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Abstract

The U.S.-China trade friction in 2018 and the COVID-19 pandemic in 2020 have significantly influenced
China’s domestic supply chains, with their impacts varying considerably across regions and sectors. Multi-
regional input-output (MRIO) models are widely used to track supply chains and analyze cross-regional spillover
effects, playing a key role in understanding economic linkages and environmental impacts. However, due to data
unavailability, existing MRIO tables fail to capture the impact of the U.S.-China trade friction and the COVID-
19 pandemic on China’s regional supply chains. To address this data gap, we employ hybrid methods to construct
Chinese MRIO tables for 2018 and 2020, covering 31 regions and 42 sectors. This dataset is consistent with our
previous work on the China provincial MRIO model for the years 2012, 2015, and 2017, offering insights into
how regional supply chains and economic structures adapted to the combined impacts of the trade war and the
COVID-19 pandemic.
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Background & Summary

Since China joined the World Trade Organization (WTO) in 2001, its regional supply chains have deeply
integrated into the global value chain!?. However, this integration is challenged by new disruptions such as
geopolitical conflicts and natural disasters>. In particular, the technology blockade and tariff barriers imposed
by the U.S.-China trade war since 2018 have resulted in an estimated indirect economic burden of USD 6.5
billion on China®, raising both imports and exports costs to the United States’, and prompting a reconfiguration
of trade networks’. The lockdown and declining global demand during the COVID-19 pandemic caused China’s
manufacturing Purchasing Managers' Index (PMI) fell sharply to a historic low of 35.7 in February 2020,
exposing structural vulnerabilities in the supply chains'®!!. These shocks reshaped China’s supply chain by

restricting exports, diverting investments, and disturbing supply and demand dynamics>!%!3.



Amid external shocks, the challenges faced by industries vary widely across provinces and cities due to the
heterogeneity of their economic characteristics'*!”. In the trade war, areas with a high share of exports and
exposure to targeted goods (like Guangdong and Shanghai) were impacted first, causing ripple effects across
economic system. Industries with more flexible supply chains were more likely to withstand the pressure. In the
2020 pandemic, Hubei Province suffered the most severe blow from the initial outbreak. After that, other
provinces experienced disruptions due to production shutdown, logistic failure and global trade halts.
Nevertheless, the pandemic opened opportunities for industries like healthcare, research and digital information
services. Therefore, strategies for mitigating risks and driving development must be specific to industries and
satisfy each province’s conditions. We urgently need a dataset at province level to support more comprehensive
research and more targeted policies.

The Multi-Regional Input-Output (MRIO) model is widely used to analyze regional economic flows, supply
chain dynamics, and associated environmental impacts'®2!. Numerous MRIO tables for China have been
developed by institutions and individual researchers. For example, Zhang developed China's MRIO tables for
the years 1997, 2002, and 2007 using a combination of the maximum entropy model and the doubly constrained

122, covering 8 regions with 17 sectors. Shi and Zhang constructed a 2002 MRIO model for China,

gravity mode
encompassing 30 provinces and 60 sectors, employing a hybrid approach based on the Chenery-Moses
framework?. Liu and colleagues improved the gravity model by incorporating spatial weights and competition
coefficients to construct MRIO tables for 2007, 2010, and 2012%**’. Mi proposed an MRIO table for 2012,
encompassing 30 provinces and 30 sectors, using a modified gravity model 2®. Later, Zhao and colleagues
constructed a series of MRIO tables covering 1987 to 2017 with carbon emission accounts?, which were later
refined to include more detailed regional and sectoral classification. Zheng applied the maximum entropy
approach to construct MRIO tables for 2012, 2015, and 2017, incorporating 31 regions and 42 sectors®.
Following the approach, Wang developed the city-level MRIO table by firm ownership from 2002 to 2017°!.
However, no existing MRIO datasets beyond 2017 are available, limiting the capacity to accurately capture the
changes in China’s provincial supply structures amid the U.S.-China trade friction in 2018 and the COVID-19
pandemic in 2020.

To address this gap, we employed a hybrid approach to construct MRIO tables for 31 provinces and 42 sectors
in mainland China for the years 2018 and 2020. This approach has been widely applied in the construction of

MRIO tables across various countries>>>>

, and consistent with our previous work of the provincial MRIO tables
for 2012, 2015, and 2017. Our dataset reflects changes in China’s regional economic structure influenced by
U.S.-China trade friction and the COVID-19 pandemic. It is valuable for economic and environmental analysis,
especially in assessing regional growth drivers and inter-regional spillover effects amid U.S.-China trade friction

in 2018 and the COVID-19 pandemic in 2020.

Methods

Input data



This study constructs province-level MRIO tables for China for the years 2018 and 2020 through regionalizing
national 10  tables published by the National Bureau of  Statistics of  China
(https://data.stats.gov.cn/ifnormal.htm?u=/files/html/quickSearch/trcc/2020_1.html&h=740).  Our  hybrid
approach combines official survey data with simulation results*!*¢37, balancing cost and data quality>>*%. The
provincial data used in this process include 2017 and 2020 Single-Region Input-Output (SRIO) tables®*. Sectoral
economic data were obtained from the statistical yearbooks published by the statistical bureaus of all 31
provinces in China. All yearbooks are publicly accessible through the respective provincial statistical bureau
websites (search term: “<Province Name> + Statistical Yearbook + <Year>"). In addition, import-export data
were sourced from China Customs (http://stats.customs.gov.cn/). All data are constrained by the national 10
tables to ensure consistency. However, due to the high cost of conducting surveys, China only releases national
10 tables every 2-3 years or during the economic censuses, while provincial tables published even less frequently.
After 2017, only Beijing, Shanghai, and Tianjin have published their tables in 2020, which largely delay the
construction of MRIO table. Meanwhile, sectoral data for interregional trade flows are also unavailable. To
address the data limitations, we employed a cross-entropy model*>*! to generate the missing SRIO tables for
each province. For inter-provincial trade, we applied a gravity model***’ based on 2017 railway transport and

electricity transmission data** to estimate the trade matrix.
Form MRIO table
As shown in Figure 1, the construction workflow of the MRIO table involves five stages:(1) Estimating domestic

supply and demand;(2) Disaggregating domestic supply and demand;(3) Compiling provincial SRIO accounts;(4)

Estimating intra-regional transaction matrices;(5) Estimating inter-regional trade matrices.
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Figure 1. MRIO Table Construction Workflow

The specific construction steps of the MRIO table are as follows:
(1) Estimating domestic supply and demand

First, based on the supply-demand balance principle, we estimate the supply and demand for each region and
sector. Domestic supply and domestic demand include both intermediate goods and final products. From the
supply perspective, the domestic supply of each region and sector should equal its total output minus foreign
exports, as shown in Eq. 1:

supply! = outputt — exportt (1)

The output of sector i in province r is represented by outputk, while exportl stands for its exports. supply’
reflects the domestic allocation of sector i’s output in province r, indicating the share that remains for domestic
supply. Sectoral output data for some provinces in 2018 and 2020 is available from provincial statistical
yearbooks or SRIO tables. However, some provincial yearbooks do not provide data on tertiary industry output



or industrial sector value added. In these cases, we estimate the missing data by assuming identical share
structures for value added and output. It means that the sectorial distribution of value added is same as the

distribution of output. The assumption is used for scenarios either no sectoral value added or no sectoral output.

From the demand perspective, the domestic demand of each region and sector should equal its total demand
(intermediate demand plus final demand) minus foreign imports. This data can be obtained from the provincial
SRIO table, as shown in Eq. 2:

demand! = z! + f! — importt (2)

Here, z. denotes the intermediate demand for sector i in province r, while f! represents its final demand.
importl. indicates the import volume of sector i in the same province. The domestic demand of sector i in
province r is defined as the total demand excluding imports (demandl). However, since SRIO tables are
unavailable for certain provinces, the total demand cannot be directly determined. Therefore, we make the
following assumptions:(1) The technical coefficients in 2018 are the same as in 2017, and the ratio of
intermediate demand to total demand remains unchanged. Thus, we use the 2017 provincial SRIO table structure
to estimate total demand for 2018. (2) For regions where the 2020 provincial SRIO tables are unavailable, we
estimate total demand using the technical coefficients and the ratio of intermediate demand to total demand from
the national IO table. The specific calculation formula is as follows:

2 Ay17L X OULPUL,g g
X Zy017i /tdyg171
s tdl 3

tdl = ——xnd i
T Zr td;* 2018

(tdi* =

demand! = tdl — import}

The variable tdl*, marked with a “*” | provides a preliminary estimation of total demand for sector i in province
I. 3,4, denotes the 2017 technical input coefficient for sector i as required by province r. The total output of
sector 1 in province r is captured by output,,gi. Variables Zyo171 and td2017ir refer to the intermediate and total
demand for sector i in province r in 2017. demand’. indicates the required input of sector i in province r, while
nd,,,gi denotes the national demand for the same sector in 2018. Finally, import! corresponds to the imported
quantity of sector i in province r. To ensure data consistency, the total output, total demand, value added, import,
and export data for each province and sector are constrained using the national 10 table.

(2) Detailed decomposition of domestic supply and demand

From the supply perspective, domestic supply (DS) consists of self-supply (SS) and supply to other provinces
(SO). Similarly, domestic demand (DD) can be further divided into self-demand (SD) and demand from other
provinces (DO), as shown in the Figure 2.
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Figure 2. Provincial flow of supply and demand

The Cross-Entropy (CE) model can effectively adjust unknown distributions to minimize information loss while
maintaining consistency with known totals*. Therefore, we use the CE model to disaggregate domestic supply
and demand based on the following relationships:(1) Self-supply equals self-demand within the same province.
(2) The domestic supply within a province can be further decomposed into two components: supply retained for
local use (SS) and supply distributed to other provinces (SO). (3) Domestic demand within a province is the
aggregate of local demand (SD) and demand from external provinces (DO). (4) The total SO from all provinces
must equal the total DO from all provinces. (5) Local supply is prioritized to meet local demand, meaning that
each province’s self-demand must be greater than 0. Mathematically, this can be described as:

minC(P||Q) = Zizrpir “ln (%) (4)

Z_Z_(Pisrs"'PiSro) =1
i
22 (P> + P20 =1;
13 r
D b xsi= ) PPOxdy;
T T

(P° + P3°) X S; = Sir;

Subject to:

(P> + PR0) X d; = dip;
piy >0
P, represents the allocation of supply (SS+SO) and demand (SD+DO) for sector i in province r, while q;,

denotes the initial distribution for the same sector and province. The variables s; and d; correspond to the total

domestic supply and demand aggregated across all provinces. Meanwhile, s;- and d;. specify the domestic



supply and domestic demand for sector i in province r.

For the 42 sectors, the initial shares of each province’s SS, SO, SD, and DO are derived from the provincial
SRIO tables. The detailed calculation steps are as follows:

ngrs = SSir/(SSir + SOir); (5)
qiS;O = SOir/(SSir + SOir); (6)
qgrD = SDir/(SDir + DOir); (7)

qﬁo = DOy /(SDy + DOy;-); (8)

q:3, 422, q;Pand gPPrepresent the proportions of SS, SO, SD, and DO for sector i in province 7, respectively.
Specifically, SS;, denotes the self-supply of sector i in region r, SO;, represents the outflow, SD;, refers to
the self-demand, and DO;,- indicates the inflow. After disaggregating the domestic supply and domestic demand
by province, the sum of domestic exports from all provinces matches the total domestic imports for each sector.

(3) Compilation of provincial SRIO accounts

Firstly, we estimate the final demand for each sector in each region using regional GDP, export and import data,
external supply (supply to others), and external demand (demand from others). Secondly, the intermediate
demand is obtained by multiplying the existing technical coefficient matrix with the output vector. It is important
to note that although the China-U.S. trade war in 2018 brought about significant shifts in the global trade
landscape, the production technologies and input-output structures inside China are unlikely to change rapidly
over a short period. Accordingly, we adopt the 2017 input-output coefficients derived from SRIO tables to
approximate the technological structure of each province in 2018. This is a common approach for short-term
MRIO construction in data-scarce contexts to provide a reasonably accurate estimation of each province's
economic characteristics. For 2020, the technical coefficient matrices of Beijing, Tianjin, and Shanghai are
sourced from the SRIO tables published by these provinces, while for other provinces without SRIO tables in
2020, the average technical coefficient matrix from the national 1O table is used as a substitute. Then, the
optimized sectoral outflows, inflows, exports, and imports for each province from the previous step are integrated
with the provincial intermediate use and final demand matrices. Finally, the SRIO tables for each province are
developed using a cross-entropy approach, ensuring compliance with two equilibrium conditions: (1) For each
sector, the sum of intermediate demand and final demand should equal the total output minus net exports; and
(2) intermediate demand is also derived by subtracting value added from total output. These relationships can be
formally expressed as:

minCPIQ =) Il 7w () @

Subject to:



2 qij -pﬁj = Outputi —Valve addedi;

i qij -pij = OQutput! — Net export};

pirjdenotes the adjusted distribution obtained by updating the known prior through the cross-entropy procedure.
e represents the natural logarithm. qirj, as the prior distribution, includes the intermediate demand and final
demand. Output];. refers to the input of sector j in province r, while Outputl. indicates the output of sector i in
provincer. Net exportl. captures net exports of product i, calculated as total (foreign + domestic) exports minus
total (foreign + domestic) imports. Valve addedjr represents the value added of each sector in each region.
Foreign trade data are sourced from provincial SRIO tables or China Customs.

It is important to note that when constructing the 2020 provincial SRIO tables (except for Beijing, Tianjin, and
Shanghai), we used national technical coefficients as proxies for the technical coefficients of each province.
These coefficients were then multiplied by the actual 2020 output of each region to estimate preliminary
intermediate demand, which was subsequently used to calculate total demand (Z + F). Technical coefficients
reflect each region’s production structure and the proportions of intermediate inputs. Provinces display
pronounced heterogeneity in industrial structure and supply chain integration. Applying national technical
coefficients uniformly across provinces reduces the actual and often significant technological differences among
them. However, this influence is mainly confined to the technological dimension and does not eliminate regional
heterogeneity. The subsequent RAS adjustment is performed to satisfy the constraints, which incorporate actual
provincial data on output, demand, and trade. This helps preserve differences in economic scale and industrial

structure across provinces. As a result, the final matric retain distinct provincial characteristics.
(4) Estimation of intraregional matrix

To develop a competitive MRIO table, it is essential to transform the provincial competitive SRIO tables from
Step (3) into their non-competitive counterparts. This transformation requires decomposing each province’s
intermediate demand and final demand into three components: (1) demand met by local production, (2) demand
fulfilled by other provinces, and (3) imports. To facilitate this disaggregation, we employ the Regional Purchase
Coefticient (RPC), which estimates the proportion of total demand that is sourced locally. It is assumed that the
local share of supply within both intermediate demand and final demand remains constant across each SRIO
table. Therefore, local demand components in the MRIO framework are obtained by applying the RPC to the
respective intermediate demand and final demand figures from the SRIO tables. The relationship is expressed
mathematically as follows:

. (Output! — exportt — sol)
rpct = . . . . -
per (Output; — export}. — soy + import, + do}.)

(10)

Z,l,{, = rpct x Zij (11)

f=rpcixfl (12)



rpct denotes the share of intermediate demand and final demand for sector i in region r fulfilled by local
production. Outputl, exportl and importl represent total output, foreign exports, and foreign imports,
respectively. sol. denotes the outflow of sector i in province r, whereas dol denotes the inflow of sector i in

the same province.zijr and f represent the amounts of intermediate demand and final demand in province r that
are sourced domestically within the same province.

(5) Estimation of interregional trade matrix

We need to estimate the share of total demand met by external regions for each province to derive the off-
diagonal entries in the MRIO table for both intermediate demand and final demand.

Firstly, similar to the approach in Step (4), we introduce the Import Purchase Coefficient (IPC) to quantify the
portion of each province’s intermediate and final demand supplied by other provinces. It is assumed that this
interregional import ratio remains consistent across intermediate demand and final demand within each SRIO
framework. Formally:

i
i dor
Ipcy

B (Outputl — exportt — sol + importt + dol)

(13)
zmij = ipck x zﬁj (14)

fmi =ipc; X i (15)

ipcl denotes the share of intermediate demand and final demand for sector i in region r fulfilled by imported
products. Outputl, exportl and importl represent the total output, foreign exports, and foreign imports,
respectively. sol denotes the outflow of sector i in province r, whereas dol denotes the inflow of sector i in
the same province. Zmirj and fml represent the amounts of intermediate demand and final demand in province
r that are met by imported products, respectively.

Secondly, due to the lack of detailed interregional trade matrices for all 42 sectors, we employ a gravity model
using railway transportation data for 11 categories of goods to estimate interregional trade flows across 24 sectors
within the input-output framework. For non-transportable sectors (e.g., services and construction), transport
costs are not considered; rather, we assume allocation is proportional to regional supply and demand. For
electricity, interregional electricity transmission data from the China Electricity Power Yearbook is used to
estimate related trade flows. This method and data are consistent with our previous study, thereby ensuring
consistency over the time series. The general structure of the gravity model is defined as:

(OUtflOWroi)ﬁ1 X (inflowosi)ﬁz

(distance,s)Y

tradel, = G*

(16)

tradel; represents the volume of interregional trade for product i from province r to s, while distance,s
denotes the geographic distance between the two regions, serving as a proxy for transport-related costs.outflow?,



indicates the amount of product i that province r supplies to other provinces, whereas inflow! denotes the
volume of product i that province s imports from other provinces. However, the initial trade matrix obtained
from the above steps does not satisfy the row and column constraints for domestic exports and imports in the
provincial SRIO tables. To reconcile these discrepancies, we utilize the RAS balancing method to adjust the
trade matrix, thereby ensuring coherence with the supply and demand constraints of the SRIO tables.

Thirdly, based on the balanced trade matrix, we compute the share of total domestic imports supplied by each
province-referred to as the regional purchase proportion (RP). By applying this proportion to each region’ s total
domestic demand, we derive the volume of demand met by other provinces. Mathematically:

tradel,
Y tradel,

| -
TDrs =

(17)
io_ ij

zh=rpisxzm r#s (18)

fis=rpis X fmg r#s (19)
Here, rplg represents the share of domestic imports of product i flowing from province r to province s,
while tradel reflects the volume of sector i’s trade fromrto s. zm, and fml denote the intermediate and final

demand for the imported products i to province s. z irjs and flg represent the intermediate and final demand
fulfilled by domestic imports flowing from province r to province s.

Data Records



Multi-regional 10 table for 31 provinces
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Figure 3. The layout of China's province-level MRIO table

The dataset is available at the China Emission Accounts and Datasets (CEADs, www.ceads.net) and Figshare*®
(https://doi.org/10.6084/m9.figshare.29927291). The 2018 and 2020 China MRIO tables reflect the economic
linkages and industrial structure evolution among regions during the U.S.-China trade war and the COVID-19
pandemic. The structure of our China’s MRIO tables for 2018 and 2020 is shown in Figure 3. It consists of the
intermediate demand matrix (1302 X 1302), final demand matrix (1302 X 155), value-added matrix (5 1302),
import vector (1X1457), export vector (1302 X 1), total output vector (1 X 1302), and total output vector (1302
X1). Economic relationships among 31 provinces and 42 sectors in China are captured by the intermediate
demand matrix. The final demand matrix comprises five categories: urban household consumption, rural
household consumption, government consumption, fixed capital formation, and changes in inventories. The
value-added matrix consists of four components: compensation of employees, net taxes on production,
depreciation of fixed capital, and operating surplus. Imports and exports, categorized by province and sector, are
captured in separate vectors. The import vector distinguishes between intermediate demand (1 X 1302) and final
demand (1 X 155).



Technical Validation
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Figure 4. Heatmap of Error Terms Across 31 Provinces and 42 Sectors in 2018 and 2020

This study constructs the "Errors" column vector (1302X1) in the China MRIO table to reflect total output
balancing errors. In all provinces, the discrepancy in total output across the 42 sectors stays withina =+ 5% range.
The "Errors" column vector represents the difference between the total output of each sector in each province
and the sum of its intermediate demand, final demand, and net exports. Figure 4 presents heatmaps of error terms
across 31 provinces and 42 sectors for 2018 and 2020. Deeper red indicates a greater positive deviation of
sectoral total output from the actual value, while deeper blue indicates a greater negative deviation. For example,
in 2018, the largest output discrepancy was observed in Sector 4 (Mining and Processing of Metal Ores) in
Province 8 (Heilongjiang), with a deviation of 1.5%. In 2020, the most significant discrepancies occurred in
Sector 4 of Province 7 (Jilin) and Sector 12 (Manufacture of Chemical Products) in Province 30 (Ningxia), with
deviations of 1.7% and -1.7%, respectively. These deviations primarily stem from balancing inconsistencies in
the provincial input-output tables and mismatches between total inflows and outflows across provinces.

Discrepancies between MRIO and national 10 table

Currently, no other institutions have published MRIO tables for China for the years 2018 and 2020. Therefore,
to validate the reliability of our MRIO tables for these years, we compare them with the official national SRIO
tables. The results show that, in both 2018 and 2020, the differences in domestic intermediate inputs across most
sectors remain within +10%, indicating a high degree of overall consistency between the two datasets. Only a
few sectors exhibit relatively large discrepancies (see Figure 5). Specifically, in 2018, the sectors “Extraction of
petroleum and natural gas,” “Processing of petroleum, coking, and processing of nuclear fuel,” and “Production
and distribution of gas” show deviations of -24%, +21%, and +25%, respectively. By contrast, in 2020, the
largest discrepancy is concentrated in “Mining and processing of metal ores” (11%). These discrepancies mainly



stem from the assumption that intermediate and final demand share the same import ratio when converting the
competitive SRIO table into a non-competitive format. For example, in 2018, the discrepancy for the "Extraction
of Petroleum and Natural Gas" sector reached -24%, primarily due to an overestimation of intermediate imports
in the MRIO table—88% higher than the actual value. Since this sector is highly import-dependent, with
approximately 54% of its supply sourced from abroad, the discrepancy is further amplified under the import
estimation assumptions described above. Therefore, it is reasonable that sectors with high import reliance are
more prone to larger discrepancies during the MRIO construction process. Access to more detailed import data-
especially distinguishing between intermediate and final demand—would enhance the consistency and accuracy
of the MRIO tables relative to national SRIO benchmarks.
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Figure S. Discrepancies in Domestic Intermediate Inputs Between National 10 and MRIO Tables in 2018
and 2020



Regional Value Chain Accounting for 2018 and 2020
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Figure 6. Consumption-Based Value Added across Regions and Sectors in China for 2017, 2018, and
2020

To verify the validity and dynamic stability of the 2018 and 2020 China multi-regional input-output (MRIO)
tables, this study compared consumption-based value added (CBVA) across Chinese provinces in 2017, 2018,
and 2020 using data adjusted to 2020 prices. Figure 6 presents the CBVA across 15 sectors in 31 provinces for
the years 2017, 2018, and 2020. The results reveal four distinct provincial patterns:(1) Continuously Rising Type:
Mainly in eastern coastal and emerging central and western regions such as Guangdong, Jiangsu, Zhejiang,
Hunan, and Sichuan. Jiangsu (+246.8 billion yuan) and Guangdong (+131.7 billion yuan) showed the largest
CBVA growth, driven by services, construction, and high-end manufacturing. For example, Jiangsu’s CBVA in
transportation equipment manufacturing rose from 176.8 billion to 376.4 billion yuan. Education, healthcare,
public administration (+745.5 billion yuan), services (+501.8 billion yuan), and construction (+405.4 billion
yuan) also steadily grew, serving as key drivers of CBVA expansion. (2) Increase-Then-Decrease Type: Includes
traditional industrial and service-oriented provinces such as Beijing, Liaoning, and Henan, as well as provinces
like Qinghai, Ningxia, Inner Mongolia, Gansu, and Hainan. Beijing’s service CBVA rose 32% from 114.1 billion
to 150.7 billion yuan in 2018 but dropped to 130.9 billion yuan in 2020. Hainan's service CBVA increased slightly
in 2018 but fell sharply by 56% in 2020. This decline was mainly due to the impact of the COVID-19 pandemic,
which severely affected high-contact sectors such as tourism, catering, and offline services, leading to a
significant reduction in service consumption and thereby suppressing CBVA growth in the service sector. (3)



Continuous Decline Type: Provinces such as Heilongjiang, Xinjiang, and Hubei showed steady CBVA decreases
over the period. For instance, Xinjiang’s service CBVA fell from 34.5 billion yuan in 2018 to 29.83 billion yuan
in 2020, mainly due to declines in transportation (—80.2 billion yuan). However, education, healthcare, and public
administration sectors continued growing, with CBVA rising from 300.8 billion to 396.9 billion yuan. This
indicates that spending on public services and healthcare increased significantly during the pandemic, becoming
a key pillar supporting regional CBVA. (4) Decrease-Then-Increase Type: Includes Shanxi, Shandong, Jiangxi,
Jilin, and Hebei. For example, Shandong’s service sector grew from 127.1 billion to 165.1 billion yuan, while
public service spending rose from 96.4 billion to 128.3 billion yuan. Overall, provincial changes in consumption-
based value-added highlight regional disparities in industrial structure and resilience, supporting the validity and
stability of the MRIO model for regional economic analysis.

(4) Decrease-Then-Increase Type: This group includes regions such as Shanxi, Shandong, Jiangxi, Jilin, and
Hebei. For example, Shandong and Hebei experienced declines in construction and manufacturing in 2018, but
saw arecovery in 2020, driven by growth in the service sector and public sectors such as education and healthcare.
In Shandong, the service sector and public service spending were the top two contributors to CBVA growth,
rising from 127.08 billion yuan to 165.04 billion yuan and from 96.42 billion yuan to 128.28 billion yuan,
respectively. Similarly, in Hebei, these sectors led the CBVA rise, with the service sector growing from 49.56
billion to 79.12 billion yuan and public service spending from 46.21 billion to 65.96 billion yuan.

Data availability

These MRIO tables are publicly available via the China Emission Accounts and Datasets (CEADs,
www.ceads.net) and Figshare*® (https://doi.org/10.6084/m9.figshare.29927291).

Code availability

The programs used in the data generation is based on MATLAB and GAMS. The code can be found in
https://github.com/LiJie20230/China_ MRIO.


https://github.com/LiJie20230/China_MRIO
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