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a b s t r a c t

The intensive production and use of toxic chemicals have resulted in adverse impacts on human health
and the ecosystem. In recent years, global interest and need have called for the examination of the
impact of environmental management and sustainable growth strategies on human and ecosystem
health. Understanding the drivers of chemical pollution can allow more targeted strategies to be
developed to reduce the toxicological footprint (ToxF) of economies. Furthermore, examining temporal
trends can evaluate the impact of these drivers on the over-all performance of an economy. In Japan, no
comprehensive quantitative research on analyzing the main factors of ToxF has been done previously. To
address this gap, this work develops a hybrid approach, which integrates inputeoutput analysis and
structural decomposition analysis, to identify the socio-economic determinants of changes in ToxF. This
study examines the period between 2001 and 2015 using production and consumption-based per-
spectives at the sectoral level. The Japanese Pollutant Release and Transfer Register (PRTR) database is
used as a reference for the toxic chemical releases while the Eora database is utilized to develop annually
competitive input-output tables. The results indicate that the overall ToxF from the Japanese industrial
sectors decreased by 49% (�154 kt) during the period analyzed. The consumption structure and emission
intensity have significantly contributed to the mitigation of ToxF, corresponding to 317 kt (�101%) and
194.5 kt (�62%), respectively. The production structure and consumption volume were the main driving
forces for the increase in ToxF contributing 344 kt (110%) and 12.4 kt (4%), respectively. However, pop-
ulation growth had an insignificant effect on ToxF. The results from this time series analysis of ToxF
changes, together with the proposed policy implications, are useful for manufacturers, policy makers and
other relevant partners. These insights can be used in developing policies for the management of toxic
materials and for establishing less toxic supply chains. Furthermore, insights from this work can be
utilized to further develop specific indicators for monitoring the environmental impact of toxic
chemicals.
© 2020 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND

license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The global production and use of chemical substances have
increased rapidly in recent decades (Wyke et al., 2014). It is esti-
mated that there are now over 100,000 different chemicals used in
everyday life (Persson et al., 2019). These chemicals have contrib-
uted to adverse environmental impacts (e.g., air, water, land)
because of poor control and management, complicated trans-
boundary properties, and complex global supply chains (Persson
. Nguyen).

r Ltd. This is an open access article
et al., 2019). If such conditions persist, the impacts will become
detrimental to human health (He et al., 2016) and ecosystems
(Diamond et al., 2015). The Secretariat of the Convention on
Biological Diversity (2010) has identified chemical pollution as
one of five main pressures which adversely affects global biodi-
versity. The others are unsustainable use, habitat loss, climate
change, over-exploitation of resources and invasive alien species
(Sala and Goralczyk, 2013). In recent years, the need to assess
environmental management and sustainable development strate-
gies in consideration of these five main pressures has emerged.
Thus, in terms of toxic chemical pollution, adequate toxic chemical
control and management are necessary to protect the environment
and to develop economies sustainably (UNEP, 2013).
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Fig. 1. Changes in total toxic chemical releases relative to Japanese industrial value-added. Source: Value added (own elaboration based on Eora database (Eora, 2019) and Statistics
of Japan (E-Stat, 2019); Total toxic chemical releases (MOE, 2019).
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There are laws and regulations which have been issued to
manage chemical pollution in different parts of the world. The
European countries, for example, have the regulation REACH (i.e.,
Registration, Evaluation, Authorization and Restriction of Chem-
icals, REACH) (EC, 2013); the United State Environmental Protection
Agency has the Toxic Substances Control Act (EPA, 2016); while
Japan has the Chemical Substance and Control Law (CSCL) and the
Pollutant Release and Transfer Register (PRTR) Law (MOE, 2014).
The main objective of these regulations is to provide strategies to
reduce abatement costs and to minimize the potential risks in the
use of chemical substances. These regulations normally use
different indicators to evaluate the level of chemical toxicity and
potential risks on humans and the ecosystem. The indicators, which
can monitor toxic chemical releases at the macro-level (i.e., toxi-
cological footprint, ToxF) (Koh et al., 2016), are needed to achieve
toxicity reduction targets and to develop the indicators for poten-
tial environmental impacts of toxic chemicals (i.e., chemical foot-
print, ChF) (Persson et al., 2019; Nordborg et al., 2017). These
indicators (ToxF, ChF) are significant in accounting for human
health and ecosystem damages. Furthermore, a better under-
standing of these indicators is helpful in selecting cleaner supply
Fig. 2. Research
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chain networks in the production of goods or services. For example,
toxic chemicals are being utilized and emitted at each step of the
production supply chain and the selection of less toxic raw mate-
rials or the use of more sustainable hazardous treatment technol-
ogies can help reduce a system’s chemical footprint. Other
footprints such as carbon footprint (Pekala et al., 2010), land foot-
print (Foo et al., 2008) and water footprint (Hoa et al., 2013) have
been commonly used as important indicators to describe the
environmental impact of a nation’s consumption using a life cycle
perspective (S€orme et al., 2016). �Cu�cek et al. (2012) provided a re-
view on the various footprints utilized for examining the sustain-
ability of systems. However, the studies on ChF have not been fully
implemented because of insufficient information and data on the
chemical uses and releases, exposure pathways and chemical effect
(Sala and Goralczyk, 2013; S€orme et al., 2016).

According to Koh et al. (2016), different drivers (i.e., socio-
economic factors, technology factors) can influence the changes
in toxic chemical releases of an economy. In-depth understanding
of the trends in chemical emissions and the key factors which
contribute to the generation and use of hazardous chemicals may
help decision makers in developing more effective chemical
framework.



Fig. 3. Processing IO tables.
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management policies. Changing socio-economic conditions and
technological factors, for example, can improve production effi-
ciencies. Such changes support industrial manufacturers in the
design of less toxic supply chain networks. Numerous studies based
on a robust analytical framework for analyzing the changes of
environmental pollutants (Cansino et al., 2016; Nguyen et al.,
2018a) are available in the literature. However, these have mostly
focused on carbon footprints (Nguyen et al., 2018d; Wei et al.,
2017), and indicators associated with resource use such as water
footprint and land footprint (Hertwich et al., 2010). Research on
indicators for hazardous emissions such as ToxF and ChF has been
limited (Koh et al., 2016; Fujii et al., 2017). Yang et al. (2019)
quantified the changes in consumption-based PM2.5 emissions of
Bejing while the analysis for other chemicals were lacking. Koh
et al. (2016) analyzed the changes in the chemical releases in the
US economy for specific years within the period of 1998e2013
using a production-based perspective and with no analysis from
the consumption perspective. However, an understanding of both
production and consumption-based perspective is important for
monitoring the economic activities of a country. Furthermore, Koh
et al. (2016) evaluated the chemical emissions only for selected
years within the period of 1998e2013 thereby making the analysis
less accurate especially for the years which were not accounted for.
Fujii and Managi (2012) used logarithmic mean Divisia index (Ang
et al., 1998) to analyze changes in toxic chemical emissions via end-
3

of-pipe treatment from 1991 to 2008 in US. Meanwhile, Fujii et al.
(2017) investigated the changes in toxicity of chemical releases
during 1998e2009 in US with particular focus on the demand
perspective and treatment side based on the multiregional input-
output analysis framework. Similarly, these previous works have
only considered one perspective and have failed to analyze factors
from both the production and the consumption perspectives.

To address this research gap, this study develops a hybrid IO and
structural decomposition analysis method (Nguyen et al., 2018a)
based on the work of Koh et al. (2016) to analyze the factors which
influence annual toxic chemical releases in a country using both
production and consumption-based perspectives. In this work,
Japan is used as the case study for the following reasons: (1) Japan
is one of the top countries with high amounts of chemical pro-
duction, use and releases (OECD, 2014). The information system of
its toxic chemical releases (i.e., PRTR), is available and well
compiled. Meanwhile, only toxic chemical data for different in-
dustrial sectors from OECD member countries have been provided
to the public, while data of other countries are not available or not
open access. (2) According to the Japan Chemical Industry Associ-
ation (JCIA, 2012), Japan’s chemical industry is ranked third in
global chemical trade. (3) The Japanese industrial sectors have
successfully reduced chemical releases from 313 kt in 2001 to
155 kt in 2015 (MOE, 2019) while maintaining the value added to
the economy by industrial sectors (see Fig.1). This trendmeans that



Fig. 4. Spearman’s rank correlation between final demands from government IO tables
and processed Eora IO tables.

Fig. 5. Spearman’s rank correlation between gross outputs from government IO tables
and processed Eora IO tables.
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economic activities in Japan decreased toxic chemical releases
without sacrificing their economic productivity. This performance
is desirable for sustainable economic development. However, the
main factors contributing to toxic chemical emission reduction in
the Japanese industrial sectors are yet to be fully understood. To
date, there has been no quantitative research that provides a basis
for understanding the main factors which influence the toxic
chemical releases from the Japanese industrial sectors in consid-
eration of temporal conditions. Thus, using the Japanese toxic
chemical database to emphasize the insights on the main factors,
which influence the changes in toxic chemical release over time,
will not only be helpful in designing highly efficient supply chain
networks for the Japanese economy but will also be supportive of
initiatives towards developing less toxic international supply chain
networks in consideration of chemical trade between Japan and
other countries (i.e, among OECD member countries where PRTR
database is available).

The structural decomposition analysis framework developed in
this paper will quantify the contributions of five factors: population
growth, changes in emission intensity, changes in production
structure, changes in consumption structure, and changes in con-
sumption volume. Furthermore, this study applies the ToxF indi-
cator of toxic chemical releases introduced by Koh et al. (2016) to
quantify all toxic emissions along the entire domestic supply chain
of Japanese industrial sectors. In addition, this work also proposes a
method for developing the competitive input-output (IO) tables for
national accounting from the Eora national IO tables (Eora, 2019).
The Eora database has annual data available for 190 countries
within the period of 1970e2015. The use of annually competitive IO
tables provides better resolution in comparison to studies which
have only used national IO tables published by the government
typically every 5 years. Other researchers can apply this method to
develop annual national IO tables for national accounting and
economic-environmental impact assessment. The results of this
work are intended for the community of researchers who are
interested in quantifying different indicators of chemical pollution.
Moreover, the results from the time series analysis of ToxF changes
can be useful for policy makers, industrial sectors, manufacturers
and relevant partners, in developing toxic management policies
and selecting cleaner production supply chains, which have
recently become topics of interest for research communities (de
4

Oliveira et al., 2018). This ToxF indicator can be extended to
develop a chemical footprint indicator at the national level. Finally,
the insights from the Japanese case study can provide lessons in the
efficient and effective management of chemicals. The remainder of
this paper is organized as follows. Section 2 outlines the methods
used in this work. Section 3 explains data used in this context.
Results and discussion are then given in Section 4. Finally, Section 5
presents policy implications while concluding remarks are
mentioned in Section 6.

2. Method

This section discusses the development of the hybrid approach
for analyzing the ToxF of economies. The hybrid approach in-
tegrates the IO model with structural decomposition analysis to
adequately allocate the contribution of emission intensity, popu-
lation, production structure, consumption structure and con-
sumption volume on the toxic releases of an economy. Compared to
previous studies, this paper analyzes the changes in total chemical
emissions for each year based on these five factors not only from
the production perspective but also from the consumption
perspective which includes six categories (i.e. government,
household, capital, inventory and acquisitions less disposals of
valuables, export and import). Previous studies normally ignore the
consumption perspective. Furthermore, previous studies have
focused on some specific years while many other years within the
considered period were not taken into account. All these short-
comings may lead to inaccurate results from the model.

The research framework developed to obtain the objectives of
the study is given in Fig. 2:

2.1. Input e output analysis (IOA)

IOA has been traditionally applied to capture the interrelation-
ship between various economic sectors in an economic system.
Basically, the IO model consists of a system of linear equations in
which the total gross output of the system is equal to the inter-
mediate demand, which refers to the internal consumption in the
system, plus the final demand (i.e., household and government
consumption) (Leontief,1936). More detailed discussions of IOA can
be obtained from Miller and Blair (2009). For an economic system
with m economic sectors, the parameter x denotes the m � 1



Fig. 6. Accumulated changes in ToxF by decomposition factors (%).
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column vector for gross domestic output with elements xi to
represent each economic sector i. y represents an m � 1 final de-
mand column vector with elements yi, and Z is the m � m square
matrix which contains input-output transactions with elements Zij.
In matrix notation, the IO model can be stated as follows:

x ¼ Z e þ y (1)

where e ¼ [1, 1,…, 1]T is the m � 1 column vector with elements of
value 1;

Let A denote the technical coefficient matrix which is an m � m
square matrix with elements aij (aij ¼ Zij/xj) expressing the amount
of commodity from the ith sector required to produce one unit of
gross domestic output from the jth sector. ½xj� is transposed from ½xi�.
On the basis of this, Eq. (1) can be rewritten as:

Ax þ y ¼ x or (I e A)�1 y ¼ x (2)

where I represents an m � m identify matrix and (I e A)�1 is the
m � m Leontief inverse matrix (L) representing the production
structure of the economy. This expresses the input requirements for
an economy’s production.

By supplementing environmental factors into the economic IO
framework, an environmental burden which is represented by a
“footprint” can be assigned to these monetary transactions. Previ-
ous studies mainly focused on individual indicators of water
pollution (Nguyen et al., 2018b), greenhouse gas (GHG) emissions
(Wiedmann and Barrett, 2011), and CO2 emissions (Suh, 2009;
Nguyen et al., 2018c,d). The work of Tan et al. (2012) used a fuzzy
inputeoutput optimization model to reflect the production and
consumption of bioenergy in simultaneous consideration of land,
water and carbon footprint constraints. Such a framework can be
extended to account for ToxF. In this context, toxic chemical
emissions contributed by the Japanese industrial sectors are
considered as the environmental burden. This environmental
intervention characterizes the toxic releases into air, water and soil
of an additional 1 million yen of gross domestic output from each
industrial sector.

LetQ represent a row vector of dimension 1�m to represent the
environmental effect (i.e., the toxic chemical releases from the
production of total output of each industrial sector); f denotes a
1�m row vector of direct emission intensity, where its elements, fj,
refers to the amount of toxic chemicals emitted by the jth sector
divided by the sector’s gross output.
5

f ¼ Environmental effect vector = Total gross domestic output

¼ Q ½bx�1

(3)

or total sectoral emissions Q ¼ f bx (4)

where ½bx��1 denotes an inverse of the diagonalized gross output
matrix bx, which is a square matrix whose diagonals correspond to
the elements of vector x.

Substituting Eq. (2) into Eq. (4) yields:

Q ¼ f ðI � AÞ�1 by ¼ f L by (5)

where by represents the diagonalized final demand matrix.
Let the vector for total emission intensity T ¼ f L, Eq. (5)

becomes:

Q ¼ T by (6)

Thus, the toxicological footprint (ToxF ¼ P
j
Qj , where Qj is the

toxicological footprint of the jth sector) in kg per year of toxic
chemical emissions (kg/year) is given by multiplying the total
emission intensity vector (kg/ million yen) by the diagonalized final
demand matrix (1 million yen).

2.2. Input-output structural decomposition analysis (IOSDA)

Structural decomposition analysis has been applied for identi-
fying determinants or drivers which influence the changes in IO
systems. Frequently used methods of structural decomposition
analysis consist of the LMDI method (Shrestha et al., 2009; Cansino
et al., 2015), the STIRPAT method (Shuai et al., 2017; Fu et al., 2015),
the IPCCmethod (IPCC, 2006), and the Kaya Indexmethod (Nguyen,
2012; �Streimikien _e and Balezentis, 2016). These methods have the
capacity of examining the various driving forces of the economy.
However, they have failed to provide an overview analysis of how
the linkages among the various economic sectors and other eco-
nomic structural factors affect energy use and environmental pol-
lutants. Furthermore, they could not simultaneously quantify the
changes at production, consumption and sectoral scales. Recently, a
hybrid IO structural decomposition analysis (IOSDA) model, which
takes advantage of economic IO tables, is used to provide a more
detailed evaluation of changes in economic structure over time



Fig. 7. Contributions of driving factors to ToxF changes between 2001 and 2015 (kt).
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(Xie, 2014). IOSDA was first introduced by Rose and Chen (1991) to
assess the changes in energy use in the US economy. Rose and
Casler (1996) later proposed the basic principles to indicate equa-
tions for decomposition analysis. Recently, several researchers have
used IOSDA to identify socio-economic and technological factors
which affect the changes of CO2 pollutants for China’s economy
(Wang et al., 2013; 2019), for the Spanish economy (Cansino et al.,
2016) and for the Vietnamese economy (Nguyen et al., 2018a). This
method was also used in analyzing the CO2 pollution embodied in
trade between countries (Wang et al., 2017; Xu and Dietzenbacher,
2014) and in projecting future low-emission scenarios
(Shahiduzzaman and Layton, 2017). These studies focused mostly
on CO2 emissions, while analyses of driving factors of changes of
hazardous emissions have still been limited. Furthermore, most of
these studies analyzed the changes from the production perspec-
tive, while the analyses of changes from the consumption patterns
were not performed. Decomposition of total final demand into
different consumption categories to show the effect of changes in
export, import and other consumption categories have not been
reported. In this study, IOSDA is used to analyze the annual varia-
tions of ToxF resulting from activities of the Japanese industrial
sectors within the period of 2001e2015 from the production
perspective. IOSDA is then developed to quantify the changes in
ToxF in terms of the consumption perspective.

From the production perspective, this study considers 5 socio-
economic-technological factors, namely: production structure (L),
emission intensity (q), population (p), consumption structure (ys),
and consumption volume (yv). In which, ys, yv, p are decomposed
from the final demand (y):

y ¼ ys yv p. (7)

where yv is expressed as consumption volume: yv ¼Pm
i

�
yi
p

�
with yi

denoting final demand of the ith sector; ys is am x 1 column vector

representing consumption structure, its elements, ys;i ¼
yi
pP

i

�
yi
p

�.
The five factors which contribute to the change of ToxF are as

follows:

� Production structure (L): is the Leontief inverse matrix, it refers
to an economic multiplier which indicates how a dollar increase
in production ripples through the entire economy. For example,
6

when final demand of food manufacturing increases by 1 unit,
there is a need to increase the production itself to meet its direct
demand. However, all other sectors which serve as inputs into
the food manufacturing sector (i.e. agriculture) should also in-
crease. Furthermore, by virtue of interdependency, an increase
in production of one sector results in an indirect need to in-
crease production of other sectors. Hence, any change in the
production structure will affect the whole economy and the
corresponding sectoral emissions.

� Emission intensity (f): represents technology factor (i.e.,
advanced pollution treatment technology).

� Population (p): reflects the increase or decrease of population in
the period.

� Consumption structure (ys): in IO tables there are six con-
sumption categories of final consumption from domestic pro-
duction. This includes government (G), household (H), capital
(C), inventory and acquisitions, less disposals of valuables (M),
export (Ex) and final consumption imported from other coun-
tries (import, Im). Therefore, final demand (y) can be written as:
y¼ GþHþ CþMþ Exe Im. Based on this, it can be stated that
the final demand of the economy will change when there is a
change in consumption from domestic production or from
import activities.

� Consumption volume (yv): represents an increase or decrease
per capita in total final consumption.

Therefore, Eq. (5) can be transformed to:

Q ¼ p f L bys yv or ToxF ¼ p f L ys yv (8)

Where bys refers to the diagonalized consumption structure matrix.
Q is row vector of sectoral toxicological footprint while ToxF is total
toxicological footprint of entire economy.

Over a given time period, any change in toxicological footprint
ðDToxFÞ in an economy can be defined by Eq. (9) where the five
factors namely emission intensity, population, production struc-
ture, consumption structure and consumption volume, entirely
account for the decrease or increase in total toxic chemical emis-
sions from the production perspective.

DToxF ¼ ðp’� pÞf L ys yv þ pðf ’ � fÞ L ys yv þ p f ðL’ � LÞ ys yv
þ p f L ðys ’ � ys Þ yv þ p f L ysðyv0 � yvÞ

(9)

where parameterswith primemark represent values for the next or
succeeding year (t þ 1) while parameters without prime mark
denote values for the current year (t). For example, ðp’�pÞ is the
change in population from this year to the succeeding year, and this
term ðp’� pÞf L ysyv represents the change of ToxF resulting from a
change in populationwith emission intensity, production structure,
consumption structure and consumption volume staying constant.
Eq. (9) can be solved by standard matrix calculations.

From the consumption perspective, the effect of consumption
structure and consumption volume from Eq. (9) can be further
broken down into the 6 categories of final demand (e.g., govern-
ment (G), household (H), capital (C), inventory and acquisitions less
disposals of valuables (M), export (Ex) and import (Im). In which,
the effect of consumption structure are indicated in Eq. (10):



Fig. 8. Changes in ToxF due to production structure of the metal mining sector (in kt).
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p f Lðys ’ � ysÞ yv ¼ p f LðGs
’ � GsÞ yv þ p f LðHs

’ �HsÞ yv
þ p f LðCs ’ � CsÞ yv þ p f LðMs

’ �MsÞ yv
þ p f LðExs ’ � ExsÞ yv � p f LðIms

’

� ImsÞ yv
(10)

Parameters with prime mark represent values in the next or
succeeding year (t þ 1) while parameters without prime mark
denote values for the current year (t). For example, ðGs

0 �GsÞ is the
change in consumption structure of the government from the

reference year to the following year, and the term p f LðGs
’ � GsÞyv

represents the ToxF resulting from a change in consumption
structure of the government with the consumption structure of
other final demand categories kept constant.

In the same way, the effect of consumption volume can be
decomposed into these 6 categories of final demand:

p f L ys ðyv0 � yvÞ ¼ p f L ys ðGv
0 � GvÞ þ p f L ys ðHv

0 �HvÞ
þ p f L ys ðCv0 � CvÞ þ p f L ys ðMv

0

�MvÞ þ p f L ysðExv0 � ExvÞ
� p f L ysðImv

0 � ImvÞ
(11)

where parameters with prime mark give values for the next or
succeeding year (tþ1) while parameters without prime mark
represent values for the current year (t). For example, ðGv

0 �GvÞ is
the change in consumption volume of the government from this
year to the following year, and the term p f L ysðGv

0 � GvÞ repre-
sents the change in toxic chemical releases resulting from a change
in consumption volume of the government, with the consumption
volume of other final demand categories staying constant.
3. Data collection

This section discusses the data sources used for the assessment
and provides information on the level of detail necessary for con-
ducting a similar analysis for other countries.
7

3.1. Toxic chemical and population data

Data for toxic chemical release from the Japanese industrial
sectors are taken from Japan’s pollutant release and transfer reg-
ister (PRTR) database which is published by the Japanese Ministry
of the Environment (MOE, 2019). Japan’s PRTR, which was estab-
lished in 1999 as a voluntary effort, contains a publicly accessible
database or inventory of toxic chemicals or pollutants released
from industrial facilities or by other business operators segregated
by route of release - to air, water, and soil, and those transferred
offsite for treatment (Miho et al., 2015; Nguyen et al., 2020). At first,
there were 354 chemicals regulated as “class 1 designated chemical
substances”, but since 2010, it has increased to 462 chemicals.
Business operators of listed industries above the threshold (MOE,
2019), with 21 or more employees and consuming more than 1 t/
y of chemicals, must report to the national government the annual
chemical releases from each facility. The data are then compiled by
the agency and subsequently provided to the public. In addition,
the national government estimates the release of chemicals to the
environment from outside this system (i.e., from small business
operations, households, and mobile sources) and discloses the data
to the public (METI, 2017).

In the PRTR database, chemical data on 45 sectors are available
starting in 2001. Therefore, the study period for this work is from
2001 to 2015. These industries are then aggregated into 37 main
sectors because sectors which have less toxic chemical releases are
aggregated in these main sectors. For instance, gas and heat sectors
are aggregated into the gas sector. Sectors such as agriculture,
construction and so on, which are not reported in the PRTR system,
are considered to have no chemical emissions and are aggregated
into Sector 1, defined as “Rest of sectors” as shown in Table 1.
Table 1 shows the list of the 38 industrial sectors while the corre-
sponding emission intensity of these sectors is listed in Table A1 in
the Appendix.

Besides toxic chemical emission data, the population data for
the period 2001e2015 were collected from the Statistics Bureau of
Japan (SBJ, 2018; 2019).
3.2. Input-output (IO) data

3.2.1. Non-competitive and competitive IO tables
In IO tables, there are twoways of treating import values. One, is



Table 1
Nomenclature of 38 economic sectors.

Sector code Economic sector name

1 Rest of sectors
2 Metal mining
3 Crude petroleum and natural gas production
4 Manufacture of food
5 Manufacture of beverages, tobacco and feed
6 Manufacture of textile products
7 Manufacture of wearing apparel and other textile products
8 Manufacture of lumber and wood products
9 Manufacture of furniture and fixtures
10 Manufacture of pulp, paper and paper products
11 Manufacture of publishing, printing and allied products
12 Manufacture of chemical and allied products
13 Manufacture of petroleum and coal products
14 Manufacture of plastic products
15 Manufacture of rubber products
16 Manufacture of leather tanning, leather products and fur skins
17 Manufacture of ceramic, stone and clay products
18 Manufacture of iron and steel
19 Manufacture of non-ferrous metals and products
20 Manufacture of fabricated metal products
21 Manufacture of general machinery
22 Manufacture of electricity machinery, equipment and supplies
23 Manufacture of transportation equipment
24 Manufacture of precision instruments and machinery
25 Miscellaneous manufacturing industries
26 Electricity industry
27 Gas industry
28 Water supply
29 Railway industry
30 Waterhouse industry
31 Petroleum wholesale, scrap ion wholesale, automobile wholesale, fuel retail industries
32 Laundry industry
33 Automobile maintenance and machinery, equipment repair industries
34 Product testing, measurement certification, photography
35 General waste disposal, industrial waste disposal, special management industrial waste disposal
36 Medical and other health service
37 Education
38 Research

H.T. Nguyen, K.B. Aviso, M. Fujioka et al. Journal of Cleaner Production 290 (2021) 125681
referred to as the “competitive IO table,” wherein domestic prod-
ucts and imports are considered as identical if they are of the same
kind of good. The other method is referred to as the “non-
competitive IO table,” where domestic products and imports are
treated separately even if they fall under the same type of goods
(MIC, 2019). The non-competitive IO table is converted into the
competitive IO table by combining it with import tables. In most
studies, the competitive IO tables are used for national accounting,
IO analysis, and evaluation of economic-environmental impacts.
According to the Statistics of Japan (E-Stat, 2019), the database for
Japanese IO tables published by the Japanese government contains
basic IO tables (more than 500 sectors), medium aggregated IO
tables (more than 100 sectors) and minor aggregated classification
tables (190 sectors). However, these Japanese IO tables are available
only for the years of 1990, 1995, 2000, 2005, 2011 and 2015 while
those for other years are not available (MIC, 2019). To compre-
hensively evaluate the factors which contribute to the changes in
total toxic chemicals, annual IO tables should be used. Therefore,
annual Japanese non-competitive IO tables collected from the Eora
database (Eora, 2019) are utilized for this purpose.

3.2.2. Eora IO tables
The Eora database was developed by the Integrated Sustain-

ability Analysis (ISA) and includes multi-region input-output tables
(MRIO) and national IO tables for 190 countries (Eora, 2019). Eora
national IO tables contain domestic supply and use tables (SUT) for
each country, which were sourced from national statistical offices.
These IO tables keep the original sector classifications of the data.
8

Thus, the sectors of Eora national IO tables are well correlated with
the sectors of national IO tables as published by the respective
governments. Eora Japanese IO tables used the Japanese standard
industrial classification, and they are available for the years
1970e2015 (Eora, 2019). These IO tables contain 402 columns and
rows of domestic transactions, with 6 final demand columns, 190
export columns, 6 value-added rows and 190 import rows. Using
the Eora Japanese IO tables for this study has three advantages.
First, Eora Japanese IO tables are available for every year from 1970
to 2015. In this study, only the data from 2001 to 2015 are used
since these are consistent with the chemical release data from the
Japanese PRTR. To correct for inflation, the Eora Japanese IO tables
for 2001e2015 are then converted from the current price (US
dollars) into 2001 constant price (2001 Japanese yen) using price
deflators (The World Bank, 2019a) and exchange rate indicators
(The World Bank, 2019b). Second, the Eora Japanese IO tables
contain very disaggregated sectors (402 sectors) which are almost
similar to the Japanese basic IO tables (509 sectors for 2015 IO table)
as published in the Statistics of Japan (E-Stat, 2019). This makes it
possible to perform detailed analysis. For example, the metal
mining sector has less gross output but its toxic chemical emissions
result in high potential effect on ecosystem damage and human
health. In aggregated IO tables, the metal mining sector is included
in a more general sector e the mining sector, thus it is difficult to
calculate if a study desires to focus on the metal mining sector only.
One way to deal with this problem is to use methods for dis-
aggregating the mining sector into the metal mining sectors and
the other mining sectors, but this method consumes times and



Table 2
Contributions of driving factors to ToxF changes (kt).

Year period
(1)

This
year

DpfLys yv pDfLysyv pfDLysyv pfLDysyv pfLysDyv Next year
(8)

DToxF
(9)

(unit:kt)
(2)

Change in
population (3)

Change in emission
intensity (4)

Change in production
structure (5)

Change in consumption
structure (6)

Change in consumption
volume (7)

2001
e2002

313.29 0.35 �18.21 26.74 �25.77 �5.74 290.66 �22.62

2002
e2003

290.66 0.42 5.14 39.78 �41.30 �7.59 287.12 �3.54

2003
e2004

287.12 0.16 �15.45 79.84 �80.60 �5.76 265.31 �21.81

2004
e2005

265.31 0.17 �17.66 101.60 �93.58 �0.93 254.92 �10.39

2005
e2006

254.92 0.00 �25.85 70.88 �56.46 �0.09 243.40 �11.52

2006
e2007

243.40 0.00 �17.95 2.42 3.61 2.21 233.68 �9.71

2007
e2008

233.68 �0.15 �36.70 18.19 �8.19 �6.58 200.27 �33.42

2008
e2009

200.27 �0.29 �0.15 �18.72 1.71 �8.14 174.68 �25.59

2009
e2010

174.68 0.76 �0.39 1.79 2.52 0.72 180.07 5.40

2010
e2011

180.07 �0.37 �2.65 3.30 �2.47 �4.71 173.17 �6.91

2011
e2012

173.17 �0.39 �13.44 2.79 �3.56 2.85 161.41 �11.76

2012
e2013

161.41 �0.28 �8.64 14.73 �11.11 2.92 159.03 �2.38

2013
e2014

159.03 �0.27 �18.51 �0.94 �1.58 21.89 159.62 0.59

2014
e2015

159.62 0.02 �24.07 1.60 0.16 21.39 158.72 �0.90

2001
e2015

0.14 ¡194.54 344.01 ¡316.62 12.44
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result in data uncertainties. However, in basic IO tables or Eora IO
tables, the metal mining sector is treated separately, thus making
the calculation more straightforward. For IO studies, results are
more accurate and easier to calculate when IO tables are more
disaggregated. Lastly, since sectors in the Eora Japanese IO tables
and in the PRTR database are both classified using Japanese stan-
dard industrial classification (Eora, 2019; MOE, 2004), making it
easy to match the data between the two databases. In other words,
sectors from the Eora Japanese IO tables are well correlated with
sectors from the PRTR database, thus uncertainty is reduced
because of this matching process.
3.2.3. Processing IO tables and validation process
Although the Eora IO tables have many advantages, they are

non-competitive IO tables. Therefore, there is a need to convert
them into competitive IO tables by combining the informationwith
import tables obtained from Statistics of Japan (E-Stat, 2019). The
import tables show the transactions of import values among sec-
tors in the form of a matrix. The sectors in these import tables are
well represented in the transaction tables (medium aggregated
competitive IO import tables with more than 100 sectors). In the
Statistics of Japan, the import tables are available for the years of
2000, 2005, 2011 and 2015 withmore than 100 sectors which differ
year by year. The processes for developing non-competitive IO ta-
bles into competitive IO tables, and the process for matching sec-
tors between the PRTR database and the Japanese IO tables are
shown in Fig. 3. The details of these IO processes are given in the
Appendix.

The resulting competitive IO tables are then validated by
comparing them with competitive IO tables published by the Jap-
anese government using (i) Spearman’s rank correlation
9

coefficients and (ii) statistical test at a level of significance of a ¼
0:05. Spearman’s rank correlation coefficients were computed us-
ing final demand and gross output between these two sorts of IO
tables. The correlation coefficient is used to ensure that the
generated competitive IO tables corresponded well with the
competitive IO tables from the government. Microsoft Excel is used
for doing these tasks. The results of using Spearman’s rank corre-
lation coefficients between two 2005 IO tables, shown in Fig. 4 and
Fig. 5, indicate that there is a high positive correlation for both final
demand and gross output (R2 ¼ 0.99 for each). This result implies
that there is a close match between these two datasets. The results
of the statistical test for these two 2005 IO tables, shown in Table A2
and Table A3 in the Appendix, point out that the differences in final
demand and gross output are not statistically significant. This im-
plies that the Japanese competitive IO tables developed using the
Eora IO tables and import tables can be used for the analysis.
4. Results and discussions

Table 2 shows the summary of the changes experienced in each
driving factor (columns 3e7) and in the toxicological footprint
(DToxF) (column 9). Column 2 and column 8 show the total ToxF for
two succeeding years. Meanwhile, Fig. 6 shows the contribution of
each factor on the accumulated change in ToxF. The plotted line
indicates the changes in ToxF of Japan as a ratio of that in the base
year 2001, and the stacked columns show the effects of different
factors on the chemical releases. The summation of the stacked
column score is equal to the value of the plotted line. Additionally,
Fig. 7 illustrates the changes of each driving factor between 2001
and 2015 while Table 3 shows the contributions of decomposition
factors to changes in ToxF by sectors during the period 2001e2015.



Table 3
Contributions of decomposition factors to changes in ToxF by sector during 2001e2015 (kt).

Sector code
(1)

DpfLysyv pDfLysyv pfDLysyv pfLDysyv pfLysDyv DToxF
(7)

Change in population
(2)

Change in emission
intensity (3)

Change in production
structure (4)

Change in consumption
structure (5)

Change in consumption
volume (6)

1 0 0 0 0 0 0
2 0.02 �6.74 310.80 �316.77 �0.38 �13.06
3 0.00 �0.69 14.88 �14.88 0.00 �0.69
4 �0.02 1.95 0.15 �0.16 0.71 2.64
5 0.00 0.01 0.00 0.00 �0.01 0.01
6 0.02 �3.78 �0.70 �0.98 �0.13 �5.58
7 0.00 �0.09 0.00 �0.10 0.01 �0.18
8 0.00 �1.44 0.20 �0.77 0.12 �1.89
9 0.00 �0.79 �0.16 �0.19 0.02 �1.12
10 0.05 �16.79 �0.07 �0.63 �0.27 �17.72
11 0.04 �16.73 �1.73 �0.05 �0.27 �18.74
12 0.01 �29.75 3.07 1.40 1.67 �23.60
13 0.00 �1.11 0.91 0.12 0.17 0.09
14 0.02 �20.98 �0.16 1.82 1.38 �17.91
15 0.01 �7.98 0.49 1.71 0.43 �5.35
16 0.00 �0.34 �0.04 �0.01 �0.02 �0.40
17 0.01 �6.39 �1.01 �0.08 0.07 �7.40
18 0.01 �9.61 2.47 1.61 0.15 �5.37
19 0.02 �13.75 12.53 �1.80 0.76 �2.24
20 �0.01 �7.24 0.65 �0.98 1.40 �6.18
21 �0.03 �3.95 0.62 1.30 1.18 �0.88
22 0.00 �4.82 �0.58 �0.66 0.37 �5.69
23 �0.01 �35.32 1.14 14.93 3.67 �15.59
24 0.00 �0.78 �0.04 0.07 0.10 �0.64
25 0.03 �7.53 0.71 �1.89 �0.47 �9.14
26 0.00 0.12 0.04 0.00 0.06 0.22
27 0.00 �0.05 0.03 0.01 0.00 0.00
28 �0.01 �1.07 0.13 0.01 0.58 �0.36
29 0.00 �0.03 0.00 0.00 0.01 �0.02
30 0.00 �0.28 0.11 0.05 0.15 0.02
31 �0.02 1.54 �0.39 0.24 0.84 2.21
32 0.00 �0.23 �0.05 0.00 0.01 �0.26
33 0.00 0.17 �0.07 0.07 0.06 0.23
34 0.00 �0.01 �0.01 0.00 0.00 �0.01
35 0.00 0.09 0.05 �0.01 0.05 0.17
36 0.00 �0.01 0.00 0.00 0.00 �0.01
37 0.00 0.05 0.00 0.00 0.02 0.07
38 0.00 �0.02 0.01 0.01 0.01 �0.01
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From Table 2 and Fig. 6, ToxF in Japan consistently decreased
year after year except between 2009-2010 and 2013e2014. In
detail, from Fig. 7, it decreased by 49% from 313 kt in 2001 down to
159 kt in 2015. In consideration of the contributions of each driving
factor to ToxF changes, it reveals that the changes in production
structure and consumption volume resulted in 110% (344 kt) and 4%
(12.4 kt) increases, respectively. Meanwhile, two factors: con-
sumption structure (�101%, 317 kt) and emission intensity (�62%,
194.5 kt) have significantly contributed to the decrease in ToxF in
Japan. The changes in population remained almost constant. The
result from analysis of population growth is similar to the case of
Vietnam (Nguyen et al., 2018a).

The combined effect of these 5 factors to the changes in ToxF by
sector during 2001e2015 can be seen in column 7 of Table 3. Re-
sults show that Sector 12 (Manufacture of chemical and allied
products) had the largest ToxF reduction of 23.6 kt, followed by
Sector 11 (Manufacture of publishing, printing and allied
products, �18.7 kt), Sector 14 (Manufacture of plastic
products, �17.9 kt), Sector 10 (Manufacture of pulp, paper and
paper products, �17.7 kt) and Sector 23 (Manufacture of trans-
portation equipment, �15.6 kt). These reductions were mainly due
to the decrease in the emission intensity of these sectors. The
reason is that there were changes in the technological factors
associated with the production in these sectors. According to Fujii
et al. (2011), there were different green chemical patent applica-
tions which have been applied in these industries since 1971. For
10
example, the reduction of emission intensity in chemical
manufacturing was due to the use of biodegradable packaging and
aqueous solvents instead of the traditional high-toxic materials and
chemicals. The reduction in emission intensity in the trans-
portation equipment was due to the use of biochemical fuel cells.

In consideration of certain chemicals, toluene had the highest
amount of release among chemicals, accounting for 42% of total
chemical release in 2001, where the toluene releases from these 5
sectors accounted for 68% of total toluene release in 2001. During
2001e2015, there was a reduction of 62% in toluene release from
these 5 sectors.

By sub-periods and four important effect factors, the results of
the structural decomposition analysis of changes in ToxF are the
following.

4.1. Emission intensity

Emission intensity contributed to a significant reduction in ToxF
inmost of the periods considered, except for the period 2002e2003
(column 4 in Table 2). The highest reductions in ToxF occurred in
the period of 2001e2002, 2003e2008 and 2013e2015. According
to Fujii et al. (2011), the reduction in ToxF resulting from emission
intensity was the result of the implementation of various regula-
tions and laws for chemical substancemanagement by the Japanese
government. The list of laws and regulations was listed in detail by
Fujii et al. (2011). For example, PRTR law provided a strong



Table 4
Decomposition of consumption structure effect into final demand categories (kt).

Year period Household (H) Government (G) Capital (C) Inventory (M) Export (Ex) Import (Im) Total (pfLDysyv)

2001e2002 �3.23 �0.43 �1.23 0.09 18.56 �39.53 ¡25.77
2002e2003 2.97 2.42 �7.96 9.20 23.53 �71.45 ¡41.30
2003e2004 13.66 �4.50 �1.27 �0.10 32.08 �120.48 ¡80.60
2004e2005 0.62 0.55 �1.42 �0.18 38.13 �131.28 ¡93.58
2005e2006 8.49 �0.89 �1.22 0.56 45.16 �108.57 ¡56.46
2006e2007 �0.41 0.14 0.53 0.67 10.64 �7.96 3.61
2007e2008 4.92 0.33 1.71 �4.30 �0.27 �10.58 ¡8.19
2008e2009 �4.97 1.78 �1.40 �4.04 �35.75 46.09 1.71
2009e2010 �0.27 �0.11 �1.84 0.71 14.64 �10.62 2.52
2010e2011 2.01 0.42 �0.34 0.82 5.72 �11.09 ¡2.47
2011e2012 �0.55 0.64 1.75 0.64 �0.17 �5.88 ¡3.56
2012e2013 3.30 0.48 �1.18 �101.46 20.71 67.03 ¡11.11
2013e2014 �0.22 0.03 1.72 �0.01 �3.34 0.23 ¡1.58
2014e2015 �0.11 0.07 �0.12 �0.06 �4.33 4.71 0.16
2001e2015 26.21 0.95 ¡12.27 ¡97.46 165.32 ¡399.37 ¡316.62
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incentive for business operators to reduce the production of toxic
chemicals. Many industrial sectors have responded to this by
replacing highly toxic chemicals with less toxic ones (e.g., using
aqueous solvents instead of organic solvents), using clean materials
(e.g., using biodegradable packaging instead of traditional pack-
aging) and using clean technologies (e.g., totally chlorine-free (TCF)
bleaching technologies in pulp and paper industry) (Fujii et al.,
2011). In addition, there was proactive work given to contribute
to the reduction of chemical releases. For example, during
2001e2008, the Japanese Chemical Industry Association (JCIA),
which consists of 180 chemical firms and 75 business associations,
carried out different methods to spread the knowledge on the
reduction in effective toxic chemical releases among its member
firms (Fujii et al., 2011). Table 2 also indicates that the reduction in
ToxF during 2008e2011 was negligible. This was due to the global
economic recession which took place in 2008e2009, under which
business operators using chemicals were reluctant to invest in
improving technological factors to mitigate chemical release. The
analysis by sector during 2001e2015 also indicates that emission
intensity contributed to offsetting the increment of ToxF in most of
sectors (Column 3 in Table 3). Sector 23 experienced the highest
reduction (Manufacture of transportation equipment, �35.3 kt),
followed by Sector 12 (Manufacture of chemical and allied
products, �29.8 kt) and then by Sector 14 (Manufacture of plastic
products, �21 kt). In general, these results on ToxF changes by
emission intensity are consistent with the application of green
chemical technology from 1971 to 2010 as carried out by Fujii et al.
(2015) and the PRTR chemical releases conducted by Fujii et al.
(2011).

4.2. Production structure

Production structure has played a prominent role in ToxF in-
crease over the period of 2001e2015, contributing a total of 344 kt
(110%) (column 5 in Table 2 and Fig. 7). The dramatic change
occurred during 2001e2006, while a medium increase happened
during 2007e2008 and 2012e2013. During 2008e2009 alone, the
production structure contributed to a 18.7 kt decrease of ToxF. The
explanation for this situation was the effect of the global economic
recession, which directly affected the price of materials required for
the production of goods and services. The production structure had
a small effect on ToxF during the remaining periods. Sector 2 (Metal
mining) was a main contributor to the increase of ToxF and
contributed 311 kt out of the total ToxF increase (344 kt) by the
production structure in thewhole period (Column 4 in Table 3). The
contribution of the production factor for the metal mining sector is
illustrated in Fig. 8. This shows that the metal mining sector
11
contributed prominently in the increase of ToxF during 2001e2006,
while it had an insignificant effect during other periods. This was
due to the emission intensity of the metal mining sector which was
extremely high during 2001e2006. It has dramatically decreased
since the year of 2006 (Table A1). The influence of production
structure on the drastic changes in emissions intensity in this sector
before and after the year of 2006 can be attributed to the imple-
mentation of Japan’s metal mining policy issued in 2004. This
policy was instituted to reduce the environmental pollution
resulting from the domesticmining sector (Kunitomo, 2005). Under
this policy, Japan closed the domestic metal mines and shifted to
overseas exploration and production. Thus, the toxic chemical re-
leases from metal mining have sharply decreased since 2006.

4.3. Consumption structure

Consumption structure has contributed to a significant decrease
in ToxF from 2001 to 2015 equivalent to 317 kt (�101%) (Column 6
in Table 2, Fig. 7). The high decrease happened during 2001e2006
while other periods have changed only slightly. Sector analysis
shows (see Column 5 in Table 3) that Sector 2 (Metal mining) was
the main contributor in the decrease of ToxF accounting for 317 kt
in the whole period. The decrease in ToxF resulting from the con-
sumption structure was further decomposed into the separate final
consumption categories using Eq. (10). The results are shown in
Table 4. Of the 317 kt (�101%) decrease in ToxF, 399 kt (�127%) was
due to changes in import structure, 97 kt (�31%) was due to
changes of inventory structure and 12 kt (�4%) was due to changes
in capital structure. Meanwhile, the structural changes of two
categories: export (165 kt, 53%) and household (26 kt, 8%) were
responsible for the increase in ToxF. The detailed analysis of
structural changes in the important final demand categories are
considered separately as explained from the consumption per-
spectives (Eq. 10) and indicated as follows.

The high increase in ToxF due to changes of export structure and
the high decrease of ToxF by changes of import structure occurred
during 2001e2006. During this time, the emission intensity of the
metal mining sector was extremely high. Since the total toxic
chemical release in this work was estimated as production-based
emissions, the increase in the production of domestic goods and
services for different purposes (i.e., household, government and so
on) normally results in the incremental increase in pollutants,
whereas the increase in the importation of commodities produced
from other countries may help Japan further decrease chemical
toxic releases. This leads to an opposite effect between export and
import on total ToxF as shown in Table 4. During 2008e2009, there
were irregular changes due to import (46 kt increase) and export



Table 5
Decomposition of consumption volume effect into final demand categories (kt).

Year period Household (H) Government (G) Capital (C) Inventory (M) Export (Ex) Import (Im) Total (p f L ys Dyv)

2001e2002 �5.77 �1.44 �1.95 0.02 4.47 �1.07 �5.74
2002e2003 �3.13 0.83 �4.40 �0.12 �0.01 �0.77 �7.59
2003e2004 4.32 �5.70 �3.06 0.24 5.47 �7.03 �5.76
2004e2005 �1.02 0.34 �0.78 0.20 5.13 �4.80 �0.93
2005e2006 2.69 �1.14 �0.37 0.30 4.53 �6.09 �0.09
2006e2007 0.75 0.31 �0.43 0.13 4.07 �2.61 2.21
2007e2008 �1.81 �0.85 �0.97 0.08 �0.73 �2.30 �6.58
2008e2009 �6.69 1.30 �2.68 �0.70 �14.46 15.09 �8.14
2009e2010 �0.65 �0.04 �1.04 0.13 4.86 �2.54 0.72
2010e2011 �1.82 �0.24 �1.22 0.05 1.09 �2.58 �4.71
2011e2012 1.23 1.38 1.56 0.09 0.47 �1.88 2.85
2012e2013 2.25 1.11 0.26 0.21 4.86 �5.77 2.92
2013e2014 12.83 4.21 6.00 0.25 3.10 �4.49 21.89
2014e2015 12.59 4.18 4.36 0.24 2.65 �2.63 21.39
2001e2015 15.77 4.24 ¡4.72 1.12 25.51 ¡29.48 12.44

H.T. Nguyen, K.B. Aviso, M. Fujioka et al. Journal of Cleaner Production 290 (2021) 125681
(�36 kt decrease). This result was due to the global economic
recession, which resulted in the decrease of trade activities be-
tween countries. With regards to structural changes in inventory, a
considerable decrease in ToxF was due to the inventory of Sector 2
(Metal mining, �101 kt) which was observed during 2012e2013.
However, inventory only had minimal impact in the other periods.

4.4. Consumption volume

During 2001e2015, consumption volume experienced a small
change corresponding to 12 kt (4%) increase (Column 7 in Table 2,
Fig. 7) where the periods of 2013e2015 contributed to the highest
increase of ToxF. Sector analysis shows that Sector 23 (Manufacture
of transportation equipment) was the main contributor to ToxF
increase with 4 kt during the period of 2001e2015 (Column 6 in
Table 3).

A detailed analysis of consumption volume effect, as it is
decomposed into the different components of final demand (Eq.
11), is shown in Table 5. In the whole period, the changes in volume
of household (16 kt, 5%) and export (26 kt, 8%) were responsible for
the increase in ToxF, while the changes in volume of import
(29 kt,�9%) was a contributed to the reduction in ToxF. The changes
in volume of other final demand components only had minimal
effect on ToxF. The high increase of ToxF in terms of the con-
sumption volume during 2013e2015 was due to drastic changes in
the volume of the household component in several heavy industrial
sectors. This includes Sector 23 (Manufacture of transportation
equipment), Sector 12 (Manufacture of chemical and allied prod-
ucts), Sector 14 (Manufacture of plastic products) and Sector 20
(Manufacture of fabricated metal products).

5. Policy implications

This study uses IOSDA framework to analyze underlying five
driving factors including population, technology (emission in-
tensity), production structure, consumption structure, and con-
sumption volume for the annual changes in the ToxF of chemical
releases resulting from Japanese industrial sectors during
2001e2015. The followings are the policy implications for each of
the important factors considered to further reduce the toxicological
footprint:

Emission intensity: Reduction of ToxF by this factor did not follow
a defined trend. During the whole period, the manufacture of
transportation equipment had the highest mitigation amount
equivalent to 35.3 kt, followed by the manufacture of chemical and
allied products with 29.8 kt and then the manufacture of plastic
products with 21 kt. Based on the historical trend, emission
12
reduction strategies should be implemented to push the reduction
in the high level (i.e., decrease from 17 to 36 kt/year during
2001e2002, 2003e2008 and 2013e2015, Table 2). This can be
obtained by using low-toxicity chemicals, recycling chemicals or
promoting technologies for hazardous waste treatment and so on.

Production structure: Themost dramatic change in ToxF resulting
from this factor occurred in the period of 2001e2006. The metal
mining is the main contributor to the increase in ToxF because its
emission intensity was extremely high during this period. Since the
production structure is mainly responsible for the significant in-
crease in ToxF, the reduction in toxic chemical releases due to the
production structure is necessary. According to previous studies,
the mitigation can be obtained by optimizing the production
structure or enhancing the efficiency of resource utilization either
through the use of less toxic chemical inputs or by recycling
products and waste (Nguyen et al., 2018a). For example, the proper
method can help maintain the increase in ToxF by this factor at the
low level (i.e., increase only 1.6e3.3 kt/year during 2009e2012 and
2014e2015).

Consumption structure: This factor has contributed to the
considerable mitigation of ToxF, in which the high decrease
occurred during 2001e2006. The metal mining sector is the key
contributor to this reduction (equivalent to 317 kt). When the
different final demand categories are considered, it was determined
that changes in import structure resulted in a reduction of 399 kt
while the inventory structure reduced ToxF by 97 kt. Meanwhile,
changes in export were responsible for the increase of 165 kt. Other
final demand components had smaller effects. Sector analysis
shows that changes in export structure contributed to the high
increase in ToxF while the import structure contributed to a large
decrease of ToxF during 2001e2006. These changes were due to the
high emission intensity of the metal mining sector. The change in
inventory structure of the metal mining industry also contributed
to considerable reductions in ToxF during 2012e2013. Finally, the
global economic recession which happened in 2008e2009, resul-
ted in the irregular effects of import and export on ToxF.

Consumption volume: This factor was responsible for the slight
increase of 12 kt (4%) in ToxF. Household and export increased the
ToxF by 16 kt and 26 kt, respectively, while import contributed to a
reduction of 29 kt.

Further reduction by the consumption structure and con-
sumption volume can be deployed by optimizing the trade struc-
ture between Japan and other countries. Reducing the import of
highly toxic materials and chemicals also help abate toxic chemical
releases for domestic production. For example, by implementing
proper strategies, ToxF can be reduced at high level (i.e., by con-
sumption structure, ToxF decreased 26e94 kt/year during
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2001e2006).

6. Conclusions

This study develops an IOSDA framework to analyze the un-
derlying driving factors for the annual changes in the ToxF of
chemical releases from the Japanese industrial sectors during
2001e2015. This framework is more useful than the traditional SDA
approach because it can attribute any change in emissions to the
effects of different socio-economic drivers using both production
and consumption perspectives. Eora IO tables taken from the Eora
database and import tables obtained from the Japanese govern-
ment are combined to develop the competitive IO tables. The
resulting competitive IO tables are found to have a correlation co-
efficient > 0.99 with the Japanese government competitive IO ta-
bles. This method also makes use of other socio-economic data to
point out the annual variation in ToxF as a result of the contribution
of various components. These components include population,
technology (emission intensity), production structure, consump-
tion structure, and consumption volume. Such a time-series anal-
ysis is helpful for manufacturers, decision makers, and relevant
partners in understanding why industrial toxic chemical releases
have varied over time. These results can be applied to determine
sustainable and effective chemical toxic mitigation strategies and
management protocols for short and long-term plans, and to define
more sustainable supply chains. Concrete strategies can be given
based on the analysis of the result of each factor. More details have
been mentioned in the section on policy implication.

The results indicate that the overall ToxF resulting from the
Japanese industrial sectors in the period of 2001e2015 decreased
by 49% (�154 kt). During the whole period, the consumption
structure and emission intensity have contributed 317 kt and
194.5 kt to the reduction in ToxF, respectively, while production
structure and consumption volume were the main factors respon-
sible for increases of 344 kt and 12.4 kt. However, population
growth had an insignificant effect on ToxF.

The analysis of ToxF changes by sector in combination with
these 5 factors indicates that the Manufacture of chemical and al-
lied products, Manufacture of publishing, printing and allied
products, Manufacture of plastic products, Manufacture of pulp,
paper and paper products and Manufacture of transportation
equipment were the top contributors to ToxF reduction during
2001e2015. The emission intensity was mainly responsible for this
reduction, in which toluene generated from these 5 factors had the
highest reduction of 62%.

In this study, the competitive IO tables are developed from Eora
IO tables for the Japanese economy but this method can be applied
for the development of annual national competitive IO tables of
other economies. The IOSDA developed in this paper can be
adopted for use in other countries to better understand the un-
derlying socio-economic factors, which influence chemical releases
in the country as long as chemical emission data of industrial sec-
tors are available. The insights from the Japanese case study can
provide lessons in the efficient and effective management of
chemicals. Furthermore, the ToxF proposed in this context can be
used as an indicator for developing a chemical footprint index for a
country or region which can be utilized to comprehensively
quantify the potential impacts of toxic chemicals to human health
and the ecosystem. Moreover, the IOSDAmethod can be applied for
analyzing the influence of structural changes on any type of
pollutant resulting from various industrial sectors, once the data
are available. The limitation of this work is that the indicator of
toxic chemical releases is quantified while chemical risk and
toxicity indicators such as chemical footprint have not been esti-
mated. Future work can develop a model to evaluate the changes in
13
risks on human health and ecosystem resulting from these toxic
chemicals. A national chemical footprint can be developed on the
basis of ToxF and risk quantification. Extension of the model to
handle data uncertainties can also be explored to enhance the
robustness of the solution. The estimation of the PRTR releases by
local governments may have some assumptions. For instance,
emission factors are sometimes kept constant although this ignores
changes during the actual operation of facilities. Furthermore,
optimization tools which can identify the best economic structure
(i.e., an import and export structure) can also be implemented.
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