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Introduction
Examining the impact of household income on carbon emissions is pivotal for linking the national strategy of common prosperity with the country's dual carbon goals.
Methods
We develop a partially closed input-output model differentiating urban and rural household income and consumption, and explore the impact of household income on carbon emissions.
Results and discussion
The results show that from 1994 to 2018, the total carbon emissions induced by household income increased, while the carbon emissions per unit of household income decreased. In 2018, carbon emissions caused by household income accounted for 11.5% of China’s total carbon emissions (1,624 Mt). Among them, carbon emissions caused by household income in urban areas were 5.6 times that in rural areas. Apart from the energy sector, carbon emissions caused by household income are mainly concentrated in metal manufacturing, transportation, mining, agriculture, and food and tobacco industries, and carbon emissions show continuous growth trend. A comparison of open and partially closed input-output models shows that the open input-output model would over-estimate the carbon emissions caused by household income. This study provides important reference for the formulation of carbon emission reduction policies, the optimization of energy structures, and the balance between residents’ income growth and the achievement of dual carbon goals by region.
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1 INTRODUCTION
Human activities have significantly contributed to global climate change (Forster et al., 2024). The burning of fossil fuels has led to the emission of greenhouse gases, primarily CO2, driving global warming (Shindell and Smith, 2019). This, in turn, has caused rising sea levels, droughts, and floods, posing severe risks to both biodiversity and human wellbeing (Garg et al., 2024). In response, many countries have implemented measures such as adopting clean energy alternatives, enhancing forest carbon sinks, and promoting international carbon emissions trading (Raman et al., 2024). However, emission reduction efforts alone are insufficient, as they often overlook the contributions of economic activities such as production and consumption to carbon emissions (Cui et al., 2021). Previous studies have confirmed that, in addition to production activities, household demand and consumption behaviors significantly influence carbon emissions (Lee et al., 2023). Moreover, according to the Keynesian consumption theory, household demand and consumption behavior are primarily driven by household income (Friedman, 1957; Ando and Modigliani, 1963). As Figure 1 illustrates, as per capita household income increases, the carbon emissions show a corresponding upward trend. This raises the question: is there a relationship between household income and carbon emissions? Indeed, numerous studies have confirmed the positive correlation between household income and carbon emissions (Tian K. et al., 2025). This effect, however, varies regionally. Household income in eastern China is generally higher than in the western regions, leading to a significantly larger carbon emissions in the eastern regions (Liang et al., 2023). Additionally, the widening urban-rural income gap results in a substantially higher carbon emissions for urban residents compared to rural residents (Wang et al., 2024). However, the aforementioned studies are all based on a causal perspective and do not further quantify the impact of household income on carbon emissions.
[image: Bar and line graph showing trends from 1994 to 2018. The blue bars represent increasing per capita income in Chinese yuan. The yellow line indicates a rise in carbon emissions from production sectors. The red line shows the upward trend in household carbon emissions.]FIGURE 1 | Changes in Household Income and Carbon Emissions from 1994 to 2018. Notes: per capita income and carbon emissions are calculated by the authors based on data from the China Statistical Yearbook and the China Energy Statistical Yearbook. “Carbon emissions of production sectors” are defined as the total CO2 emissions attributable to the direct and indirect energy consumption associated with the production of final goods by production sectors. “Household carbon emissions” are defined as the total CO2 emissions attributable to households’ direct and indirect energy consumption.To address this, this study proposes the concept of “income carbon footprint” to quantify carbon emissions directly or indirectly induced by household income. Unlike carbon emissions as an aggregate concept, carbon footprint quantifies the carbon emissions directly or indirectly induced by activities or accumulated throughout a product’s life cycle (Shi and Yin, 2021). The income carbon footprint refers to the total (direct and indirect) carbon emissions caused by household income.
Extensive research has adopted open input-output models to estimate carbon footprints of the production sector (Li et al., 2025; Liu and Zhou, 2025; Tian P. et al., 2025), as well as the driving effect exerted by household consumption on it (Liu et al., 2022; Yu et al., 2021). However, these studies uniformly assume that the production sectors as a closed economic system, and no inherent linkage exists between the household sector and the production sector. Clearly, this assumption is restrictive, By comparison, the partially closed input-output model establishes an inherent linkage between the household and production sectors by partially endogenizing the former within the latter (Chen et al., 2010). In light of this, scholars have employed the partially closed model to investigate the quantitative relationship between the household sector and economic growth, such as the employment effects of industrial development (Bai, 2020), evaluate the impact of national policies on economic growth (Chen et al., 2010), and simulate the effects of consumption expansion on GDP growth (Chen et al., 2016). Attention has also been devoted to the household sector as a whole in driving carbon emissions (Bamisile et al., 2020; Liu et al., 2019; Pang et al., 2022; Rodrigues et al., 2020; Shi et al., 2020), as well as to individual variables, such as income (Bamisile et al., 2020; Liu et al., 2019; Shi et al., 2020) and regional distribution (Long et al., 2018; Wang et al., 2020), in their interrelationship with carbon emissions. Despite the scientific validity of the partially closed model in examining the relationship between the household and production sectors, its faces three main challenges: (1) The partially closed model has not been further developed to quantify the income carbon footprint; (2) While numerous studies recognize that open model serve as the foundation for constructing the partially closed model, current research on the partially closed models has not yet compared the differences in results between open and closed models; (3) Given the significant urban-rural disparities in income structure, consumption preferences, and population size in China, current studies have failed to distinguish between urban and rural areas in their analyses. To address these gaps, this study employs a time-series competitive input-output table from 1994 to 2018 (Zhang et al., 2021), drawing on Keynesian consumption theory. Compared with the benchmark tables published by the Chinese government, the table used in this study provides continuous annual series and incorporates adjustments for changes in monetary value, making it more suitable for long-span time-series analysis. By distinguishing between endogenous and exogenous household income and consumption (Chen et al., 2010), we develop a partially closed input-output model that accounts for urban and rural household income and consumption. The model is then applied to quantify the carbon footprint associated with urban and rural household income.
The contributions of this study are as follows: First, it introduces the concept of the “income carbon footprint” and constructs a partially closed model that differentiates between urban and rural household income, allowing for a more precise estimation of carbon emissions induced by income, thereby providing empirical references for China to achieve the goals of residents’ income growth and carbon peaking and carbon neutrality. Second, the study quantifies the income carbon footprint from 1994 to 2018, further breaking it down into urban and rural household income carbon footprints. A comparative analysis is conducted to examine the evolution trends and structural differences of these footprints, providing policy implications for carbon reduction from the consumption perspective. Third, the study compares results derived from the open model and the partially closed model, addressing gaps in previous research and demonstrating the scientific validity and practical applicability of the partially closed model in carbon footprint accounting.
2 METHODS AND DATA
2.1 From the open model to the partially closed mode
Although previous research has demonstrated the validity and accuracy of the open model for calculating the carbon footprint of production sectors, two key limitations remain: First, the model treats the production system as fully closed. Value added incorporates partial household income, while final demand includes household consumption. Both are defined as exogenous variables determined by factors external to production. Chen et al. (2010) demonstrate that this structure severs the inherent production-income-consumption-production cycle between household and production sectors. Second, for carbon footprint accounting applications, this disconnection causes the model to entirely ignore feedback effects from changes in household consumption behavior on production activities and associated carbon emissions. Consequently, carbon footprints calculated through the open model fail to capture actual impacts of household income and consumption on production sectors via internal economic system linkages. In contrast, the partially closed model establishes an analytical framework better aligned with intrinsic economic system connections. Its conceptual foundation recognizes two principles: First, as providers of production factors like labor and consumers of final products, households are not fully independent from the production system. Second, consistent with Keynesian consumption theory, households maintain basic consumption without income from production activities. Thus, not all consumption is directly governed by current production (Chen et al., 2010). This model therefore enables accounting and research on carbon footprints linked to household income.
Compared to the open model, the partially closed model demonstrates three key comparative advantages in carbon footprint accounting: First, its theoretical foundation is more robust (Chen et al., 2010; Chen et al., 2016). The partial endogenization of consumption better aligns with core consumption theories—Keynesian consumption theory and life-cycle permanent income hypothesis (Friedman, 1957; Ando and Modigliani, 1963)—which state that consumption is not entirely determined by current income. Second, it captures feedback mechanisms by fully incorporating the impact of household consumption, particularly the portion regulated by production activities (Chen et al., 2010; Chen et al., 2015), on production processes and associated carbon emissions. Third, it generates more accurate and specific accounting results. The findings of Chen et al. (2010), who compared the open and partially closed models and reported that the latter produces more accurate outcomes when analyzing the relationship between the household and production sectors. In this study, Section 2.2 will provide theoretical justification for these advantages, while Section 3.4 will validate them through comparative analysis of accounting results. Nevertheless, this does not mandate universal adoption of the partially closed model. When research focuses exclusively on closed production systems without addressing inherent household-sector linkages, the open model remains the appropriate accounting approach.
No input-output tables for the partially closed model have been compiled by existing research institutions or government agencies. Consequently, this model must be constructed based on the open model. As illustrated in Figure 2, the model construction requires the following steps: First, the household sector is treated as a production sector. Payments to the household sector from production sectors recorded in the value-added row—specifically, compensation of employees and operating surplus—along with the portion of consumption modulated by production activities, are endogenized into the production system. Second, variables for household exogenous income and household savings are introduced to ensure completeness of household sector income. The detailed construction methodology is elaborated in Section 2.2. Accounting methods for relevant ratios and variables are presented in Section 2.3.
[image: Illustration of two economic models: “The Open Model” and “The Partially Closed Model”. The open model refers to the original input -output table, which presents the total inputs composed of intermediate inputs and final use, as well as the total outputs consisting of intermediate use and value added. On this basis, residents' income and consumption are further endogenized, and household savings are incorporated, thereby demonstrating the process of constructing the partially closed model from the open model.]FIGURE 2 | From the open model to the partially closed mode.2.2 Partially closed input-output model differentiating urban and rural household income and consumption
Building upon the open input-output table, this study constructs a partially closed input-output model that differentiate urban and rural household income and consumption, as shown in Table 1. Specifically, the column representing household consumption in the final demand section of the open input-output table is disaggregated into endogenous and exogenous consumption. This consumption is further differentiated into urban and rural household sectors. A column for exogenous income is introduced. Compensation of employees and operating surplus in the value-added section are combined to form endogenous income. Both endogenous and exogenous income are then disaggregated into urban and rural household sectors. Simultaneously, net production taxes and depreciation of fixed assets are consolidated into a single line labeled “other value-added”. In addition, following the approach of Chen et al. (2010) and Chen et al. (2016), the difference between household sector income and consumption is defined as household savings. Through these adjustments, a partially closed input-output table is constructed. The accounting procedures for various types of income and consumption will be elaborated in detail in Section 2.3.
TABLE 1 | Input-output partially closed model based on the differentiation of urban and rural household income and consumption1.		S1	…	Sn	Household sector	ODFD	EX	EXI	TO
	Endogenous consumption	Exogenous consumption
	Rural	Urban	Rural	Urban
	S1	Zd	Z1 n+1R	Z1 n+2U	C0R	C0U	f1	e1		X1
	…	…	…	…	…		…
	Sn	Zn n+1R	Zn n+2U	fn	en		Xn
	Household Sector (Income)	Rural	Zn+1 1R	…	Zn+1 nR	0					fR*	Xn+1
	Urban	Zn+2 1U	…	Zn+2 nU					fU*	Xn+2
	Other Value Added	V1*	…	Vn*					
	Household Savings				V∼
	Total Input	X1	…	Xn	X*


Furthermore, Table 1 is reorganized into a matrix format. The intermediate flow matrix Z* of the partially closed model is specified in Equation 1:
Z*=L11L12L21L22=Z11d⋯Z1nd⋮⋱⋮Zn1d⋯ZnndZ1 n+1RZ1 n+2U⋮⋮Zn n+1RZn n+2UZn+1 1R⋯Zn+1 nRZn+2 1U⋯Zn+2 nU0000(1)
where Z* represents the block matrix of intermediate flows in the partially closed model. Specifically: L11 corresponds to the intermediate flow matrix in the open model, reflecting the input-output relationships among production sectors. L12 represents the endogenous consumption matrix, introduced after endogenizing part of household consumption. It includes two components: The rural household endogenous consumption expenditure vector Zi n+1R (for i=1…n), representing the endogenous consumption of sector i by rural households (column n+1),and the urban household endogenous consumption expenditure vector Zi n+2U (for i=1…n), representing the endogenous consumption of sector i by urban households (column n+2). L21 represents the 2×n household income matrix, comprising the rural household income row vector Zn+1 jR (for j=1…n), indicating income received by rural households from sector j, and the urban household income row vector Zn+2 jU (for j=1…n), indicating income received by urban households from sector j. The interaction term matrix L22 is set a zero matrix.
Based on Z*, the direct consumption coefficient matrix of the partially closed model can be derived, as shown in Equation 2.
A*=ACRCUVRVU0000(2)
Let A=ZijdXjn×n denote the n×n direct consumption coefficient matrix in the open model. CR=Zi,n+1RXn+1 and CU=Zi,n+2UXn+2 represent the direct consumption coefficients for rural and urban households, respectively, showing the quantity of product i consumed per unit of rural and urban household income. The total income of rural households is given by  Xn+1=∑j=1nZn+1,jR+fR*, where fR* represents the exogenous income of rural households. Similarly, the total income of urban households is expressed as  Xn+2=∑j=1nZn+2,jU+fU*, where fU* denotes the exogenous income of urban households. VR=Zn+1,jRXj and VU=Zn+2,jUXj represent the direct income coefficients of rural and urban households, respectively, indicating the share of rural and urban household income in the unit output of sector j.
Therefore, the new partially closed model can be expressed as:
Xn Xn+1 Xn+2=ACRCUVRVU0000Xn Xn+1 Xn+2+C0+F*fR*fU*(3)
Performing an identity transformation on both sides of the equation leads to Equation 4 is obtained:
Xn Xn+1 Xn+2=ACRCUVRVU0000−1C0+F*fR*fU*(4)
To clarify the inverse matrix operation, this study partitions the inverse matrix as shown in Equation 5:
A*−1=ACRCUVRVU0000−1=ACV0−1(5)
Here, C is an n×2 direct consumption coefficient matrix of households, and V is a 2×n direct income coefficient matrix of households. Solving the inverse matrix in Equation 5 yields Equation 6:
ACRCUVRVU0000−1=ACV0−1=BI+CKVBBCKKVBK=BI+CKVBBCKRBCKUKVBRKRRKRUKVBUKURKUU(6)
where K=I−VBC−1 represents the complete income transfer from group j to group i, accounting for both direct and indirect household income effects driven by consumption-induced production. The elements KRR, KRU, KUR, KUU represent the complete income transfer within and between rural and urban households. BI+CKVB represents the total output driven by unit final demand, where B represents the total output induced by per-unit final demand unaffected by the endogenous income. In contrast, BCKVB represents the output driven by final demand influenced by endogenous household income. BCK represents the total output driven by unit exogenous household income, with BCKR and BCKU denoting the portion of output driven by exogenous rural and urban household income, respectively. KVB represents the household income driven by unit final demand, with KVBR and KVBU referring to the rural and urban household income driven by unit final demand, respectively.
By substituting Equation 6 into Equations 4, 7 is obtained:
Xn Xn+1 Xn+2=BI+CKVBBCKRBCKUKVBRKRRKRUKVBUKURKUUC0+F*fR*fU*(7)
Equation 7 illustrates the relationship between exogenous variables and total output. and total income within the partially closed model, providing a foundation for further research. Unlike the open model, the partially closed model incorporates the impact of exogenous household income on both total output and household income. This adjustment strengthens the model’s alignment with economic principles and real-world conditions. Moreover, by separating the total output driven by final demand into components that are influenced and uninfluenced by household income, the model improves the accuracy of the accounting results.
Let ϑ=TjXjn+2×1 represent the carbon emission vector per unit of output. Based on Equation 7, the carbon emissions induced by final demand and household income can be traced using the following calculation formula:
TnTn+1Tn+2=ϑn000ϑn+1000ϑn+2BI+CKVBBCKRBCKUKVBRKRRKRUKVBUKURKUUC0+F*000fR*⋮00fU*111(8)
After rearranging the right-hand side of the equation, the matrix is expressed as:
ϑnBC0+F*+ϑnBCKVBC0+F*⏟①Final Demand−DrivenProduction Carbon FootprintϑnBCKRfR*⏟②Production Carbon FootprintAttributable to Rural IncomeϑnBCKUfU*⏟③Production Carbon FootprintAttributable to Urban Incomeϑn+1KVBRC0+F*⏟④Final Demand−DrivenRural Consumption Carbon Footprintϑn+1KRRfR*⏟⑤Rural Income−Induced Rural Consumption Carbon Footprintϑn+1KRUfU*⏟⑥Urban Income−Induced Rural Consumption Carbon Footprintϑn+2KVBUC0+F*⏟⑦Final Demand−DrivenUrban Consumption Carbon Footprintϑn+2KURfR*⏟⑧Rural Income−Induced UrbanConsumption Carbon Footprintϑn+2KUUfU*⏟⑨Urban Income−Induced UrbanConsumption Carbon Footprint(9)
In matrix (9), elements ①-③collectively constitute the carbon emissions of production sectors, while elements ④-⑨collectively constitute the carbon emissions from household consumption. Elements ②, ③, ⑤, ⑥, ⑧, and ⑨ represent the carbon footprint associated with household income. Specifically, ② corresponds to the carbon footprint of the production sector induced by rural household income, ⑤ denotes the carbon footprint of rural household living driven by rural household income, and ⑧ represents the carbon footprint of urban household living induced by rural household income. Collectively, these elements (②, ⑤, and ⑧) are referred to as the “carbon footprint of rural household income”. Similarly, ③ represents the carbon footprint of the production sector induced by urban household income, ⑥ denotes the carbon footprint of rural household living induced by urban household income, and ⑨ represents the carbon footprint of urban household living induced by urban household income. These elements (③, ⑥, and ⑨) are collectively referred to as the “carbon footprint of urban household income”.
It is evident that employing an open model to estimate the carbon footprint of the household sector yields inaccurate results, whether for the consumption carbon footprint or the income carbon footprint proposed in this study. This inaccuracy stems from two primary reasons. First, the open model neglects the carbon footprint of household consumption。This model assumes a completely closed production system, restricting calculated carbon emissions to production sectors only (i.e., the sum of elements ①-③), thereby excluding elements ④-⑨. Second, the intrinsic linkage between the household sector and the production system is overlooked. Calculations based on Equation 9 of the partially closed model reveal that the household sector directly drives carbon emissions within the production system solely through elements ② and ③. However, previous studies utilizing the open model have erroneously ascribed elements①-③to household-driven emissions (Kim and Tromp, 2021). This error arises from the incomplete representation of the household sector in model construction and the failure to partially endogenize it within the production system.
The derivation of Equations 1–9 reveals two key findings: First, there is a cross-effect between household income and the carbon footprint of household living. Specifically, urban household income contributes to the rural household living carbon footprint (⑥), while rural household income similarly contributes to the urban household living carbon footprint (⑧). Second, the carbon footprint of household income—defined as “the total CO2 emissions directly or indirectly caused or accumulated over the life cycle of a product”—is primarily induced by exogenous income. Although endogenous income plays a role in the process by which final demand drives carbon footprints, it does not directly or indirectly contribute to carbon emissions. Therefore, elements ①, ④, and ⑦ are excluded from the calculation of the income carbon footprint in this study.
2.3 Data sources and processing
To develop the partially closed input-output model differentiating urban and rural household income and consumption, three categories of data need to be prepared: household endogenous consumption coefficients, endogenous and exogenous income, sectoral carbon emission.
According to the study of Chen et al. (2010) and the Keynesian theory, exogenous consumption (termed “variable consumption”) refers to consumption directly tied to the production sector, arising from factors such as consumption preferences and income expectations to satisfy individualized needs. It is influenced by the output of the production sector and, in turn, exerts some impact on it; endogenous consumption (referred to here as “invariant consumption”) is linked to production only externally, serves basic household subsistence requirements, and remains unaffected by fluctuations in production and income dynamics. This study employs the household endogenous consumption coefficients to distinguish. Endogenous income is classified into wage income and operating income, and exogenous income is classified into property income and transfer income.
The data processing in this study proceeded through three main steps. First, STATA 18.0 was used to compute Equation 10 in Section 2.3.1, yielding annual exogenous and endogenous consumption data. The method outlined in Section 2.3.2 was then applied to derive annual endogenous and exogenous income data. Second, based on the income and consumption data and following the procedure illustrated in Figure 2, annual input–output tables were disaggregated in Excel to produce the locally closed–model tables. These tables were imported into MATLAB R2024a to compute Equations 1–7. Third, MATLAB R2024a was employed to compute Equations 11, 12 using their corresponding data to obtain carbon emission figures. On this basis, Equations 8, 9 were further computed in the same software to generate the results required by this paper.
2.3.1 Household endogenous consumption coefficients
This study adopts the approach proposed by Ren and Song (2021) and applies the Keynesian consumption function (see Equation 10), to quantitatively estimate both types of consumption:
C=C0+aV(10)
where C represents total household consumption expenditure, C0 denotes exogenous consumption (invariable consumption), a signifies household consumption preferences, incorporating various factors influencing consumption, and V refers to household disposable income. The term aV represents endogenous consumption (variable consumption). The accounting results are provided in Supplementary Appendix A.
2.3.2 Endogenous and exogenous income
Endogenous income has been endogenized in the row vectors of compensation of employees (termed “wage income”) and operating surplus (termed “operating income”) into the value-added. This study categorizes endogenous household income by rural and urban areas using historical data from the China Statistical Yearbook (National Bureau of Statistics of China, 2025a). First, multiplying per capita wage income and per capita operating income for rural and urban residents by the respective total population of each group, the total wage income and total operating income of rural and urban residents for each year can be calculated. Second, calculating the proportion of rural residents’ wage income to total wage income. This proportion is then multiplied by the “compensation of employees” in the input-output table to determine the amount of “compensation of employees” attributable to rural residents. Using the same method, the total compensation allocated to urban residents and the total operating surplus attributable to both rural and urban residents can be obtained. Third, summing the total compensation of employees and the total operating surplus for rural residents, their total endogenous income can be derived. Similarly, the total endogenous income of urban residents is calculated in the same manner.
Since household exogenous income has minimal direct connection to the production sector, it not explicitly recorded in the input-output table. Their values are estimated based on data from the China Statistical Yearbook. First, multiplying the per capita property income and transfer income of rural and urban residents, as reported in the China Statistical Yearbook, by their respective total populations to obtain the total property income and total transfer income. Second, dividing the sum of property income and transfer income by the sum of wage income and operating income, we derive the ratio of exogenous income to endogenous income. Finally, this ratio is multiplied by the total endogenous income for each group in the input-output table to calculate the respective exogenous income totals for rural and urban residents.
2.3.3 Sectoral carbon emission
The China Statistical Yearbook categorizes energy consumption data by production sectors and household sectors, providing detailed records of the standard coal equivalent (SCE) for various energy types over different years. By calculating the CO2 emissions associated with the total SCE consumption of each industry, the sectoral carbon emissions can be derived. The calculation method is outlined in Equation 11:
Ti=∑j=1mEij·Nj·Oj(11)
where Ti represents the CO2 emissions from sector i; Eij denotes the consumption of the jth type of energy by sector i, measured in ten thousand tons of standard coal; since different energy sources release varying amounts of CO2 per unit of standard coal, Nj is defined as the carbon emission factor for the j-th type of energy, measured in tons of carbon per ton of standard coal; Oj represents the conversion factor between the j-th type of energy and standard coal, with data sourced from the China Energy Statistical Yearbook (National Bureau of Statistics of China, 2025b) and measured in tons of standard coal per ton of the j-th energy type. The calculation for Nj is given in Equation 12:
Nj=Q·P·S·4412(12)
Where Q represents the carbon content of the j-th type of energy; P denotes the net calorific value of the j-th type of energy, with reference values obtained from the China Energy Statistical Yearbook; S is the carbon oxidation factor; and 4412 represents the molar ratio2. The calculation results are provided in Supplementary Appendix B.
3 RESULTS
3.1 Carbon footprint of household income in China (1994–2018)
This study constructs a partially closed input-output model, using Equations 1–9, to distinguish between urban and rural household income and consumption for the period 1994–2018. The total carbon footprint of household income for each year is derived from the sum of the results from ②, ③, ⑤, ⑥, ⑧, and ⑨ in Equation 9. The total carbon footprint of household income in China from 1994 to 2018, as well as its annual variation, are presented in Figures 3A, C. Figures 3A, D present the statistical results of per capita exogenous income and its annual variation for the same period. Finally, Figure 3B calculates the carbon footprint per unit of per capita exogenous income from 1994 to 2018, referred to as “household income carbon efficiency”.
[image: Four-panel chart analyzing carbon footprint and income data from 1994 to 2018. (A) Shows a rise in the carbon footprint and per capita exogenous income. (B) Depicts a decline in household income carbon efficiency. (C) The trends and fluctuation ranges of the carbon footprint are presented. (D) The trends and fluctuation ranges of the per capita exogenous income.]FIGURE 3 | Total household income and carbon footprint in China from 1994 to 2018 and their evolutionary trends. (A) Shows a rise in the carbon footprint and per capita exogenous income. (B) Depicts a decline in household income carbon efficiency. (C) The trends and fluctuation ranges of the carbon footprint are presented. (D) The trends and fluctuation ranges of the per capita exogenous income.As shown in Figure 3A, the total carbon footprint of household income in China has grown continuously and significantly, increasing from 250 million tons in 1994 to 1.62 billion tons in 2018, representing a 548% increase. Figure 3C demonstrates that this growth follows cyclical fluctuations: from 1994 to 1998, the carbon footprint of household income grew rapidly, with a peak growth rate of 23.7% in 1998; from 1999 to 2013, the annual growth rate remained above 10% in most years; and from 2014 to 2018, the growth rate slowed, with the highest rate not exceeding 7%. However, decreases of up to 6% were observed in 1996, 2001, 2004, 2006, and 2008.
The continuous increase in household income has driven the steady growth of the total carbon footprint of household income, with cyclical variations. As shown in Figure 3D, per capita exogenous income has experienced sustained and significant growth, rising from 0.04 million yuan in 1994 to 1.8 million yuan in 2018, representing a 4,400% increase. This growth also follows a cyclical pattern: from 1994 to 1998, annual growth rates mostly exceeded 20%, peaking at 49.4% in 1998; from 1999 to 2003, the growth rate slowed; from 2004 to 2013, per capita exogenous income maintained an annual growth rate of over 15% in most years; and from 2014 to 2018, the growth rate decelerated again, but remained above 10%.
As household income and the total carbon footprint of household income have continuously increased, household income carbon efficiency has steadily decreased. As indicated in Figure 3B, it declines from 6.99 billion tons per (million yuan × million people) in 1994 to 0.9 billion tons per (million yuan × million people) in 2018, an 87% reduction. This decline also exhibits cyclical patterns: a rapid decrease from 1994 to 1998; fluctuations around 3.743 billion tons per (million yuan × million people) between 1999 and 2003, with no clear downward trend; a noticeable yet unstable decline from 2004 to 2013; and a steady decrease from 2014 to 2018.
The results indicate that the continuous increase in per capita exogenous income among Chinese residents has driven the persistent rise in the total carbon footprint of household income. Simultaneously, household income carbon efficiency has gradually declined, suggesting that China is transitioning toward a cleaner development model.
3.2 Composition and trend of China’s household income carbon footprint (1994–2018)
Building on the calculation of the total household income carbon footprint, this study further decomposes the income carbon footprint by analyzing the scale and evolutionary trends of components (②, ③, ⑤, ⑥, ⑧, ⑨) as presented in Equation 9. The results are shown in Figure 4. There are three key differences in the scale of various income carbon footprint components:
[image: Seven line graphs showing the household carbon footprint and household income carbon efficiency from 1994 to 2018. Blue and orange lines indicate carbon footprint and income carbon efficiency, respectively. Each panel is labeled as Component 2 through 8. Trends vary, with some showing a decrease in carbon footprint and an increase in income carbon efficiency over time.]FIGURE 4 | Decomposition and evolutionary trends of income carbon footprint from 1994 to 2018.First, absolute scale: The carbon footprint induced by urban household income related to urban residents’ daily life (component ⑨) is consistently larger than that of the other components. For instance, in 2018, the scale of component ⑨ reached 318 million tons, surpassing the total of components ②, ③, ⑤, ⑥, and ⑧, which were 135 million tons, 246 million tons, 145 million tons, 43 million tons, and 9 million tons, respectively.
Second, urban-rural differences in the interaction effects: The driving effect of urban household income on carbon footprints is greater than that of rural household income. In 2018, urban household income induced 42.57 million tons of rural residents’ living carbon footprint, accounting for 22.63% of the total rural residential carbon footprint and 11.82% of the total carbon footprint induced by urban household income. Conversely, rural household income induced only 8.63 million tons of urban residential carbon footprint, accounting for 2.64% of the urban residential carbon footprint and 5.59% of the total residential carbon footprint induced by rural household income. This pattern holds across all years, with urban household income consistently exerting a greater influence on rural residential carbon footprints than reverse.
Third, impact on the carbon footprint of the production sector: Urban household income has a stronger driving effect on the carbon footprint of the production sector compared to rural household income. Specifically, component ③ is larger in scale than component ②. For instance, in 2018, urban household income drove 246 million tons of carbon footprint in the production sector, whereas rural household income drove only 135 million tons.
The growth trend of the rural household income carbon footprint (components ②, ⑤, ⑧) exhibits two main characteristics:
First, stable growth and explosive increase: From 1994 to 2011, growth was relatively stable. However, between 2011 and 2013, it experienced a sharp increase, followed by a period of rapid yet stable growth from 2013 to 2018. Between 1994 and 2011, component ② increased from 35 million tons to 44 million tons, a growth of 25.7%; component ⑤ rose from 11 million tons to 43 million tons, an increase of 290.91%; and component ⑧ grew from 1.9 million tons to 2.4 million tons, an increase of 26.32%. By 2013, the scale of components ②, ⑤, and ⑧ had surged to 123 million tons, 102 million tons, and 5.9 million tons, respectively, representing growth rates of 251.43%, 827.27%, and 210.53%, respectively, compared to 1994. The primary driver of this “explosive” growth was the sharp increase in per capita exogenous income among rural residents. According to the China Statistical Yearbook, rural per capita exogenous income grew from 83.72 yuan in 1994 to 929.92 yuan in 2011, a 1,010.75% increase, and further surged to 1,842.24 yuan by 2013, a 2099.39% increase relative to 1994.
Second, modest increase in the total carbon footprint: Despite the “explosive” growth in a single income component, the total household income carbon footprint showed only a modest increase. As shown in Figure 3, the total household income carbon footprint rose from 980 million tons in 2011 to 1.3 billion tons in 2013, a rise of 320 million tons (32.65%). The rural income carbon footprint contributed to 142 million tons, accounting for 44.4% of the total increase. However, between 2009-2011 and 2013-2015, the contribution of the rural income carbon footprint to the total increase in household income carbon footprint was only 4.7% and 14.8%, respectively.
The urban household income carbon footprint (components ③, ⑥, ⑨) shows a consistent upward trend, but the evolution of each component follows different paths. Component ③ exhibited slow growth before 2007, followed by stable and rapid growth afterward. Component ⑥ displayed fluctuating growth patterns from 1994 to 2018. Component ⑨ only experienced a decline in 2006, maintaining a steady growth trend in all other years.
The carbon efficiency of each income component has declined, with notable urban-rural differences: Rural household income carbon efficiency (components ②, ⑤, ⑧) followed a “rapid initial decline, followed by stabilization” pattern. From 1994 to 2004, the decline was relatively fast, while from 2005 to 2018, the rate of decline slowed and gradually stabilized. Urban household income carbon efficiency (components ③, ⑥, ⑨) experienced three phases: a rapid decline from 1994 to 1998, a period of fluctuating increases from 1999 to 2003, and a renewed downward trend from 2004 to 2018. The decline was particularly steep from 2004 to 2007, but stabilized from 2008 to 2018. This suggests that the fluctuations in household income carbon efficiency observed in Figure 3B from 1999 to 2003 were primarily driven by urban households, as no significant fluctuations were observed in rural household income carbon efficiency during this period.
By integrating the analysis of both the “total amount” and the “decomposition and trend of the total amount”, the following key conclusions can be drawn: 1) The total household income carbon footprint has shown continuous growth, while household income carbon efficiency has consistently declined. 2) Changes in individual household income have a significant impact on the total carbon footprint, influencing not only its scale but also the trends in carbon efficiency. 3) Urban-rural disparities are evident in the household income carbon footprint. Notably, the carbon footprint induced by urban household income, particularly the urban residential carbon footprint, is larger than other components. Additionally, urban households have a stronger driving effect on residential carbon footprints compared to rural households.
3.3 Sectoral analysis of China’s household income carbon footprint (1994–2018)
Building upon the decomposition of the household income carbon footprint, this section further examines the contributions of specific sectors to the household income carbon footprint, highlighting sectoral characteristics and urban-rural disparities. To assess the sectoral contributions to the household income carbon footprint, this study analyzes the 2018 data presented in Table 2.
TABLE 2 | Carbon footprint of rural and urban household income in 2018.	Sectora	Carbon emissions induced by urban household Income (10,000 tons)	Proportion (%)	Sector	Carbon emissions induced by rural household income (10,000 tons)	Proportion (%)
	Energy supply sector	38,621.15	39.60%	Energy supply sector	4,888.96	36.35%
	Energy-related chemical sector	31,552	32.35%	Energy-related chemical sector	4,581.02	34.06%
	Metal manufacturing	7,712.56	7.91%	Metal manufacturing	1,045.85	7.78%
	Transportation	6,458.15	6.62%	Transportation	938.52	6.98%
	Mining	5,848.15	6.00%	Mining	826.65	6.15%
	Agriculture	1,652.54	1.69%	Agriculture	323.24	2.40%
	Food and Tobacco	1,612.01	1.65%	Food and Tobacco	285.92	2.13%
	Other Services	822.59	0.84%	Other Services	113.33	0.84%
	Manufacture of Nonmetallic	762.85	0.78%	Manufacture of Nonmetallic	105.56	0.78%
	Wood Processing, and Cultural and Sporting Goods	692.04	0.71%	Wood Processing, and Cultural and Sporting Goods	95.43	0.71%
	Financial Intermediation and Real Estate	671.79	0.69%	Financial Intermediation and Real Estate	87.31	0.65%
	Wholesale and Retail Trade	557.82	0.57%	Wholesale and Retail Trade	85.72	0.64%
	Textiles	227.43	0.23%	Textiles	26.97	0.20%
	Equipment Manufacturingb	160.81	0.16%	Equipment Manufacturing	21.72	0.16%
	Information Services	142.61	0.15%	Information Services	20.61	0.15%
	Other Manufactured Products	17.04	0.02%	Other Manufactured Products	2.4	0.02%
	Construction	8.10	0.01%	Construction	1.08	0.01%
	Scientific Research	0.00	0.00%	Scientific Research	0.00	0.00%
	Sum	92,529.85	100%	Sum	11,438.03	100%


a To make the table appear clearer and more concise, this paper abbreviates the names of the production departments, with the full names shown in Supplementary Appendix C.1.
b Specifically, it encompasses: Manufacture of Machinery, Transport Equipment, Electronic and Electrical Equipment, and Other Equipment.
According to Table 2, the energy sector emerges as the largest contributor to carbon emissions, which are divided into two categories: “petroleum, coking, nuclear fuel processing, and chemical products” (referred to as the “Energy-related chemical sector”) and “Production and Supply of Electricity, Heat, Gas, and Water” (referred to as the “Energy supply sector”). These industries account for 32.35% and 39.60% of the urban household income carbon footprint, respectively, and 34.06% and 36.35% of the rural household income carbon footprint, respectively. The proportion of the energy supply sector in the rural household income carbon footprint is lower than that in the urban household income carbon footprint, indicating that rural household income has a smaller impact on energy demand fluctuations compared to urban households. This reflects the differences in energy consumption patterns between urban and rural residents.
Next, the mining sector and Metal manufacturing sectors contribute 6% and 7.91% of the urban household income carbon footprint, respectively, and 6.15% and 7.78% of the rural household income carbon footprint, respectively.
Finally, the production sectors related to daily life (referred to as the “Livelihood-related sectors”) exhibit significant carbon emissions driven by household income. Among these, Transportation and Agriculture are the most prominent contributors. These sectors account for 6.62% and 1.69% of the urban household income carbon footprint, respectively, and 6.98% and 2.4% of the rural household income carbon footprint, respectively.
From an urban-rural perspective, the carbon footprint of urban household income exceeds that of rural households in all sectors, indicating that urban household income has a stronger direct driving effect on production sector carbon emissions than rural household income. When examining the proportion of sectoral income carbon footprints within the total household income carbon footprint, rural household income has a higher in certain sectors compared to urban household income. Specifically, the shares of Agriculture (2.4%), “Food and Tobacco” (2.13%), and Transportation (6.98%) in the rural household income carbon footprint are higher than the corresponding shares of 1.69%, 1.65%, and 6.62% in the urban household income carbon footprint. This suggests that rural household income has a more impact on the carbon emissions of these sectors compared to urban household income.
Once again, focusing on sectors with significant household income carbon footprints in 2018, this study conducts a time-series analysis of their changes and urban-rural disparities from 1994 to 2018. While the energy sector is widely acknowledged for its high carbon emission, it is not the primary focus of this study. The results are presented in Figure 5.
[image: Six line graphs compare the carbon footprint of urban and rural resident income across different sectors from 1994 to 2018. The sectors include Metal Smelting, Processing, and Manufactured Products; Transportation; Mining; Agriculture, Forestry, Animal Husbandry, and Fishery; Food and Tobacco; and Household Income. Most graphs show urban residents generally having a higher carbon footprint than rural residents, with notable increases over time.]FIGURE 5 | Changes in household income carbon footprint of key sectors and urban-rural differences from 1994 to 2018.According to Figure 5, the analysis of changes in urban and rural household income carbon footprints across different sectors reveals the following key findings: First, decline in sectoral carbon footprint: A decrease in the total sectoral carbon footprint significantly affects both urban and rural household income carbon footprints. Between 2006 and 2008, the income carbon footprint of Agriculture experienced a sharp decline for both urban and rural household, primarily due to a substantial reduction in carbon emissions from this sector. According to the China Energy Statistical Yearbook, the sector’s carbon footprint dropped from 119 million tons in 2007 to 74 million tons in 2008, a decrease of 37.82%. This suggests that sector-wide carbon reduction and emission mitigation can suppress the growth of the household income carbon footprint.
Second, rising rural household income and impact on urban carbon footprint: An increase in rural household income can lead to a rise in the urban household income carbon footprint in the “Food and Tobacco” sector. Between 2011 and 2013, rural household income surged across all sectors. According to the China Statistical Yearbook, per capita exogenous income of rural residents increased by 70.23% from 2012 to 2013, while urban residents saw a decrease of 2.84%. Concurrently, the urban household income carbon footprint in the “Food and Tobacco” sector skyrocketed, rising from 13.832 billion tons in 2012 to 35.388 billion tons in 2013, a 155.83% increase. Meanwhile, the growth rate of urban household income carbon footprints in other sectors remained relatively stable. Previous studies (Wen et al., 2024) suggest this phenomenon is driven by increased consumption of animal-based food products due to rising rural household income. These products, which have a higher carbon footprint than plant-based ones (Qaim et al., 2024), are predominantly retailed in urban areas, thereby increasing the urban household income carbon footprint in this sector.
Third, stable household income, but sectoral variations: from 2013 to 2018, the total variation in urban and rural household exogenous income remained relatively stable. However, sectoral income carbon footprints exhibited notable temporal variations:
The income carbon footprint of the “Food and Tobacco” industry showed a significant downward trend, with urban and rural household income carbon footprints decreasing from 21.23 million tons and 3.53 million tons in 2013 to 16.12 million tons and 2.85 million tons in 2018, representing declines of 19% and 27%, respectively.
The income carbon footprint of Agriculture sector began to decline in 2017, with reductions of 12.1% and 4.7% by 2018 for urban and rural households, respectively.
The urban household income carbon footprints of the Metal manufacturing sector and the transportation industry declined in 2015 and 2017, respectively, with decreases of 13% and 3% by 2018, while no declining trend was observed in the rural household income carbon footprint.
The income carbon footprint of the mining industry for both rural and urban households declined in 2014 but exhibited an upward trend again in 2016.
Finally, this study examines the carbon efficiency of household income across the sectors and explores the urban-rural disparities in this context. The results are presented in Figure 6, which reveals three key characteristics of household income carbon efficiency:
[image: Five line graphs showing carbon efficiency of urban and rural household incomes from 1994 to 2018 across different sectors: Metal Smelting, Transportation, Mining, Agriculture, and Food. Urban households generally exhibit higher efficiency than rural ones, with both showing a downward trend over time.]FIGURE 6 | Changes in carbon efficiency of household income in key sectors and urban-rural differences from 1994 to 2018.First, faster decline in rural carbon efficiency before 2010: Between 1994 and 2010, except for Agriculture sector, the decline in carbon efficiency was more pronounced in rural households compared to urban households across all other sectors. The carbon efficiency of urban and rural household income in the Metal manufacturing sector, the mining sector, the transportation sector, Agriculture sector, as well as the “Food and Tobacco” sector, showed a rapid downward trend. The average annual declines for urban households were 8.7%, 8.0%, 4.1%, 18.8%, and 14.3%, respectively, whereas for rural households, the declines were 12.8%, 11.8%, 10.1%, 14.3%, and 14.1%.
Second, greater stability in rural carbon efficiency with urban fluctuations: The decline in rural household income carbon efficiency was relatively stable over time. However, urban household income carbon efficiency fluctuated in certain sectors during specific periods: in the Metal manufacturing sector from 2001 to 2008, in the transportation sector from 1994 to 2003, and in the mining sector from 2000 to 2006. In contrast, except for the transportation sector, rural household income carbon efficiency exhibited fewer fluctuations. These fluctuations in urban household income carbon efficiency contributed to widening the urban-rural gap in income carbon efficiency during these periods.
Third, the convergence of carbon efficiency trends after 2020: After 2010, the decline in urban and rural household income carbon efficiency slowed across all sectors, and the gap between them gradually narrowed, indicating a trend toward convergence. This pattern resulted from the combined effects of slowing carbon footprint growth and rising household income. As shown in Figure 5, the carbon footprint of household income declined across all sectors, which aligns with findings from in previous studies (Wen et al., 2024). For instance, in the “food and tobacco” sector, rising household income altered food consumption patterns, narrowing the urban-rural gap in the sector’s carbon footprint (Xu et al., 2021). Additionally, the gradual integration of urban and rural economies in most regions of China curbed the growth of the carbon footprint in the Agriculture sector (Zhang and Liu, 2024). In heavy industries such as Metal manufacturing and the mining sector, the implementation of carbon taxes contributed to emission reductions (Wang et al., 2025), thereby restricting the effectively slowing sectoral carbon footprints growth. Under these constraints, household income continued to rise steadily, and the urban-rural income gap progressively narrowed (Zhong et al., 2022), leading to a gradual decline in sectoral income carbon efficiency and a corresponding reduction in urban-rural disparities.
These findings suggest that China has made significant progress in balancing the dual objectives of promoting economic development and transitioning toward a low-carbon economy while simultaneously reducing urban-rural disparities.
3.4 The differences between the results of open model and partially closed model
Compared to the open model, the partially closed model not only traces the carbon footprint of production sectors and household consumption induced by household income but also provides a more accurate estimation of the production sector’s carbon footprint driven by final demand. The results are presented in Table 3.
TABLE 3 | Carbon footprint accounting in 2018.	Formula	Number	Carbon footprint (100 million tons)	Proportion
	ϑnBC0+F*+ϑnBCKVBC0+F*	①	113.75	81.05%	88.96%
	ϑnBCKRfR*	②	1.35	0.96%
	ϑnBCKUfU*	③	9.75	6.95%
	ϑn+1KVBRC0+F*	④	4.37	3.11%	11.04%
	ϑn+1KRRfR*	⑤	1.46	1.04%
	ϑn+1KRUfU*	⑥	0.43	0.30%
	ϑn+2KVBUC0+F*	⑦	5.99	4.27%
	ϑn+2KURfR*	⑧	0.09	0.06%
	ϑn+2KUUfU*	⑨	3.18	2.26%
	Sum	—	140.34	100%	100%


Empirically, the results show that the carbon footprint of production sectors driven by final demand, as calculated by the partially closed model, is lower than that estimated by the open model. For instance, using 2018 data, the open model estimated the carbon footprint of production sectors driven by final demand to be ①, ②, and ③, accounting for 88.96% of the total carbon footprint, approximately 12.484 billion tons. In contrast, the partially closed model estimated this value to be only ①, accounting for 81.05% of the total carbon footprint, approximately 11.375 billion tons. Therefore, using the open model for estimation tends to overestimate the results. Additionally, the partially closed model quantified the household carbon footprint driven by final demand (④, ⑦) at 1.035 billion tons, representing 7.83% of the total carbon footprint.
4 DISCUSSION
4.1 An appropriate input–output model should be employed for carbon footprint assessment
Section 2.2 presents a theoretical derivation, and Section 3.4 provides an empirical analysis to compare the open model with the partially closed model. This comparison not only introduces a method for constructing a partially closed model based on the open model but also clarifies the applicability of each model in carbon footprint assessment. Furthermore, it demonstrates the scientific validity and practical effectiveness of the partially closed model in assessing the carbon footprint of household income proposed in this study. Specifically, the open model should be used in carbon footprint assessments when the research scope is limited to a closed production system. For example, this applies to studies that estimate the carbon footprint of a single industrial chain without considering the impact of the household sector (Xu et al., 2025),or studies that analyze the household sector’s driving effect on the production system’s carbon footprint without accounting for the circular relationship between the household sector and the production system (Feng and Xu, 2025). It is worth noting that some recent studies have employed the MRIO open model to examine the household consumption carbon footprint within inter-country industries (Qian et al., 2025), However, the appropriateness of this approach remains questionable. This is because, interregional value flows essentially represent trade activities between national sectors (Zhang et al., 2025), rather than household consumption. Therefore, the resulting carbon footprint cannot be classified as the household consumption carbon footprint. If the research scope involves the interaction between the household and production sectors, the open model should be extended into the partially closed model. As discussed in Section 2.1, this is because the open model isolates the intrinsic linkage between the production system and the household sector, thereby failing to capture the carbon footprint embedded in this relationship.
4.2 Analysis of the mechanisms linking household income to carbon emissions
In this section, we elucidate the mechanisms by which household income affects carbon emissions through analysis of urban–rural consumption structure differences, the impact of industrial technological progress on carbon efficiency, and an integrated description of the income–consumption–production transmission chain.
With respect to urban–rural consumption structure differences, significant divergences in spending preferences and basket composition between urban and rural households not only amplify the impact of income levels on total emissions but also shape the types and sectoral distribution of those emissions. Urban residents allocate a larger share of their income to high–carbon–intensive categories, such as transportation, heating and cooling, processed foods, and modern services (Lv et al., 2024), whereas rural residents focus on self-produced agricultural goods, basic household energy, and subsistence items, which carry lower carbon coefficients (Grabher et al., 2024). Our cross–effect analysis indicates that urban income drives 6.87% of rural residents’ direct energy consumption carbon emissions, far exceeding the 0.97% reciprocal effect, demonstrating that, for equivalent income increments, divergent consumption structures channel carbon emissions preferentially across sectors (Peng et al., 2023), thereby generating pronounced urban–rural disparities in carbon emission patterns.
Regarding industrial technological progress, since 1994 most high–emission sectors, such as metal manufacturing, transportation, and energy supply, have exhibited a fluctuating decline in carbon intensity per unit of output (Işık et al., 2025), markedly improving income carbon efficiency of household income. This improvement stems both from the adoption of technological innovations (e.g., high–efficiency motors, intelligent transportation systems, clean power generation) and from structural shifts toward high–value–added manufacturing and services (Xu et al., 2023). Under this context, as shown in Figure 6, household income growth has not translated into proportionally higher emissions; instead, the marginal carbon intensity of production has declined, leading to a steady decline in overall carbon efficiency. Consequently, technological advances and structural upgrading in the industrial sector constitute a key mechanism decoupling income growth from increased carbon emissions.
With respect to the income–consumption–production transmission chain, household income affects carbon emissions through a multi–stage process: first by altering consumption volume and structure, then by driving sectoral output demand, and finally by translating into corresponding emissions. This chain can be formalized as: Here, differences in consumption structure determine the distribution of output increases across sectors, while industrial technological progress and energy efficiency improvements provide a “buffer” in the output-to-emission transformation stage, mitigating the direct emission–driving effect of income growth. Through this income–consumption–production framework, readers gain a clear, quantitative and qualitative understanding of the deep pathways by which household income influences carbon emissions.
4.3 Policy implications: integrating carbon tax measures into urbanization and rural revitalization under China’s dual-carbon strategy
The findings of this study offer valuable insights for balancing economic growth and environmental protection within the framework of the “dual carbon” strategy. A one key implication is the urgent need for carbon reduction policies to mitigate the growing household income carbon footprint. As economic development drives steady increases in household income, rising consumption subsequently amplifies carbon emissions from the production sector (Mi et al., 2020). The persistent upward trend in the household income carbon footprint highlights the importance of ensuring that emissions from the production sector decline, even as household income and consumption continue to rise. Carbon tax policies are essential in this regard. Imposing taxes on high-carbon products, such as gasoline-powered vehicles, high-emission foods like beef, and energy-intensive household appliances, while offering tax reductions or exemptions for enterprises and products that adopt renewable energy technologies, can help steer consumption and production toward more sustainable practices (Wang et al., 2023). This approach aligns with the International Energy Agency’s (IEA) emphasis on carbon pricing as a critical tool for achieving deep decarbonization across all sectors, particularly in steering consumer choices and industrial investments towards low-carbon alternatives (International Energy Agency, 2020). Particularly in the process of new-type urbanization, the guidance of consumption behaviors among the large influx of new urban residents is critically important (Fan et al., 2023). The carbon tax policy should be integrated with urbanization planning (Puustinen et al., 2025). It should coordinate efforts in urban planning, public transport development (e.g., new energy buses and subways), and housing policies (e.g., the promotion of green building standards). By means such as differentiated carbon taxation to curb private fuel-vehicle demand and subsidies for clean-energy transportation and energy-efficient household appliances, the new urban resident population is guided to adopt a low-carbon lifestyle. Meanwhile, under the rural revitalization strategy, carbon tax revenues can be allocated to support the construction of clean-energy infrastructure in rural areas (Beiser-McGrath and Bernauer, 2019), such as photovoltaic systems and biomass energy facilities. Subsidies for energy-efficient agricultural machinery and high-performance household appliances can encourage rural residents to avoid high-carbon consumption as their incomes rise and to choose more sustainable products.
4.4 Sustained optimization of the energy mix and continuous enhancement of energy efficiency
A second key implication is the need to continuously optimize the energy structure and enhance energy efficiency. Given that the energy sector is the largest contributor to the household income carbon footprint, transitioning from fossil fuels to non-fossil energy sources, such as wind, solar, and hydropower, is crucial (Kabeyi and Olanrewaju, 2022). At the macro level, the government should promote energy substitution through policy guidance, curb irrational energy consumption, and expand the supply of and financial support for clean energy projects to boost their market competitiveness (Duan et al., 2024). Meanwhile, the rapid advancement of new-type urbanization has created a critical window for large-scale deployment of low-carbon technologies and optimization of the energy structure (Wang and Li, 2025). In urban development, high energy-efficiency standards and renewable resource utilization must be established as core requirements for both new town development and existing city renewal (Dai et al., 2025). Suggested measures include guiding the installation of rooftop photovoltaics and promoting district heating. At the industry level, sectors should focus on advancing low-carbon production processes, adopting energy-saving technologies, increasing the use of electrified equipment, and leveraging digital solutions to enhance energy efficiency (Andrei and Johnsson, 2025). Improving energy efficiency across all sectors is universally recognized, as evidenced by its prominence in IEA scenarios and UNFCCC discussions, as one of the most cost-effective and readily available measures to reduce emissions (International Energy Agency, 2022; UNFCCC, 2014). In the construction sector, prioritizing energy efficiency retrofitting, optimizing building material production, using low-carbon materials, and encouraging green recycling are essential (Chen et al., 2023). Similarly, in the transportation sector, the emphasis should be on advancing electrification and adopting new energy technologies to improve energy efficiency (Chen et al., 2023). This directly pertains to the resolution of urban traffic congestion and the mitigation of pollution.
4.5 Integrating household income carbon footprints into fiscal policy to address regional disparities
Incorporating the impact of household income on regional carbon emissions into fiscal policy is essential to address urban-rural disparities. As household income increases, the regional household income carbon footprint also rises, emphasizing the need for fiscal policies that promote income growth while simultaneously reducing regional carbon emissions. The formulation of fiscal policy must be deeply integrated into the strategy for coordinated regional development (Zhou and Lin, 2025). The interactive relationship between new-type urbanization and rural revitalization should be fully considered. Support is increased through tax incentives, targeted transfer payments, and green finance instruments. This support fosters green industries in underdeveloped and rural areas, including ecological agriculture, ecotourism, and carbon sink industries. Local green employment opportunities are created (Tang et al., 2023). These measures prevent forced expansion of high-carbon industries and labor outflow driven by income growth. Such outcomes could otherwise exacerbate regional imbalances. Meanwhile, fiscal policy should guide a healthier and more orderly progression of new-type urbanization (Lin and Zhu, 2021). Mechanisms such as ecological compensation and the return of revenues from carbon trading can be employed. These measures encourage economically developed regions or cities that receive population inflows to support less developed or rural source areas. Such support aids in protecting and enhancing their ecological carbon sequestration capacity. Shared responsibility for carbon emissions and coordinated regional development are thereby achieved.
In summary, this study offers a thorough analysis of the relationship between household income and carbon footprints in China, highlighting the crucial role of carbon reduction policies, energy structure optimization, and fiscal policy integration in fostering sustainable economic growth while minimizing carbon emissions. Although empirical constraints were imposed by limitations in data availability and the impact of the pandemic, this study is limited to data through 2018. However, significant and observable economic transformations have occurred in China following the COVID-19 pandemic, particularly in response to macro-level policies implemented in typical regions such as Wuhan. It remains highly valuable for future scholars to conduct research on the income carbon footprint in this context. Specifically, these macro-level policies guided production systems to adjust their industrial structures, resulting in corresponding changes in household income composition and consumption behaviors. Modeling this scenario and conducting policy simulations based on future officially published input–output data can provide deeper insights into the impacts of major public health emergencies on the income carbon footprint and its transmission pathways. Combining these research outcomes with China’s carbon peaking and carbon neutrality policies can effectively illustrate how such public health shocks affect household income carbon footprints and interact with dual-carbon strategies, thereby offering a scientific basis for policy formulation aimed at coordinating economic recovery and low-carbon transition in the post-pandemic era.
5 CONCLUSION
This study develops a partially closed input-output model that distinguishes between urban and rural household income and consumption to estimate China’s household income carbon footprint. It examines the total carbon footprint and its components from 1994 to 2018, investigates the sectoral distribution and urban-rural disparities in income carbon footprints, and compares the outcomes derived from open and closed models. The key findings are as follows:
China’s household income carbon footprint has shown continuous and substantial growth, rising from 250 million tons in 1994 to 1.62 billion tons in 2018, reflecting a 548% increase. This growth exhibits a cyclical pattern primarily driven by increasing household income. As income level has risen and carbon footprints have expanded, household income carbon efficiency has consistently decline. A decomposition of the total household income carbon footprint reveals six components, corresponding to items (②, ③, ⑤, ⑥, ⑧, and ⑨) in Equation 9, with component ⑨ emerging as the largest contributor.
Significant disparities exist between urban and rural households in the interaction between household income and the carbon footprint of household consumption. The driving effect of urban household income on the carbon footprint is more pronounced than that of rural households, with urban household income exerting a stronger influence on the carbon footprint of production sectors. Although all components of the urban household income carbon footprint have shown upward trends, these trends follow distinct trajectories. In contrast, the growth of the rural household income carbon footprint can be divided into three phases: steady growth from 1994 to 2011, an “explosive” increases from 2011 to 2013, and moderate growth from 2013 to 2018. Regarding household income carbon efficiency, urban household income carbon efficiency has undergone three distinct phases: a sharp decline from 1994 to 1998, a period of fluctuating increase from 1999 to 2003, and a renewed downward trend from 2004 to 2018. In contrast, rural household income carbon efficiency has followed a pattern of “rapid initial decrease followed by a gradual slowdown.” Moreover, urban-rural disparities in income carbon footprints have been evident across different industrial sectors.
From a sectoral perspective, the primary contributors to the household income carbon footprint include the energy-related chemical sector, metal smelting, processing and manufacturing, transportation, mining, Agriculture sector, and “the food and tobacco” sectors. Analyzing urban and rural household income carbon footprints across these sectors reveals three key insights: First, a decline in a sector’s total carbon footprint has a significant impact on both urban and rural household income carbon footprints. Second, an increase in rural household income leads to a rise in the urban household income carbon footprint within the food and tobacco industry. Third, from 2013 to 2018, the temporal patterns of changes in urban and rural household income carbon footprints varied across different sectors. Notably, the downward trend in rural household income carbon efficiency remained relatively stable. Additionally, after 2010, the decline in urban and rural household income carbon efficiency slowed across all sectors, and the gap between the two gradually narrowed, indicating a trend toward convergence.
A comparison of model results highlights that the partially closed input-output model not only captures the carbon footprint generated by household income through both the production sector and household consumption but also offers a more precise estimation of the production sector’s carbon footprint driven by final demand. Consequently, this model provides a more accurate assessment of the carbon footprint induced by household income.
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