garbage pricing. The introduction of UBP for garbage

disposal and the level of UBP are determined by each municipality, depending on its circumstances. This

institutional background to Japanese municipal waste management means that we can only observe the amount

of recyclable waste collected in those municipalities that provide this collection service. Similarly, we can only

observe UBP for those municipalities that use UBP programs.

Here, we estimate whether UBP reduces the amount of garbage collected, as well as whether it affects

the substitution of garbage for each type of recyclable item by carefully considering the Japanese institutional

background.
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2.2 Literature review

Here, we summarize the findings of previous studies in the following categories: 1) the correction of the

sample selection bias that occurs when estimates are based only on data for municipalities that offer some kind

of recyclables collection service; 2) the correction of the self-selection bias that arises from endogenous local

policy variables (e.g., introducing UBP in a municipality if it is not randomly introduced); and 3) the system of

regression equations considered, because the problem occurs as a result of correlation between the equations.

2.2.1 Endogeneity of UBP

If the level of UBP is determined by a municipal waste management policy or by inhabitants’ environmental

preferences that affect the collected amount of waste, the level should be treated as an endogenous variable.

Studies such as Kinnaman and Fullerton (2000), Callan and Thomas (2006), and Huanget al.(2011) employ the

IV approach to control for the endogeneity caused by introducing UBP. On the other hand, Allers and Hoeben

(2010) adopt a quasi-experimental approach, such as the difference-in-differences (DID) model. These studies

confirm that UBP is effective for garbage reduction and the substitution of recyclables. Kinnaman and Fullerton

(2000), Suwa and Usui (2007), and Allers and Hoeben (2010) use a first-stage regression to simultaneously

examine the demand for the waste and recyclables collection service and a municipality’s decision to implement

recycling.

2.2.2 Self-selection of UBP

A self-selection bias in UBP arises if municipalities’ decisions on whether to introduce the program depend

on their own circumstances and, consequently, are not randomly introduced among municipalities. If there

are also unobservable determinants of a policy to introduce UBP, estimates based on an OLS regression that

ignore this selectivity will lose consistency. Studies such as Suwa and Usui (2007) and Huanget al.(2011)

employ Heckman痴 two-step estimation to control for the selectivity of UBP. On the other hand, as already

mentioned, Kinnaman and Fullerton (2000), Suwa and Usui (2007), and Allers and Hoeben (2010) use a first-

stage regression to simultaneously examine the demand for the waste and recyclables collection service and a

municipality’s decision to implement recycling.

2.2.3 Sample selection of recyclables collection

It seems natural to assume that a municipality would choose a waste management policy from among the

various options, depending on its own circumstances. Therefore, it is important to consider the determinants of

municipal decisions with respect to collecting and separating recyclables. Accordingly, a municipal decision on

recyclables collection should be considered as an endogenous variable in the econometric procedure. In order
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to specify the substitution effect of UBP on recyclable items, we have to consider the sample selection bias.3

According to Usui (2008), a sample selection bias will occur when using data that include regions that do not

collect recyclables, and the nonexistence of a collection service will cause a sample to be truncated. However,

if we remove the zero values for municipalities that do not collect recyclable items, and run an OLS regression

only on the sample of positive observations, a selection bias may arise. This is because the expectation of the

error terms is not zero, which violates the assumptions of the OLS method.

The bias arises because it depends on a municipality’s decision on whether to collect recyclables. If a

municipality wants to reduce the amount of landfill waste, it will introduce recyclables collection. However,

this also depends on the costs and benefits of doing so. As mentioned in section 1, the municipality must pay

the disposal cost of the landfill site. Therefore, each municipality has an incentive to reduce household waste,

but this depends on the scarcity of its landfill sites.

2.2.4 Double sample-selection model

Huanget al.(2011) also address the endogeneity of garbage pricing using a dummy for the pricing and the 2SLS.

They apply Heckman’s two-step estimation to a sample that only includes municipalities with garbage pricing

in order to correct for the selection bias. Huanget al.(2011) use a subsample in which UBP is implemented to

investigate how bag prices affect the amount of garbage collected. In this case, the sample-selection problem

also occurs if the decision to introduce UBP is affected by the amount of material collected. Furthermore,

when we use the subsample to estimate the substitution effect of the UBP level on the amount of recyclables

collected, we face a double-selection structure, namely the introduction of UBP and the recyclables collected.

To deal with this complicated selection structure, Tunali (1986) and Mohanty (2012) suggest using a double

sample-selection model (DSSM).

2.2.5 System of equations

When the error terms of different equations are correlated, an OLS estimator for each equation is no longer

asymptotically efficient. This problem may appear when estimating several waste materials. Callan and Thomas

(2006) and Suwa and Usui (2007) address this issue. They consider the correlation of the error terms among the

equations for the amounts of garbage and recyclables collected, and estimate the two equations using a three-

stage least squares (3SLS) regression and a seemingly unrelated regression (SUR). Then, Callan and Thomas

(2001) discuss economies of scope among multiple types of waste. If economies of scope exist, this might

appear as a strong correlation between the decisions to collect each type of recyclable material. Therefore, it is

important to consider the system of equations and check for the existence of economies of scope.

3See Heckman (1979) or Amemiya (1985).
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2.3 The estimation strategy in this study

Previous studies on the above-mentioned issue and a comparison with this study are presented in Table 1.

Moreover, Yen (2005) develops a multivariate sample-selection model (MSSM) that considers the correlation

among multiple sample-selection models for cigarette and alcohol consumption, and estimates the two simul-

taneously. By applying the model of Yen (2005) to waste management data, we propose a multivariate double

sample-selection model (MDSSM) that combines the MSSM and DSSM. Using this model, we consider both

the doubly selected structure of the sample and the system estimation among different types of collected mate-

rials.
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3 Model

In this section, we first describe the economic model for household behavior with regard to waste disposal.

Next, we explain the econometric model to estimate the demand for garbage and recyclable disposal, as derived

from the economic model.

3.1 Economic model

First, we consider a household’s choice with regard to waste disposal. We assume the following utility maxi-

mization problem for a municipal representative household:

Ui = U(Ci, Gi, Ri, αi)

s.t. Yi = Ci + PGiGi + PRiRi,

wherei is the index of the municipality,Ui is the utility function ,Ci is a composite consumption good,Gi is

the amount of disposed garbage,Ri is the amount of recyclables,αi is a demographic variable,Yi is income,

andPGi andPRi denote the UBP for garbage and recyclables, respectively.

Solving the utility maximization problem, we obtain the following household demand functions for garbage

and recyclables:

Gi = Gi(PGi, PRi, Yi, αi)

Ri = Ri(PGi, PRi, Yi, αi).

Since recyclables are collected with no charge in most Japanese municipalities, we do not considerPRi here.

Thus, we can rewrite the demand functions as follows:

Gi = Gi(PGi, Yi, αi)

Ri = Ri(PGi, Yi, αi).

These demand functions are estimated using the econometric model described in the next section.

3.2 Econometric model

This section describes the econometric model employed to determine the amount of recyclables and garbage

collected under a UBP program. As mentioned earlier, each Japanese municipality implements its own waste

management policies, such as garbage pricing and how to manage solid waste materials (i.e., the four recy-

clables and garbage). Here, we denote these municipal decisions using dummy variables. LetDPi be a dummy
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that takes1 if the i th municipality introduces garbage pricing, and0 otherwise. Then,DPi is assumed to

DPi = 1 if W ′
iα+ ϵi > 0

DPi = 0 if W ′
iα+ ϵi ≤ 0,

whereWi is vector of explanatory variables,α are the parameter vectors, andϵi are random error terms.

Next, letDMij be a dummy that takes1 if the i th municipality collects thejth type of solid waste material

(j = 1, 2, . . . ,m), and0 otherwise. Then,

DMij = 1 if Z ′
ijβj + uij > 0

DMij = 0 if Z ′
ijβj + uij ≤ 0,

whereZij is vector of explanatory variables,βj are parameter vectors, anduij are random error terms.

If recyclables collection and garbage pricing are implemented in thei th municipality, the amount of recy-

clables collected is described as follows,

logMij = X ′
ijγj + γp logPi + vij , (1)

whereMij is the amount of thejth type of solid waste materials,(j = 1, 2, . . . ,m)4, Pi is the unit-based price,

Xij is vector of explanatory variables other thanPi, γ is a parameter for the explanatory variables,γp is a

parameter for price elasticity, andvij are random error terms.

In accordance with previous studies, we take the log ofMij andPij to denote the estimated coefficient

as a price elasticity. This enables us to compare our price elasticity with those in previous studies. Note that

equation (1) can only be estimated if both the collection ofMij and garbage pricing are introduced. However,

it is well known that this causes a sample selection bias. As mentioned earlier, methods to correct this bias

include Heckman’s two step estimation (Heckman (1979).) and the type II Tobit approach (Amemiya (1985)).

However, in our application, the sample is doubly selected, which complicates the structure of the econometric

model used in the estimation. To address this problem, a double sample selection model (DSSM) has been

developed. Meng and Schmidt (1985) and Tunali (1986) present estimation methods under partial observability

of dependent variables. Mohanty (2012) applies the DSSM approach to estimating wage rates observed under

both workers’ job seeking and employers’ job offers.

Furthermore, we need to consider the correlation between error terms for different materials. In general,

single equation approaches that ignore this correlation suffer from a loss of statistical efficiency. Yen (2005)

developed a multivariate sample selection model (MSSM) to investigate the levels of cigarette and alcohol

consumption of US individuals.

4In this study,j = 1: glass,j = 2: PET bottles,j = 3: plastic containers,j = 4: paper containers, andj = 5: garbage.
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We develop a model to deal with the data on the collected amount of municipal solid waste by combining

the DSSM and MSSM, which we call the multivariate double sample selection model (MDSSM). The MDSSM

allows us to consider the correlations among multiple equations, as well as the doubly selected structure of the

independent variables.

Depending on whether garbage pricing and recyclables collections are introduced, the regimes of observa-

tion for municipal solid waste collection are classified as follows:

logMij = X ′
ijγj + γpj logPi + vij if Dpi = 1 and DMij = 1, j = 1, 2, . . . ,m (2)

unobservable if Dpi = 1 and DMij = 0, j = 1, 2, . . . ,m (3)

unobservable if Dpi = 0 and DMij = 1, j = 1, 2, . . . ,m (4)

unobservable if Dpi = 0 and DMij = 0, j = 1, 2, . . . ,m. (5)

There are three error term vectors in the model. These are assumed to follow a multivariate normal distri-

bution. The covariance matrix of all error terms is as follows:
ϵi

ui

vi

 ∼ N (0, Σ) , Σ =


σ2
ϵ Σuϵ Σvϵ

Σϵu Σuu Σvu

Σϵv Σuv Σvv

 .

Employing a GHK simulator (Geweke, Keane and Runkle (1994), we estimate the parametersα, β, γ,

γP , ρuu, ρuu, σvu, ρvv, andσ using the simulated maximum likelihood method. The details of the likelihood

function are provided in the Appendix.
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4 Data

The data on the amount of recyclables collected from each municipality in 2010 are provided by Ministry of the

Environment, Japan (2012). In this data, the recyclables are classified into 11 categories. Of those, we focus

on “Glass,” “PET bottles,” “Plastic containers,” and “Paper containers,” because the Recycling Law requires

producers of the four materials to implement recycling, as mentioned in the previous section.

The descriptive statistics on the amount collected for each of the four categories per capita per day is pre-

sented in Table 2. Recall that the collection of recyclables is implemented at the discretion of the municipalities.

Therefore, data on the collected amount in each category are only available for those municipalities that collect

those recyclables.

Data on the garbage generation in each municipality for 2010 are also provided by Ministry of the Envi-

ronment, Japan (2012).5 In Japan, garbage is essentially divided into burnable waste and non-burnable waste.

Waste in the former group is burned in an incinerator, while that in the latter group is buried in a landfill site.

For the level of UBP for garbage in each Japanese municipality, we employ the data of Yamaya (2010a)

and Yamaya(2010b), because the pricing data are not published by Ministry of the Environment, Japan. Ya-

maya (2010a) and Yamaya (2010b) collected data on unit-based prices across all Japanese municipalities, using

questionnaires administered through mail and telephone. The data were collected from 1,726 municipalities (in-

cluding 23 wards in Tokyo) in February for Fiscal year(FY)2010. The data pertaining to the price per garbage

bag, or per corresponding tag, are also shown in Table 2. Japanese municipal garbage collection is usually im-

plemented with 40–50 liter garbage bags (approximately 10 gallons). This volume is used as a standard unit to

generate the garbage fee. Figure 3 shows the distribution of the pricing levels. Here, the vertical axis represents

the number of municipalities and the horizontal axis represents the price (in JPY) per 40–50 liters.6

For all municipalities, other socioeconomic data were obtained from the Asahi Newspaper (2012), which

is a collective database for all municipalities. These data include the taxable gain per capita, average house-

hold size, average age, and population density. This study employs the following socioeconomic variables:

“Household income,” which is the household taxable gain per capita (JPY); “Household size,” which is the

average household size; and “Population density,” which represents the population density (population/area).

5In this study, the amount “Solid waste” is defined as the sum of “Burnable waste,” “Non-burnable waste,” “Mixed waste,” “Re-

cyclable waste,” and “Other waste.” The amount of garbage collection does not include the following: 1) “Bulky waste;” 2) “Self

disposal;” 3) “Recyclables collected by voluntary groups;” 4) the amount carried into municipal facilities; and 5) the aggregated

amount of the above-mentioned four recyclables. The average amount of “Garbage” in Table 2 is calculated by subtracting the sum of

the four recyclables (“Glass,” “PET bottles,” “Plastic containers,” and “Paper containers,”) from “Solid waste.”
6The average Japanese JPY/USD exchange rate in 2015 was about 120 JPY/USD. When comparing the average fee levied per bag

in Japan to those in the United States and Europe, note that the volume of a bag in the latter countries is 32 gallons, whereas an average

bag in Japan is about 10 gallons. We measured the price per bag based on the 10 gallon bag. Adjusting for the different bag sizes in the

United States and Europe, the average fee per bag in Japan amounted to about 125 cents, with a standard deviation of 67cents.
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“Population density” functions as an efficient index to measure the effect of community size on waste emis-

sion. “Household size” functions as an appropriate barometer of scale merit in household consumption. Since

household members usually share many goods (e.g., a newspaper), a large household may result in decreased

per capita consumption. Furthermore, “Over65” represents the ratio of people over the age of 65 years in a

municipality.
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5 Estimation results

The multivariate double sample-selection model (MDSSM) is applied to the data on the collected amount of

garbage and the four types of recyclables in Japanese cities.7

5.1 Testing for the endogeneity of UBP

In most previous studies, UBP is regarded as an endogenous variable. Thus, we test for the endogeneity of

UBP. Our results show that UBP is only endogenous in the equation for “Garbage.”

In this test, we employ a method suggested by Wooldridge (2002).8 In the first stage, the level of UBP is

estimated using instrumentals such as “Dummy for landfill,” “Dummy for incineration,” “Dummy for RDF,”

and “Cost ratio,” in addition to other exogenous variables. The levels of materials are estimated by adding the

residual of the first-stage estimation to the explanatory variables in the second stage. The estimation results are

shown in Table 3. The endogeneity of UBP is tested using thet-value of the coefficients of the residuals. If the

parameter is significantly different from zero, endogeneity is not rejected. From the table, we find that the level

of UBP is endogenous only in the equation for “Garbage.” Therefore, in order to address the endogeneity issue

and obtain consistent estimates, the level of UBP is replaced by the predicted value calculated in the first stage

of the MDSSM estimation.

5.2 The MDSSM estimation

The MDSSM is applied for all materials. However, we do not consider a selection between “Glass” and

“PET bottles” collection, because the ratio of collection between the two is over 95% among all Japanese

municipalities. Therefore, a selection bias caused by municipal collection is less likely to appear. “Garbage”

is also collected in all municipalities and, thus, does not face a collection selection problem (but does face a

selection problem in terms of garbage pricing). For the MDSSM estimation, we employ the GHK simulator9 to

evaluate the likelihood contribution. The maximum simulated likelihood (MSL), including the GHK simulator,

is consistent if the number of random drawsR rises faster than
√
N . Therefore,R is set to 50, because

√
N

is 41.545 in this estimation. Details of the GHK simulator and the MSL can be found in Train (2009). Table 5

7Ox version 7.01 (see Doornik (2001)) is employed for all estimations.
8See Chapter 6 in Wooldridge (2002).
9The GHK simulator requires a random draw from truncated normal distributions in the evaluation process. In this study, we

implement 50 random draws. The GHK simulator also needs the Cholesky decomposition of the covariance matrix of error terms. In

our data set, the Cholesky decompositions frequently fail owing to a property of the matrix when searching for the maximum of the log

likelihood. Therefore, we use the following adjustment algorithm: if the matrix is not positive definite (i.e., the minimum eigenvalue is

smaller than zero), the covariance matrix is replaced by the matrix in the previous iteration. In the actual estimation, the adjustment is

not required just before the convergence, but is applied frequently in the early iterations.
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presents the MDSSM estimation results. The estimation of the demographic variable coefficient indicates some

information pertaining to the municipal decisions on recyclables collection and the introduction of UBP. The

results also show the factors that determine the amount of garbage and recyclables collected. The estimation

results are composed of three parts: “Selection,” “Level,” and “Correlation.”

5.3 Testing for correlation among the error terms

Next, we attempt another estimation using the MDSSM. Here, the off-diagonal elements in the covariance

matrix of error termsSigma are set to zero. The test rejects the restriction on the covariance matrix, even at

the1% significance level, which implies that the unrestricted MDSSM is valid.

This estimation with the restriction is equivalent to an independent estimation using a probit model for

the implementation of UBP and recyclables collection, and to an OLS for all types of materials. The results

are presented in Table 4. The likelihood ratio test is implemented to check the validity of the MDSSM by

comparing the likelihood of the restricted MDSSM(Lr) and the unrestricted MDSSM(Lu).

The likelihood ratio test statistic−2(logLr− logLu) is 711.49. This statistic follows aχ2 distribution with

28 degrees of freedom.10 The result of the test rejects the restricted model.

5.4 Selection

The estimations of the coefficients for the introduction of UBP and recyclables collection, shown in Table 5,

reflect information pertaining to the municipal decisions. The logs of “Household income” and “Population

density” have a negative effect on the municipal decision to introduce UBP. This suggests that a municipality

with a smaller income and smaller population density is more likely to implement garbage pricing. The log

of “Household income” has a positive effect on the municipal decision to collect “Plastic containers.” This

suggests that a municipality with a higher income is more inclined to collect plastic containers.

5.5 Level

The results pertaining to the levels of recyclables and garbage collected shown in Table 5 indicate important

policy implications. The results show that the coefficient of price11 is estimated as significantly negative in the

“Garbage” equation. This is consistent with economic intuition. According to the result of the endogeneity test,

the level of UBP is treated as an endogenous variable only in the garbage regression equation. As pointed out in

Kinnaman and Fullerton (2000) and Huanget al.(2011), unobservable residential factors, such as environmental

10The number of off-diagonal elements are shown asM(1−M))/2, whereM is the dimension ofΣ. These elements are restricted

to zero atH0.
11The coefficients for “Price,” “Household income,” “Population density,” and “Household size” indicate the elasticities of the

collected amounts because we take the natural logarithms of these levels in our estimation.
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awareness, may affect both the UBP level and the amount of garbage collected. In this case, the level of UBP

in the garbage regression equation must be an endogenous variable.

In our estimates, the elasticity of the price after considering endogeneity is -0.730, which is much smaller

than when we ignore endogeneity (-0.107). As pointed out in Kinnaman and Fullerton (2000), the probability

of adopting UBP might be a positive function of the quantity of garbage collected. The difference between the

two elasticities implies that such a relationship is likely to exist and, consequently, ignoring it could understate

the effect of UBP on the amount of garbage collected. The result of the own-price elasticity in this study is

comparable with those of previous studies, such as Kinnaman and Fullerton (2000) and Huanget al.(2011),

because their elasticities, which ignore endogeneity, are underestimated. On the other hand, the elasticities of

the prices for the collected amounts of “PET bottles,” “Plastic containers,” and “Paper containers” are estimated

as significantly positive. These results suggest that UBP facilitates garbage reduction and recycling by encour-

aging citizens to sort their recyclables from their waste. In contrast, the elasticity of the price of the amount of

“Glass” collected is insignificant.

The coefficients of the frequencies for most materials (except “Paper containers”) have a positive effect.

In other words, the amount collected increases if the frequency of collection increases, because people find it

easier to dispose of their waste. The results of the demographic variables have significant implications for the

amounts collected. The results show that a larger “Household size” appears to decrease the amounts of “PET

bottles,” “Paper containers,” and “Garbage” collected. This may be a combined effect of collective consumption

and work sharing in terms of separating waste in a larger household. For example, household members might

share one paper container of food or beverages. Consequently, the amount of paper waste per capita decreases

as the size of a household increases. The elasticity of “Household income” is significantly positive for all levels.

This variable is affected by many factors: 1) it is a proxy for the opportunity cost of time (negative relation with

waste generation); 2) it is a proxy for the amount of consumption (positive relation with waste generation); and

3) it might be a proxy for the level of education.12 Because the positive effect dominates other negative effects,

the coefficients may result in positive signs for all levels.

5.6 Correlation matrices

The estimation results for the factors in the error term correlation matrices are shown in the lower part of Table

5. We find that some correlation coefficients in the matrix are statistically significant, although the values are

generally small. In the remainder of this section, we explain the non-negligible results for the correlation matrix

factors in the error terms in the selection equations, those in the level equations, and those between the selection

12The lack of data with respect to education levels in Japanese municipalities means we cannot control for the effect of education

level on waste generation.
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equation and the level equation.

5.6.1 Matrix for selection

The correlation between the error term for the collection of “Plastic Containers” and that for the collection of

“Paper Containers” (u3 andu4) is statistically significant, though it is weak. This implies that implementing

municipal recyclables collection may stimulate the collection of other recyclables. One possible interpretation

is that recycling facilities (e.g., car and plant waste) are shared, which will reduce recycling costs.

5.6.2 Matrix for selection× level

The coefficients of the error terms of the selection equation and those of the level equation (u3 andvg) are sta-

tistically significant and negative. Thus, the error term of the “Garbage” level equation is negatively correlated

with the error terms of the “Plastic containers” selection equations. This may indicate that an unobservable

level of environmental awareness of citizens affects both activities. This awareness may work to reduce the

amount of garbage and induce a municipality to introduce recycling.

The correlation coefficients between the error terms of “Price” selection and “Glass” level (ϵ andv1) or

“PET bottles” level (ϵ andv2) are statistically significant and negative. This may imply that some unobserv-

able municipal characteristics encourage UBP introduction, but reduce the amount of recyclable items such as

“Glass” and “PET bottles.” These results suggest the necessity of considering the self-selection bias caused by

introducing UBP.

Moreover, the correlations between the level and selection error terms for the same recyclable (u3 andv3,

andu4 andv4) are insignificant. This implies that sample selection biases do not appear in the estimates of the

amounts of recyclables collected.

5.6.3 Matrix for level

The correlations between the error terms of the level equations for “Glass” and “PET bottles” (v1 andv2) and

between “PET bottles” and “Plastic containers” (v2 andv3) are positively correlated, though they are weak.

This implies that uncontrolled variables (e.g., environmental awareness) have a positive effect on the amounts

of different recyclables collected. Furthermore, this suggests that using the system estimation is better than

using an OLS to estimate the level equations for recyclables.
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6 Conclusion

This study attempts to clarify the effects of UBP on the amounts of garbage and recyclables collected, based on

Japanese municipal data pertaining to waste management. Thus far, many studies have investigated the effect

of garbage pricing on solid waste management. However, most are based on a single-equation approach, which

suffers from a loss of efficiency. Moreover, data on the amounts of recyclables collected are selective, because

each municipality in Japan decides autonomously on what recyclables to collect. Consequently, the data for

each type of recyclable material are only available for those municipalities that collect that type. Similarly,

municipalities can decide whether to collect recyclables or introduce garbage pricing, including its level. Ig-

noring this sample selection structure results in inconsistent estimates. Thus, a careful econometric treatment

is essential when analyzing data pertaining to recyclables collection.

Therefore, we apply a multivariate double sample-selection model (MDSSM) in the estimation process to

address the double selection caused by municipal decisions on garbage pricing and recyclables collection. In

the estimation of the amount of garbage collected, we also consider the endogeneity of the UBP level. The

estimation results from the MDSSM indicate that higher UBP for garbage induces larger amounts of PET

bottles, plastic containers, and paper containers collected for recycling, and decreases the amount of garbage

produced. Thus, higher levels of UBP mean that more of some types of recyclables are collected. Thus, we

have clarified the substitution effects of municipal garbage pricing on selected types of recyclables emissions.

Our research conducted a complicated empirical approach that considered the multiple sample selection

caused by the endogenous municipal policy decisions on introducing garbage pricing and recyclables col-

lections. However, recent studies such as Allers and Hoeben (2010) employ panel data, and determine the

treatment effect of UBP using a quasi-experimental method. In Japan, Ministry of the Environment publishes

panel data on waste management for all Japanese municipalities. Therefore, using this panel data is a matter

for future research.
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APPENDIX

A Error terms

The covariance matrix of all error terms is as follows.
ϵi

ui

vi

 ∼ N (0, Σ) , Σ =


σ2
ϵ Σuϵ Σvϵ

Σϵu Σuu Σvu

Σϵv Σuv Σvv

 .

According to the specification in Yen (2005), we define correlation matrices for the convenient estimation of

the covariance matrix. LetS = diag[σ1, σ2, . . . , σm] be the diagonal matrix with a standard deviation ofv and

ϵ. In addition, letRuu, Rvu, andRvv be correlation matrices among elements of[ϵ, u] and[ϵ, u], v and[ϵ, u],

andv andv, respectively.13 The standard deviations of[ϵ, u] are set to unity because each selective mechanism

is binary. Then, the correlation matrixRuu is an(m+ 1)× (m+ 1) matrix, and is shown as follows:

Ruu =


1 ρuuϵ1 . . . ρuuϵm

ρuu1ϵ 1 . . . ρuu1m
...

...
...

...

ρuumϵ ρuum1 . . . 1

 .

Note thatRvu = R′
uv is anm × (m + 1) matrix because it indicates a correlation between and[ϵ, u] andv.

Then,Rvu is shown as follows:14

Rvu = R′
uv =


ρvu1ϵ ρvu11 . . . ρvu1m

ρvu2ϵ ρvu21 . . . ρvu2m
...

...
...

...

ρvumϵ ρvum1 . . . ρvumm

 .

Here,S andRvv are bothm×m matrices, described as

S =


σ1 0 . . . 0

0 σ2 . . . 0
...

...
...

...

0 0 . . . σm

 , Rvv =


1 ρvv12 . . . ρvv1m

ρvv21 1 . . . ρvv2m
...

...
...

...

ρvvm1 ρvvm2 . . . 1

 .

Employing these correlation and standard error matrices, each piece of the covariance matrix is described as

follows:

Σ11 = Ruu , Σ21 = Σ′
12 = S′Rvu , Σ22 = S′RvvS.

13Hereafter, the indexi is omitted for simplicity.
14Note that the elementρvu12 in the correlation matrix is not equal toρvu21 .
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LetΣ11, Σ21, andΣ22 be defined as follows.

Σ11 =

 σ2
ϵ Σuϵ

Σϵu Σuu

 , Σ′
21 = Σ12 =

 Σvϵ

Σvu

 , Σ22 = Σvv.

Then,Σ is rewritten as

Σ =

 Σ11 Σ12

Σ21 Σ22

 .

B Likelihood function

Depending on the selection pattern forpi andMij , the likelihood contribution for each municipalityi is classi-

fied according to the following three regimes (hereafter,i is omitted). Each regime follows the description of

Yen (2005).

B.1 Regime in equation(2):DP = 1, DMj
= 1 ∀j

To formulate the likelihood function, we first consider a sample regime in whichP and allMj are positive.

Let f(u, v, ϵ) be the joint probability density function(pdf) ,g(v) be the marginal pdf ofv ∼ N(0,Σ22),

andh(ϵ, u|v) be the conditional pdf ofϵ, u|v ∼ N(µϵ,u|v,Σϵ,u|v), whereµϵ,u|v = Σ12Σ
−1
22 v, andΣϵ,u|v =

Σ11 − Σ12Σ
−1
22 Σ21.

Then, the likelihood contribution of this regime is

L1 =

m∏
j=1

M−1
j

∫ ∞

−W ′α

∫ ∞

−Z′
1β1

. . .

∫ ∞

−Z′
mβm

f(u, v, ϵ)dum . . . du1dϵ

=

m∏
j=1

M−1
j g(v)

∫ ∞

−W ′α

∫ ∞

−Z′
1β1

. . .

∫ ∞

−Z′
mβm

h(ϵ, u|v)dum . . . du1dϵ

=

m∏
j=1

M−1
j g(v)Φm+1(r + µϵ,u|v; Σϵ,u|v),

where
∏m

j=1M
−1
j is the Jacobian determinant of the variable transformation from[v1, v2, . . . , vm]′ to [M1,M2, . . . ,Mm]′,

andr = [rϵ, r1, r2, . . . , rm]′ = [W ′
iα,Z

′
1β1, Z

′
2β2, . . . , Z

′
mβm]′.

B.2 Regime in equation(3):DP = 1, DMj
= 1 for j = 1, . . . , l, DMj

= 0 for j = l + 1, . . . ,m

Next, we consider a mixed regime, in which the firstl materials are collected, while the others are not.15 Here,

let ṽ be anl-vector containing the firstl elements ofv. Then, [ϵ, u, ṽ]′ has a(1 + m + l)-variate normal

15This regime also includes the case:DP = 1, DMj = 0 ∀j.
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distribution, with zero mean, and the covariance matrixΣ̃. Σ̃ is an(m+ l+1)× (m+ l+1) sub-matrix ofΣ.

This is shown as

Σ̃ =

 Σ11 Σ̃12

Σ̃21 Σ̃22

 .

Let g(ṽ) be the marginal pdf of̃v ∼ N(0, Σ̃22), and leth(ϵ, u|ṽ) be the conditional pdf ofϵ, u|ṽ ∼

N(µϵ,u|ṽ,Σϵ,u|ṽ), whereµϵ,u|ṽ = Σ̃12Σ̃
−1
22 ṽ, Σϵ,u|ṽ = Σ11 − Σ̃12Σ̃

−1
22 Σ̃21.

Then, the likelihood contribution of this regime is described as follows:

L2 =

l∏
j=1

M−1
j

∫ ∞

−W ′α

∫ ∞

−Z′
1β1

. . .

∫ ∞

−Z′
lβl

∫ −Z′
l+1βl+1

−∞
. . .

∫ −Z′
mβm

−∞
f(ϵ, u, ṽ)dum . . . du1dϵ

=

l∏
j=1

M−1
j g(ṽ)

∫ ∞

−W ′α

∫ ∞

−Z′
1β1

. . .

∫ ∞

−Z′
lβl

∫ −Z′
l+1βl+1

−∞
. . .

∫ −Z′
mβm

−∞
h(ϵ, u|ṽ)dum . . . du1dϵ

=

l∏
j=1

M−1
j g(ṽ)Φm+1(D(r + µϵ,u|ṽ);D

′Σϵ,u|ṽD),

whereD = diag(2Dp − 1, 2DM1 − 1, . . . , 2DMm − 1).

B.3 Regime in equation(4) and equation(5):DP = 0

Finally, we consider the regime in which a municipality does not implement garbage pricing. In this regime,

the likelihood contribution is described as follows:

L3 = Φm+1(Dr;D′Σ11D).

Aggregating the contributions of likelihoodsL1i, L2i, andL3i, the following log likelihood function is

derived.

logL =

n∑
i=1

DPiDMi logL1i +DPi(1−DMi) logL2i + (1−DPi) logL3i. (6)

Maximizing the equation (6) using a GHK simulator (Gewekeet al.(1994)) for numerical integration, we obtain

the maximum likelihood estimates16 of the parametersα, βj , γ, γPj , ρ
uu, ρuu, σj , ρ

vv, andσ.

16Previous studies that use DSSM, such as Mohanty (2012), use Heckman’s two-step estimation instead of a maximum likelihood

estimation.
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Figure 2: Remaining Landfill
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Figure 3: Distribution of the Garbage Price
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