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ABSTRACT
Cities are pivotal hubs of socioeconomic activities, and consumption
in cities contributes to global environmental pressures. Compiling
city-level multi-regional input-output (MRIO) tables is challenging
due to the scarcity of city-level data. Here we propose an entropy-
based framework to construct city-level MRIO tables. We demon-
strate the new construction method and present an analysis of the
carbon footprint of cities in China’s Hebei province. A sensitivity
analysis is conducted by introducing a weight reflecting the het-
erogeneity between city and province data, as an important source
of uncertainty is the degree to which cities and provinces have an
identical ratio of intermediate demand to total demand. We com-
pare consumption-based emissions generated from the new MRIO
to results of the MRIO based on individual city input-output tables.
The findings reveal a large discrepancy in consumption-based emis-
sions between the two MRIO tables but this is due to conflicting
benchmark data used in the two tables.
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1. Introduction

As home to 54% of the global population and as centres of socioeconomic activities, cities
are powering consumption and commerce, ultimately accounting for 60% of the global
GDP (Moran et al., 2018; United Nations, 2016). However, resources needed to sustain
the demands of urban dwellers are increasingly outsourced globally, meaning cities induce
environmental and social impacts that are often far beyond urban geographical boundaries
(Fry et al., 2018; Wiedmann et al., 2020; Zheng et al., 2020; Zheng, Meng, et al., 2019), for
example, carbon emissions (Long et al., 2019; Mi et al., 2019; Moran et al., 2018), water use
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(Li et al., 2019), and air pollution (Meng et al., 2017). However, most local governments
do not have effective tools that would enable them to understand the environmental foot-
prints of their jurisdictions and thus find it difficult to trace spillover effects induced by
their economic activities. In climate change mitigation, the spillover effects are interpreted
as carbon leakages that are often found in the supply chains at the city level (Wiedmann
et al., 2020). Recently, climate coalition groups have been established, such as theC40Cities
Climate Leadership Group, to build climate-friendly cities, with a particular focus on the
spillover effects from consumption activities of cities. Despite this growing concern with
cities’ carbon footprints, a lack of data on these city carbon footprints hinders the pursuit
of sustainability targets.

Multi-region input-output models (MRIOs) have been widely applied as a tool to trace
spillover effects through supply chains and to identify regional heterogeneity (Dietzen-
bacher, Los, et al., 2013; Miller & Blair, 2009; Wang, 2017). Although much effort has been
made to construct MRIO tables in the last decade, this has mostly been at the country level
(Dietzenbacher, Lenzen, et al., 2013; Haeger, 1975; Lenzen et al., 2012, 2013; Tukker et al.,
2013; Wiedmann & Lenzen, 2018) or the subnational level, such as provinces, states or
counties (Huang et al., 2021; Mi et al., 2017; Zheng et al., 2020). Without city-level MRIO
databases, most studies about city-level spillover effects adopt a downscaling approach
derived from national data with locally featured data (e.g. employment and demographic
data) in an attempt to capture local heterogeneity and global environmental implications
(Chavez & Ramaswami, 2013; Christis et al., 2019; Moran et al., 2018; Zheng, Meng, et al.,
2019). Some studies explore consumption heterogeneity by disaggregating final demands
using household survey data at the subnational level, but this approach fails to capture
heterogeneity in industrial structures (Ivanova et al., 2016; Minx et al., 2013). Other stud-
ies adopt the LCA (Life Cycle Assessment) approach based on household consumption
data (Jones et al., 2018; Jones & Kammen, 2011; Weber &Matthews, 2008). However, such
approaches are limited because they assume that technologies are identical across regions,
and because they often do not trace impacts along the complete supply chain (truncation
error).

Data availability is a key challenge to city-level MRIO database construction. Only a
few cities publish their single region IO table (SRIO table), but detailed inter-city trade
data are unavailable in most cases. Impact Analysis for Planning (IMPLAN) (Lindall et al.,
2005) and Industrial Ecology Virtual Laboratory (IELab) (Lenzen et al., 2014, 2017) are
pioneers in dealing with the data challenge and providing city-level MRIO tables. The
former is dedicated to developing a high-resolution MRIO table for the US and Canada,
where it employs a doubly constrained gravity model with data from official surveys on
interregional commodity flows. The latter attempts to construct a flexible compilation
methodology for sub-regional level MRIO tables based on non-survey methods, following
the framework of downscaling from national-level tables (Lenzen et al., 2014). The IElab
has been widely applied to developing high-resolution MRIO tables for Australia (Lenzen
et al., 2014), China (Wang, 2017), Japan (Wakiyama et al., 2020), Indonesia (Faturay et al.,
2017), and the US (Faturay et al., 2020).

Unfortunately, the IMPLAN approach requires detailed survey data that are not avail-
able in many countries. The IELab largely follows a top-down approach, offering 11
non-survey methods to regionalise national input-output tables, 7 of which are the vari-
ants of location quotient (LQ) methods. The Flegg’s LQ is the most frequently adopted
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method in the IELab. However, there is uncertainty in the method when selecting an
appropriate value for an adjustment parameter (δ). The value is often suggested as 0.3
(Flegg et al., 2015), while other studies suggest a lower or higher value than 0.3 (Bonfiglio,
2009; Kowalewksi, 2015). Moreover, top-down approaches (e.g. LQs) can be appropriately
applied to non-competitive IO tables (or Type B) where imports are excluded in interme-
diate and final demand, but non-competitive IO tables are not always available. In contrast
to the IELab, the authors have previously employed a bottom-up approach to construct a
city-level MRIO table for the Jing-Jin-Ji urban agglomeration in China based on official
city-level IO tables of Hebei province, Beijing, and Tianjin (Zheng, Meng, et al., 2019).
However, as city SRIO tables are unavailable in most cases, the approach is very limited for
other cities.

To overcome the data challenges this paper proposes a feasible non-survey city-level
MRIO construction framework without requiring official city-level SRIO tables. The pro-
posed framework combines publicly available data and an entropy model to generate a
supply-demand balance for cities, and then links cities by the doubly constrained grav-
ity model based on the principle of maximum entropy. The method is initially tailored to
Chinese cities, but can also be applied to other countries providing the data requirements
can be met. In the following sections, we first describe the framework and methodology
used to compile city-level MRIO tables, from data collection to final construction. We use
the 11 cities of Hebei province to demonstrate the method. We calculate their city-level
consumption-based carbon emissions and discuss the sensitivity of demand estimates with
a weight that reflects heterogeneity in industries between province and city. We then com-
pare results between consumption-based emissions from the MRIO table constructed in
this paper and the MRIO table based on city-level SRIO tables.

2. Framework andmethodology

The city-level MRIO table can be regarded as linking city SRIO tables together with trade
matrices (Figure 1). The construction of a city-level MRIO table is labour- and time-
intensive work, especially for a large country. We first briefly review methods used in the
construction of subnational level MRIO tables. Unlike Global MRIO table construction,
neither the individual region IO tables nor trade matrices are available in most cases. Non-
survey or partial-survey methods are applied to estimating SRIO tables (or intraregional
matrix) and trade matrices. At the subnational level, the most adopted methods are loca-
tion quotientmethods (LQs) (Bonfiglio &Chelli, 2008; Kowalewksi, 2015), the commodity
balancemethod (CB) (Miller & Blair, 2009), and the cross-hauling adjusted regionalisation
method (CHARM) (Kronenberg, 2012; Többen & Kronenberg, 2015).

LQ-basedmethods are themost widely applied because of their simplicity. Themethods
assume that regional technical coefficients are related to national coefficients. LQ-based
methods can estimate intermediate and final demands, but treat exports and imports as
residuals. As noted, LQ-based methods are more appropriate for Type B tables where
imports are excluded from intermediate and final demands, rather than Type A tables
where intermediate and final demands include imports. Themethod is not ideal for China,
as China’s SRIO tables are Type A (see SRIO table in Figure 1). Wang applied Flegg’s LQ
(one of the LQ-based methods) to China, and yielded the MRIO table of Jing-Jin-Ji urban
agglomeration, after converting China’s SRIO tables from Type A to Type B (Wang, 2017).
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Figure 1. A brief schematic of city-level MRIO table construction.

Another problem is in the estimation of final demand, where regional final demand is esti-
mated by using regional value-added to downscale national final demand (Jahn, 2017).
This approach may not be reliable since value-added does not reflect local consumption.
This assumption can be particularly problematic when imports play an important role in
local consumption (Hermannsson, 2016), as they often do for cities.

The commodity balance (CB)method is an alternative to the methods above for Type A
tables. Intermediate demands are estimated by multiplying regional outputs with technical
coefficients of a given superior table (e.g. national table), while final demand is downscaled
from the given table. Net exports are calculated as residuals (total outputs-intermediate
demands-final demands). Hence, the CBmethod cannot yield a full SRIO table, as exports
and imports cannot be distinguished. To overcome this shortfall Kronenberg proposed the
cross-hauling adjusted regionalisation method (CHARM) which enables the CB method
to distinguish exports and imports (Kronenberg, 2009). However, the estimated exports
and imports cannot be further distinguished into international and domestic trade. There-
fore, CHARM still cannot be used forMRIO table construction that requires detailed trade
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information (e.g. domestic exports to other regions). Többen and Kronenberg modified
the model to estimate domestic trade flows, but the modified model may underestimate
cross-hauling (Többen & Kronenberg, 2015), due to its strong assumption that regional
cross-hauling shares are identical to the national ones.

Since our aim is to build a city-level MRIO table for China, the modified CHARM is
the most suitable option. There are two approaches to applying the modified CHARM.
One is the traditional approach as applied in the case of Baden-Württemberg (Többen
& Kronenberg, 2015). We could use this approach A with China’s national SRIO table
and assume identical cross-hauling shares for all 300+ cities. However, this approach A
could be biased because the technical coefficients of 300+ citiesmay differ sharply from the
national technical coefficients. Additionally, it has been noted that CHARM is less reliable
when it is applied to small size regions (Flegg et al., 2015).

An alternative approach (approach B) is to construct city-levelMRIO tables by province.
This is possible since all the provincial SRIO tables of China are available. This approach
has the assumption that each city has the same cross-hauling share as its province.However,
this approach B assumes that trade with other regions is proportional to the total demand
of cities, yet that data on city-level demand is not available for Chinese cities. Therefore,
neither of these two approaches is ideal for constructing the city-levelMRIO table of China
with the given available data.

Our framework is rooted in the commodity balance (CB) method, but estimates trade
using a maximum entropy model. Since provincial SRIO tables are available for China, we
adopt a step-by-step approach to constructing a city-level MRIO table for each province.
If one wants to build a full city-level MRIO table for 300+ cities, a nesting approach can
be applied to link each city-level MRIO table to its provincial MRIO table (available in
China) (Zheng, Meng, et al., 2019). Developing city-level MRIO tables for all cities of a
province is the first step in our framework. Next, we elaborate on the framework and pro-
cedures. Figure 2 illustrates the compilation steps of the framework, namely: 1. to estimate
total demands in each city of a province; 2. to estimate aggregated trade data by sector; 3.
to estimate an intraregional matrix and build the SRIO table of each city; 4. to estimate
interregional trade flows between cities; 5. To compile the final city-level MRIO table. As
shown in Figure 1, SRIO tables for each city are the basis of the MRIO table construction.
The key challenge here is how to estimate trade with other cities in the province and trade
with other provinces in China to construct SRIO tables.

Entropy theory is the core concept used in our framework. The entropymodel is applied
to estimating aggregated city trade and interregional trade flow between cities. The notion
of entropy is the measure of the degree of the uncertainty (disorder) of an event (David,
1983; Jaynes, 1957; Többen, 2017). When an event has high entropy it means there is
high uncertainty about the probability of the event happening, and vice versa. Probabil-
ity distribution in entropy represents a stage of knowledge, which is different from the
objective probability derived from the frequency of outcomes of an event. For an exper-
iment with n possible outcomes, if we have no other information except for the sum of
probability for each outcome being equal to 1, the most unbiased estimate is the uniform
distribution (1/n), according to Laplace’s principle (Kesavan, 2009). In other words, the
uniformdistribution of probabilitymaximises the entropy of a system,when no constraints
(known information) are imposed on the probability distribution. Once the constraints
are imposed, there are many probability distributions of the system consistent with the
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Figure 2. A diagram of the China city-level MRIO table compilation framework.

constraints (known information). Jaynes introduced the Principle of Maximum Entropy:
out of all probability distributions consistent with given constraints, the distribution with
maximum uncertainty (entropy) should be chosen (Jaynes, 1957). This principle implies
that the chosen distribution is characterised by maximal uncertainty about what we do
not know, or maximal certainty about what we already know. Therefore, the distribution
with maximum entropy offers a least biased estimate that is compatible with given con-
straints (or incomplete information). Maximum entropy contrasts with minimal entropy
which ismeant tominimise the entropy distance between the target and a prior distribution
(David, 1983; Sargento, 2009). It is worth noting that maximum entropy can be considered
as a unique case of minimum cross-entropy, where the prior is evenly distributed (uniform
distribution) (Golan et al., 1996), as maximum entropy problems can be converted tomin-
imum cross-entropy problems tominimise the entropy distance between the target and the
uniform distribution representing maximum entropy (Többen, 2017).

2.1. Data collection and preparation

The framework developed here has relatively modest data requirements (Table 1). The
provincial SRIO table is available for each province, and is treated as the basic benchmark.
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Table 1. The list of data and their sources.

Data Symbol Source

Output for sector i in city n xni City Statistics Yearbook
Value-added for sector i in city n vani City Statistics Yearbook
Export for sector i in city n eni China Customs Database
Import for sector i in city n imn

i China Customs Database
Provincial technical coefficient between sector i and sector j aprovinceij Province SRIO Table

Provincial final demand for sector i fprovincei Province SRIO Table
Provincial intermediate demand between sector i and sector j zprovinceij Province SRIO Table

Provincial domestic demand for sector i ndprovincei Province SRIO Table
Provincial foreign export for sector i eprovincei Province SRIO Table
Provincial foreign import for sector i improvince

i Province SRIO Table
Provincial domestic export for sector i tspprovincei Province SRIO Table
Provincial domestic import for sector i tdpprovincei Province SRIO Table
Industrial GDP for city n gdpnind Province SRIO Table
Tertiary GDP for city n gdpnter Province SRIO Table
Cost for the shippable sector i api Province MRIO Table
CO2 inventory for sector i of city n sni CEADS Database

The provincial SRIO table comprises 42 sectors, including 27 secondary sectors, 14 tertiary
sectors and 1 primary sector. For city-level data, the outputs and value-added of all sectors
for cities in a province are derived from cities’ statistical yearbooks. The value-added in
primary and tertiary sectors can be derived from statistical yearbooks directly, but those of
manufacturing sectors may not always be available. Given that the outputs for manufactur-
ing sectors are available we can get the preliminary value-added for each city bymultiplying
the distribution of the outputs with the total value-added of manufacturing sectors from
the provincial SRIO table. Then, we apply RAS to adjust the value-added matrix for man-
ufacturing sectors and tertiary sectors to be compatible with GDP derived from provincial
statistical yearbooks.

Next, we estimate the outputs of tertiary sectors. Given that the value-added matrix
of tertiary sectors is available, we use the distribution of value-added by tertiary sectors
by cities to scale up or down the provincial outputs for the tertiary sectors. Each city’s
output of each sector is then scaled up or down to be compatible with the provincial output.
After all the steps above are taken, the output and value-added of each sector for each
city are compatible with the provincial SRIO table. The city-level international trade data
(exports and imports) are derived from the China customs database with HS-6 codes and
then bridged to the sectoral classification of China SRIO table. All data derived from the
statistical documents are then adjusted to be compatible with the sectorial classification of
the provincial SRIO table. It should be noted that ‘city’ in China refers to an administrative
unit at different levels (prefectural level or county level), and cities in this study refer to
prefectural-level cities. The city-level in China is equivalent to the NUTS 3 level of the EU
classification.

2.2. Step 1: the estimation of supply and demand of cities

The construction begins with the city-level supply and demand estimates for a specific sec-
tor i. For a given sector, the supply of a city, which is equal to the city’s output subtracting its
foreign export Equation 1, represents the total supply to cities in the country. The demand



8 H. ZHENG ET AL.

Figure 3. The supply-demand flow for the city. The acronyms refer to the demand satisfied by local pro-
duction (DL), the demand from cities in the province (DC), the demand from other provinces (DO), the
export to foreign countries (Export), the supply from a city to itself (SL), the supply from a city to other
cities in the province (SC), the supply from a city to other provinces (SO), and the volume of imported
goods and services from overseas (Import).

of a city, which is supposed to be derived from the city-level SRIO table, refers to the total
demand of the sector used in the city. Unfortunately, in most cases, there is no city-level
SRIO table so domestic demandmust be estimated. To estimate the total demand by sector
we assume that the ratio of intermediate demand to total demand is identical between a city
and its province. It is crucial to note that this assumption implies that the city has as many
industries as the province, and is more plausible when a city has a homogenous indus-
try composition as its province, since the provincial ratio only reflects the average level
(further discussion in section 3). Since the provincial SRIO table is given we can estimate
provisional intermediate demand.

For domestic supply from city n:

sni = xni − eni (1)

where xni is the total output for sector i in city n, which can be derived from city statistics
yearbook; eni is the foreign export of sector i in city n, which can be derived from China’s
customs database. sni refers to the domestic supply for sector i in city n.

tdprovincei = ∑
j
zprovinceij + f provincei (2)

Where tdprovincei is the total demand for sector i from the provincial SRIO table, including
intermediate demand (zprovinceij ) and final demand (f provincei ). For domestic demands for
any city n:

tdni =

⎛
⎜⎜⎝
∑

j(a
province
ij × xnj )(∑
j z

province
ij

tdprovincei

)
⎞
⎟⎟⎠ (3)
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Figure 4. The layout of supply and demand matrix for sector i in a given province with n cities.

dni = tdni∑
n td

n
i

× ndprovincei (4)

Where tdni is the preliminary total demand for sector i for city n.
∑

j

(
aprovinceij × xnj

)
rep-

resents the sum of preliminary intermediate demand for sector i. aprovinceij is the provincial

technical coefficient for sector i and j. The denominator
(∑

j z
province
i

tdprovincei

)
is the ratio of inter-

mediate demand to total demand in the province, which is assumed to be identical between
city and province. dni represents the total demand of city n for sector i constrained by
ndprovincei which is the provincial domestic demand for sector i, but the aggregation of esti-
mated total demand for each city n in the province should be identical to the total demand
of the province. So, we use the proportion of the total demand for each city to distribute
the total demand for sector i in the province to different cities.

2.3. Step 2: estimating aggregated trade data by category

For a given sector, domestic demand (D) includes the locally supplied demand (DL), the
demand from cities in the province (DC), and the demand from regions outside of the
province (DO). Correspondingly, domestic supply (S) consists of the supply to its own city
(SL), the supply to cities in the province (SC), and the supply to regions outside of the
province (SO). Figure 3 illustrates the supply-demand pool for cities. DL, SL, and DC, SC
represent the aggregated intraregional and interregional flows for the given sector, and we
adopt a maximum entropy model to estimate these components of supply and demand.

In this case the supply/demand balance serves as an additional constraint. For any sector
the supply to local consumers (SL) should be equal to the demand from local consumers
(DL), so the red area in the supply and demand block respectively should be equal for the
same city (Figure 4). The supply to cities in the province (SC) may not be necessarily equal
to the demand from cities in the province (DC), but their aggregated supply and demand
should be equal (tsc = tdc or green boxes in Figure 4). This is because all city supply to
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each other should be the same as all city demand from each other, within a closed provin-
cial boundary. Meanwhile, the supply to other provinces (SO) and the demand from other
provinces (DO) are not the same, but their aggregation (tsp and tdp) is derived from the
domestic export to other provinces and the domestic import from other provinces in the
provincial IO table, respectively. By row, the aggregation of all supplies should be equal
to domestic supplies, and the aggregation of all demands should be equal to domestic
demands. Mathematically, the maximum entropy (denoted by E) to estimate supply and
demand is expressed as:

max E(pn) = −∑∑
pn · ln pn (5)

subject to: ∑
n

pSOn ×
∑
n

sn = tsp

(the sum of SO of cities constrained by provincial domestic exports in provincial SRIO
table) ∑

n
pDO
n ×

∑
n

dn = tdp

(the sum of DO of cities constrained by provincial domestic imports in provincial SRIO
table)

pSLn ×
∑
n

sn = pDLn ×
∑
n

dn

(the self-supplied equal to the self-demanded for any city)

∑
n

(
pSCn ×

∑
n

sn

)
=
∑
n

(pDC
n ×

∑
n

dn)

(the sum of SC of cities (tsc) equal to the sum of SO of cities (tdc))∑
n

pSLn +
∑
n

pSCn +
∑
n

pSOn = 1

(the sum of probability for the supply is 100%)∑
n

pDLn +
∑
n

pDC
n +

∑
n

pDO
n = 1

(the sum of probability for the demand is 100%)

(pSLn + pSCn + pSOn ) ×
∑
n

sn = sn

(the sum of the supply for the city constrained by the domestic supply of the city)

(pDLn + pDC
n + pDO

n ) ×
∑
n

dn = dn
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(the sum of the demand for the city constrained by the domestic demand of the city)

∑
n

(∑
n

sn

)
× pSLn +

∑
n

(∑
n

sn

)
× pSCn + tsp =

∑
n

sn

(the sum of supply to all destination constrained by the total domestic supply of the
province)

∑
n

(∑
n

dn

)
× pDLn +

∑
n

(∑
n

dn

)
× pDC

n + tdp =
∑
n

dn

(the sum of demand from all destination constrained by the total domestic demand of the
province)

pDLn > 0

(the probability of self-demand cannot be zero)
In the above, pn denotes the probability of city n, including the probabilities of sup-

plies (pSLn ,pSCn , pSOn ) and the probabilities of demands (pDLn ,pDC
n ,pDO

n ). The terms tsp and tdp
represent the domestic exports to other provinces and the domestic imports from other
provinces, respectively. These can be derived directly from the provincial IO table. The
last constraint (pDLn > 0) states that the probability of local demand cannot be zero, which
avoids an unrealistic case where all local demands are met by imports from other regions,
and all local supplies go to meet the demands of other regions. In other words, this con-
straint assumes that the local supply prioritises meeting the local demand. The results of
the maximum entropy model are of fundamental importance in the further estimation
of intraregional and interregional transaction matrix which are outlined in the following
sections.

2.4. Step 3: city IO table regionalisation

After completing the above, we then estimate the intraregional transaction matrix for each
city from the provincial IO table. Because the provincial IO table is of type A, the intrare-
gional transaction includes imports, and thus it is not a ‘true’ intraregional transaction.We
first derive the provincial technical coefficient matrix from the provincial IO table whose
element is aprovinceij . As the provincial technical coefficient matrix reflects the average tech-
nical coefficients for all cities in the province, we first assume it is the same as the technical
coefficientmatrix (An) of city n in the province as a preliminary estimate for further adjust-
ment. By multiplying the input by the technical coefficient, we can obtain a preliminary
matrix for the intermediate demand (Zn) of city n. Second, we derive the distribution of
the final demand from the provincial IO table, and assume it is the same as the distribu-
tion of the final demand of each city. Then, we calculate the difference between GDP (total
value-added) and total net export for each city. The difference should be equal to the final
demand. Therefore, the preliminary matrix of the final demand for each city (Fn) can be
calculated by multiplying the provincial distribution of the final demand by the difference
between GDP and total net export for each city.

Ẑ
n = aprovinceij × xnj (6)
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net exportn =
∑
i
ecni +

∑
i
eoni +

∑
i
eni −

∑
i
mcni −

∑
i
moni −

∑
i
imn

i (7)

Dprovince = f provincei∑
f provinceik

(8)

F̂
n = Dprovince ×

⎛
⎝∑

j
vanj − net exportn

⎞
⎠ (9)

where Ẑ
n
is the preliminary intermediate transaction matrix from sector i to sector j of

city n. The hat accent means the variable is preliminary; aprovinceij is the provincial technical
coefficient from sector i to sector j; xnj and vanj represent the total input and the value-

added for sector i of city n, respectively; f provinceik is the provincial final demand for sector i
categorised in segment k (e.g. household consumption), while F̂

n
is the preliminary final

demandmatrix for city n; andDprovince is the final demand distribution. ecni and eo
n
i are the

supply of sector i from city n to other cities in the province (SC) and the supply to other
provinces in the country (SO), respectively. mcni and moni are the demand of sector i for
city n from other cities in the province (DC) and the demand from other provinces in the
country (DO).

The sum of each row of intermediate demand should be the same as the difference
between input and value-added. The sumof each columnof intermediate and final demand
matrix should be equal to the difference between output and net export. In practice, the
preliminary matrix from the provincial proxy does not meet the requirements. The cross-
entropy model (CE) is therefore applied to adjusting the matrix to satisfy the constraints
utilising prior information that is available from the preliminary matrices Ẑ and F̂ (Fer-
nandez Vazquez et al., 2015; McDougall, 1999). We combine Ẑ and F̂ together into a new
matrix which is a 42×47 matrix in this case (Figure 5). The entropy between the objective
distribution and the prior distribution can be minimised to modify the prior distribution
tomeet the constraints. The CE approach (denonted by C in Equation 10 generates an out-
come equivalent to the widely known RAS, but allows more constraints (Robinson et al.,
2001).

minC(pij; qij) = ∑
i

∑
j
pij · ln

(
pij
qij

)
(10)

subject to: ∑
i

∑
j
pij = 1;

∑
i
pij × v = ccolj (column constraint).

∑
j
pij × v = crowi (row constraint).
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Figure 5. Regionalisation for the SRIO table of a city. Green blocks refer to known values. The terms ec,
eo, mc, andmo are estimated in Equation 5; e and im are derived from the China customs database. The
terms x and va are derived from the statistical yearbook of the city.

In the above, the term qij is the proportion tij/
∑
i

∑
j
tij; pij is the distribution of the matrix

T to be estimated; v is the sum of column constraint or row constraint; and crowi is the row
constraint for sector i, which equals output subtracting net export by sector. The term ccolj
is the column constraint for sector j, including two parts. The first part is for the constraint
of intermediate demand that is equal to input subtracting value-added for sector j, while the
second part is for the final demand constraint that is equal to the sum of value-added (or
GDP) subtracting net export. Notably, the total column constraint is equal to the total row
constraint because the row constraint can be interpreted as input subtracting value-added
plus GDP subtracting net export.

The estimated results are the new intermediate transactions and new final demand.
Then, we can construct the competitive-type SRIO table of a city. In the following com-
pilation, we then convert the competitive-type IO table into a non-competitive-type table
by assuming a fixed proportion of imports and inflows in intermediate and final demand
(Miller & Blair, 2009). This process yields an IO table for domestic products and an IO
table for imports, where the former is the diagonal of city-level MRIO table, and the lat-
ter can be further divided into the IO table for imports from the cities, the IO table for
imports from other provinces, and the IO table for imports from overseas. The IO table
for imports from the cities is an aggregated IO table for imports from other cities in the
province, which is further used to create an off-diagonal matrix. The IO table for imports
from other provinces and the IO table for imports from overseas are summed up by row to
generate two row vectors: imports fromother provinces and foreign countries, respectively.

2.5. Step 4: estimating interregional tradematrix

The most common way to estimate interregional trade flows is by using a gravity model
(Riddington et al., 2006; Zhang et al., 2015). However, the lack of observable trade data at
the city level makes this method less useful in this study. Therefore, we use the maximum
entropy model to estimate interregional trade flows. The maximum entropy approach is
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equivalent to the doubly constrained gravity model (Wilson, 1967). For sector i, inter-city
trade flows between two cities are proportional to total inter-city supply and demand, as
well as anti-proportional to transport costs (Többen, 2017). In our case, SC and DC as
estimated in Step 2, are treated as the column and row constraint, respectively. Let trsi be
the trade from city r to s for sector i. PT is the proportion matrix of the trade from city r to
s for sector i. For sector i, the entropy measure for inter-city trade flows can be expressed
by:

maxH(PT) = −∑∑ trsi∑
r
∑

s t
rs
i

· ln
(

trsi∑
r
∑

s t
rs
i

)
(11)

subject to:

trri = 0;

∑
r

trsi = dcsi ;

∑
s

trsi = scri ;

∑
r

∑
s
trsi × dsrs ≤ api when the shippable product i

In the above, the term dcsi and sc
r
i are the inter-city demand of city s and the supply of city

r for sector i, which are the results of Step 2. dsrs is the distance between city r and s. The
term api is the average distance for a shipment of sector i, which is value∗km derived from
China’s provincial MRIO table. This indicator reflects transport costs, and can be derived
from the provincial MRIO table in the absence of inter-city trade statistics. Specifically,
we select trade flows between the focal province and its surrounding provinces to estimate
the transport costs. For example, in Hebei province, we calculated the average trade flows
for each sector between Hebei and its surrounding provinces (e.g. Beijing, Tianjin, Shang-
dong, Inner Mongolia, Shangxi) as a proxy. It should be noted that the transport costs are
only applicable to shippable commodities, while for non-shippable commodities, such as
construction and services, we do not set transport costs.

2.6. Step 5: the final construction of a city-level MRIO table

As the city-level SRIO table for each city in the province (Step 3) and the trade matrix
for each sector (Step 4) are now available, the next step is to combine the SRIO tables for
cities and trade matrices to build the off-diagonal matrix. We utilise a similar approach
that has been previously used to construct MRIOs (Feng et al., 2013; Peters et al., 2011).
Specifically, we calculate inflow purchase coefficients (IPC) for each sector based on trade
matrices, where the IPC for a given commodity is the proportion of all inter-city demand
for the commodity that is supplied by each city. Let ipcrsi be the element of IPC matrix for
each sector i. Thus, ipcrsi = 0.2 means that for commodity i, 20% of local demands in city
s is supplied by city r, so that

∑
r
ipcrsi = 1. It is notable that IPC is the opposite of regional

purchase coefficients which represent the proportion of local demand for the commodity
supplied locally (Lazarus et al., 2002; Lindall et al., 2005).
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Let Znew and Fnew represent the imported intermediate and final demand matrix,
respectively. The off-diagonal matrix for the city-level MRIO table can be estimated by:

ZM = (IPC)Znew (12)

FM = (IPC)Fnew (13)

In Equations 12 and 13 ZM and FM represent the off-diagonal intermediate and final
demand matrix in the MRIO table, respectively. Given the diagonal intermediate and final
demand in theMRIO table are available (Step 3), we can construct the city-levelMRIO table
with sectorial value-added, foreign exports, exports to other provinces, foreign imports,
and imports from other provinces (see the layout in Figure 1). The city-level MRIO table
for the given province is mathematically balanced by row and column, because the provin-
cial SRIO table constrains the compilation at every step. Until this step, we can construct a
city-level MRIO table of the focal province. It is crucial to understand that the framework
delivers aMRIO table for cities in a given province. If onewants to construct a full city-level
MRIO table for all provinces, the step by step approach can be adopted whereby a city-
level MRIO table of the province is nested into China’s provincial MRIO table. In other
words, trade between cities in different provinces can be constrained by trade between
provinces in the provincial MRIO table (Feng et al., 2013; Wang et al., 2017; Zheng, Meng,
et al., 2019).

3. The case study of 11 cities in Hebei province

Building on previous work constructing a Hebei city-level MRIO table based on published
city-level SRIO tables (Zheng, Meng, et al., 2019; Zheng, Zhang, et al., 2019), we con-
struct a Hebei city-level MRIO table based on the framework developed in this paper and
compare the results with our previous work. Here, we call the MRIO table based on the
maximum entropy model MRIO-MAX, and call our previous work based on the SRIO
tables MRIO-SRIO. To evaluate performance, we use consumption-based carbon emis-
sions as an indicator. Notably, carbon emissions here refer to carbon dioxide emissions,
and consumption-based emissions here refer to the areal consumption-based footprint
(Heinonen et al., 2020). Consumption-based emissions reflect transboundary emissions
between cities, and capture carbon leakages (Arioli et al., 2020; Chen et al., 2017). We
choose consumption-based emissions since computing this indicator requires a detailed
and accurate MRIO table. We note that developing a city-level MRIO is especially valuable
for the Hebei province since it is one of China’s main heavy manufacturing regions with
huge heterogeneity in industrial structures between cities (Shan et al., 2018).

For validation, we first discuss the validation of assuming that provinces and cities
have an identical ratio of intermediate demand to total demand. Next, we compare the
consumption-based carbon emissions as computed by the MRIO-MAX and MRIO-SRIO
tables. To improve comparability, we use the data from the published SRIO tables for the
11 cities in Hebei to run the entropy model, instead of raw data collected from the city’s
statistical yearbooks and customs database. It is worth noting that MRIO-SRIO is based
entirely on city-level SRIO tables, and MRIO-MAX is based on the provincial SRIO table.
The city-level SRIO tables published by Hebei’s statistical agency are not compatible with
the provincial SRIO table. Inconsistency between accounts is a longstanding problem that
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in statistical data published by statistical agencies at different levels (Zheng et al., 2018).
Understandably, MRIO tables based on different benchmarks would generate very differ-
ent results, so the comparison here is meant to evaluate which areas of the resulting model
are more reliable and which are less.

3.1. Heterogeneity of weights in city-level consumption-based carbon emissions

One assumption in the framework presented is that cities have an identical ratio of inter-
mediate demand to final demand as their province. We must consider the importance and
validity of this assumption. The rationale for using this ratio is that we treat the ratio from
the provincial SRIO table as the average for all cities of the province. The ratio reflects
the percentage of products used by firms, and is related to the product’s characteristics.
For example, products like steel or coal could be more likely to be used by firms as inter-
mediate demand. Hence, the assumption can be reliable for some sectors. Indeed, there
are several sectors whose demands are related to the industrial structures of a city, so that
the ratio for cities can vary. For example, if a city has many petroleum factories, the city
could have a high demand for coal products, and the ratio could be higher than the ratio of
the province. In other words, the ratio of the sector for different cities should be different,
rather than being identical as assumed. Hence, the next question is: how much would the
MRIO table be affected by assigning different ratios?

To answer this question, we carried out a sensitivity analysis on the deviation of the key
assumption of the demand estimate. We introduce a random weight matrix (i × n) with
the element wn

i ranging from 0.8–1.2 for sector i in city n, which weights the initial entry
within 20%. Mathematically, it can be shown as:

tdprovincei =
∑
j
zprovinceij + f provincei (14)

tdni =
⎛
⎝ ∑

j(a
province
ij × xnj )

wn
i ×

(∑
j z

province
ij /tdprovincei

)
⎞
⎠ (15)

d_newn
i = tdni∑

n td
n
i

× ndprovincei #(16) (16)

Since the estimated demand for cities (tdni ) is constrained by the provincial domestic
demand (ndprovincei ), the weight should be different for each city. It is crucial to understand
that the purpose of the weight is to adjust the distribution of preliminary intermediate
demand, as the estimated demand would be scaled by the provincial demand Equation 16.
Theweight has real economic implications, rather than being just a parameter for the sensi-
tivity analysis. However, it is difficult to assign a proper weight, as the weight is boundless
and not independent. Higher weight in one city could lead to more provincial demands
allocated to the city, and therefore fewer provincial demands would be allocated to other
cities.

With the new demand, simulated city-level MRIO tables for Hebei province are gen-
erated after 50 runs of the model. We further account for consumption-based carbon
emissions based on these MRIO tables. Following Miller and Blair (2009), the basic
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Figure 6. The deviation of consumption-based emissions from the sensitivity analysis.

equation for consumption-based emissions can be expressed as:

C = S(I − A)−1F (17)

where C represents consumption-based carbon emissions. S denotes carbon intensities of
all sectors. A represents a direct technical coefficient matrix, and F denotes final demand.
In the simulation, the carbon intensity (S) is fixed, and is derived from our previous work,
while the direct technical coefficient matrix (A) and the final demand (F) are changed by
different estimated MRIO tables.

Figure 6 shows discrepancies of consumption-based emissions based on 50 stimulated
MRIO tables. Whisker–box plots show the minimum, the 1

4 quantile, the median, the 3
4

quantile, and the maximum of the calculated results. Allowing for uncertainty in the dis-
tribution of demand,wenevertheless observe that the discrepancies between themaximum
and the minimum are not large in terms of absolute value. Large cities are more sensitive
to the demand change, such as Shijiazhuang (85.2 vs 61.0 Mt) and Tangshan (92.9 vs 51.4
Mt), but the gap is much narrower in the quartile, indicating that the distribution is more
concentrated. For Shijiazhuang and Tangshan, the quartile bounds for Shijiazhuang and
Tangshan are 79.8 vs 71.3 Mt and 75.6 vs 63.9 Mt, respectively. The results for small cities
show less deviation, indicating relatively higher stability. Trade-related emissions are more
sensitive to the demand change than are domestic emissions. Moreover, the proportion of
trade-related emissions in consumption-based emissions is stable for all simulated MRIO
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tables, with the gap between the maximum and the minimum ranging from 2% (Heng-
shui) to 9% (Qinhuangdao). The relatively stable outcome may indicate less sensitivity to
heterogeneity in industries between city and province.

3.2. Comparisonwith the previous study of 11 cities of Hebei province

We compared the consumption-based carbon emissions based on MRIO-MAX and
MRIO-SRIO. The results show large discrepancies in consumption-based emissions
between the MRIO tables (Figure 7). Consumption-based emissions in MRIO-MAX are
373.4 Mt in total, while only 325.0 Mt for MRIO-SRIO. In MRIO-MAX, Shijiazhuang has
the largest consumption-based emissions (74.5 Mt), followed by Tangshan (67.6 Mt) and
Baoding (50.6Mt), while inMRIO-SRIO, Tangshan is with the highest consumption-based
emissions (86.3 Mt), followed by Shijiazhuang (64.3 Mt) and Handan (44.1 Mt). We then
divide the consumption-based emissions into (a) local emissions representing emissions
embodied in products made and used locally, and (b) trade-related emissions representing
emissions embodied in trade from other cities. Local emissions take a predominant share
based on MRIO-SRIO, ranging from 43% to 90% of their total consumption-based emis-
sions. This is particularly high for cities with heavy industries, such as Tangshan (90%),
Handan (87%), and Shijiazhuang (86%). The large share of local emissions implies that the
demands of the cities are largely met internally. It is not surprising that their local emis-
sions are much higher than the imported emissions, as carbon intensities in these cities
are higher than those of other cities. In contrast, the share of local emissions declines sig-
nificantly in MRIO-MAX. For example, the local shares of consumption-based emissions
in Shijiazhuang, Tangshan, and Handan are 32%, 38%, and 27%, respectively. Accordingly,
trade-related emissions are much larger in MRIO-MAX, where the trade-related shares of
all cities are ranged from 60% to 90% of their consumption-based emissions. The share is
particularly high for small-sized cities such as Hengshui and Langfang.

It is clear that MRIO-SRIO underestimates trade-related emissions, and hence overes-
timates domestic emissions. The reason behind the underestimation is the incompatibility
between the city SRIO tables and the provincial SRIO table. The former is the benchmark
for MRIO-SRIO, while the latter is the benchmark for MRIO-MAX. Table 2 indicates dif-
ferences in the benchmark between the two tables. Self-supplied demands for cities refer to
productsmade and used in the city (DL in Figure 4). However, in the provincial SRIO table,
self-supplied demands for the province include not only products self-supplied to cities
(DL), but also products made in one city and used in other cities of the same province
(DC in Figure 4). Therefore, the self-supplied demand calculated from city SRIO tables
should be smaller than that reported by the provincial SRIO table, but we find contradic-
tory data in many sectors. The sum of self-supplied demands for all 11 cities is higher than
self-supplied demands for Hebei province. In the city SRIO tables, the imports are divided
into domestic imports and foreign imports. The former contains imports from other cities
in Hebei province (DC) and imports from other provinces (DO), while domestically sup-
plied demand for the province includes imports from other provinces (DO). The sum of
domestically supplied demand for cities should be larger than that for the province as inter-
city trade is normally much larger than the trade between the city and other provinces.
However, 10 sectors have their domestically supplied demand in cities smaller than at the
province level. In foreign imports, the sum of supplied demand from the city SRIO tables
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Figure 7. Consumption-based emissions in MRIO-MAX and MRIO-SRIO.

is much smaller than from the provincial SRIO table, indicating that the demand of cities
is largely met domestically rather than by foreign imports.

These differences might suggest that MRIO-SRIO overestimates the self-supplied
demand. The self-supplied demand is the diagonal part in the MRIO table. The overes-
timation explains why the local emissions based on MRIO-SRIO are so large. Given the
significant difference between the two estimates, one may wonder which MRIO table is
more precise. In the absence of other official benchmarks, this question cannot be answered
directly, but it is crucial to note that the results fromMRIO-MAXare compatible with other
studies for global cities. Our study shows the outsourced emissions ranged from 66% to
90%of their consumption-based emissions for 11 cities, and supports the notion that trade-
related emissions make up significant parts of consumption-based emissions (Wiedmann
et al., 2020). In C40 cities, about 85% of their consumption-based emissions are found to
be outsourced for C40 cities (C40 Cities, 2019).

4. Discussion and conclusion

This study explored amethodof constructing a city-levelMRIO table based on entropy the-
ory. The method is rooted in the commodity balance method, and therefore is suitable for
TypeA IO tables. The framework overcomes themajor challenge ofmissing city-level SRIO
tables. Given that data required are publicly accessible the framework can substantially
reduce the data requirements for the construction of a city-level MRIO table. The maxi-
mum entropy model is used to estimate disaggregated supplies and demands under a set
of constraints that are in line with statistical data and the SRIO table of the focal province.
Therefore, the MRIO table is in accordance with benchmarks such as the provincial SRIO
table, statistical data for cities, and customs data.
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Table 2. Benchmark comparison between the sum of city SRIO tables and the provincial SRIO table of
Hebei.

City Province City Province City Province

SL SL+ SC Ratio DC+DO DO Ratio Foreign Import Foreign Import Ratio

S1 390.5 363.1 1.1 60.3 80.3 0.8 7.0 80.3 0.19
S2 119.2 218.2 0.6 146.4 63.1 2.3 8.3 63.1 0.13
S3 25.8 35.1 0.7 38.7 89.1 0.4 1.0 89.1 0.01
S4 269.8 407.6 0.7 56.3 6.8 8.2 68.6 6.8 10.04
S5 15.4 28.8 0.5 47.9 29.4 1.6 0.2 29.4 0.01
S6 229.0 212.4 1.1 91.6 20.8 4.4 5.5 20.8 0.26
S7 109.7 59.2 1.9 29.8 2.6 11.6 1.6 2.6 0.63
S8 56.8 63.8 0.9 35.2 4.4 8.1 0.8 4.4 0.19
S9 21.9 31.8 0.7 111.6 17.0 6.6 10.1 17.0 0.59
S10 92.2 91.8 1.0 27.5 16.9 1.6 1.3 16.9 0.08
S11 212.5 203.6 1.0 123.4 69.6 1.8 0.9 69.6 0.01
S12 268.6 345.7 0.8 176.6 77.5 2.3 9.1 77.5 0.12
S13 99.1 147.3 0.7 70.6 5.2 13.6 1.7 5.2 0.32
S14 703.8 801.0 0.9 417.2 78.3 5.3 21.3 78.3 0.27
S15 196.2 211.1 0.9 38.1 0.0 829.7 0.9 0.0 20.28
S16 116.0 105.4 1.1 65.6 44.2 1.5 4.1 44.2 0.09
S17 86.0 79.4 1.1 79.3 14.2 5.6 2.6 14.2 0.18
S18 113.0 95.3 1.2 43.8 28.2 1.6 3.1 28.2 0.11
S19 66.3 140.8 0.5 51.8 26.2 2.0 1.3 26.2 0.05
S20 24.7 24.2 1.0 43.7 51.0 0.9 0.8 51.0 0.02
S21 5.5 5.8 0.9 8.8 4.9 1.8 0.7 4.9 0.14
S22 2.5 3.2 0.8 38.3 16.3 2.4 0.1 16.3 0.01
S23 12.9 20.6 0.6 21.8 4.7 4.7 1.0 4.7 0.21
S24 7.1 22.0 0.3 81.4 1.2 68.8 1.0 1.2 0.85
S25 243.3 258.0 0.9 92.9 93.6 0.9 0.0 93.6 0.00
S26 11.5 10.2 1.1 8.2 1.3 6.1 0.0 1.3 0.00
S27 4.0 4.2 0.9 9.7 17.0 0.6 0.0 17.0 0.00
S28 522.7 556.0 0.9 252.2 592.3 0.4 6.2 592.3 0.01
S29 134.8 133.1 1.0 25.5 15.4 1.7 0.8 15.4 0.05
S30 296.3 307.8 0.9 58.2 73.6 0.8 0.5 73.6 0.01
S31 80.5 73.3 1.1 0.6 0.6 1.0 0.0 0.6 0.00
S32 49.5 37.4 1.3 11.2 7.8 1.4 0.0 7.8 0.00
S33 145.9 170.0 0.8 60.3 140.2 0.4 0.0 140.2 0.00
S34 107.9 125.4 0.9 12.2 11.0 1.1 0.0 11.0 0.00
S35 62.5 48.1 1.3 57.5 15.9 3.6 0.1 15.9 0.01
S36 18.9 61.3 0.3 6.3 3.4 1.8 0.0 3.4 0.01
S37 8.7 8.5 1.0 4.3 19.1 0.2 0.0 19.1 0.00
S38 75.4 74.4 1.0 13.4 8.7 1.5 0.0 8.7 0.00
S39 75.2 71.0 1.1 7.1 0.4 19.4 0.0 0.4 0.14
S40 64.1 67.9 0.9 13.2 4.6 2.9 0.0 4.6 0.00
S41 11.2 13.0 0.9 2.4 8.3 0.3 0.0 8.3 0.00
S42 94.6 109.1 0.9 6.3 0.0 182.5 0.1 0.0 2.27

Unit: 1 billion RMB
Bold numbers refer to anomalies

To validate the method we first use Hebei province as a case study and conduct a sensi-
tivity analysis of the MRIO table built using the presented method. We introduce a weight
to adjust the initial distribution of estimated demand at the city level. The results show the
relative stability of our assumptions in estimating consumption-based emissions for each
city, and thus suggest there is less sensitivity when using potential weights to improve the
demand estimate. On the contrary, we argue that the weight can improve the performance
of the model, especially in a province with huge heterogeneity. However, the question
remains of how to determine the proper weight. The assignment of a proper weight needs
to be better explored in future research. Second, we compared the consumption-based
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emissions computed using the MRIO table developed here with a corresponding city-level
MRIO table we developed in previous work. Large discrepancies in consumption-based
emissions are found between the two tables. The difference is rooted in the incompatibil-
ity of benchmarks used for MRIO-SRIO and MRIO-MAX. In the former, the benchmark
is the city-level SRIO tables, while the latter is based on the provincial SRIO table. This
reflects the fact that official statistics at the city level do not concorde with official pub-
lished statistics at the province level. The results of comparing two benchmarks show a
clear data conflict. The city-level SRIO tables indicate higher self-supplied demands, lead-
ing to significant domestic emissions. Previous work has indicated that the choice of raw
data and the method of compilation are the main factors that lead to major divergences
between the results of different MRIO tables (Qu et al., 2020; Wood et al., 2019). In the
field of MRIO table construction, many studies highlight the uncertainty of MRIO tables,
but their raw data going into the global country-level MRIOs are almost the same (Arto
et al., 2014;Owen et al., 2014;Wood et al., 2019). In our case, it is hard to separate the uncer-
tainty introduced by raw data (different benchmarks) and by methods. We argue that the
uncertainty originating from different benchmarks could be much larger than that gener-
ated by different methods, as the huge gap between benchmarks (especially in the foreign
trade data) conflicts with the supply-demand relationships. In other words, inconsistent
benchmarks illustrate very different economies. Given the lack of other official data to jus-
tify accuracy, we compare our results with the consumption-based emissions of the C40
cities, and find that our work is in line with the C40 study (C40 Cities, 2019), justifying our
claim that the method proposed in this paper can generate an acceptable estimate.

The framework can be implemented not only in China, but also in any country with
available sectoral output, value-added, and city-level customs data. The framework can
be also implemented at the regional level. The city-level MRIO table for 309 cities has
numerous policy implications in terms of both economic growth and environmental con-
servation. For example, China has launched a series of policies to reduce huge regional
disparity, such as ‘China Western Development’, ‘Rising in the Central region’, and ‘Revi-
talization of the Northeast provinces’, but it is still unclear how the economic growth in
rich coastal cities contributes to the growth of poor cities (e.g. GDP or jobs). The dataset
is a critical tool to quantify economic linkages between cities, and identifies key cities as
well as key sectors. Such quantified linkages between cities can inform the State Council’s
proposals for economic collaboration between cities and the impact evaluation of eco-
nomic policies or political events on different cities throughout supply chains. For example,
the State Council can evaluate how China’s economic transition in the post-financial cri-
sis affected various, how economic or employment costs varied for each city during the
US-Sino trade war, or how industrial and trade structure changed for each city after the
Covid-19 pandemic. In the context of climate change, the city-level MRIO table can track
how climate risks are distributed among cities and identify which cities are more exposed
to, or create, supply chain risk. A recent study measuring the economic and health costs
of the California wildfires in 2018 offers a good example of how high-resolution MRIO
tables can evaluate the hidden costs of natural disasters (Wang et al., 2020). Hidden costs
can not only guide city councils in conducting precautionary actions and comprehensively
assessing potential damages, but also offer crucial data to private sectors, such as insur-
ance or real estate companies. Furthermore, China has pledged carbon neutrality by 2060,
and cities are major components in this massive mitigation project. The city-level MRIO
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table can promote city-level consumption-based emission inventories, quantify mitigation
responsibilities, and highlight mitigation hotspots. The city-level MRIO dataset can also
enable calculating emissions embodied in trade, thereby providing a quantitative tool to
help establish city-level carbon markets.
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