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Abstract

India’s greenhouse gas (GHG) emissions trajectory will be critical to keeping global
temperature rise well below 2 ° C. India has a vast and heterogeneous socio-economic
landscape that shapes household consumption patterns across regions and settlement
types. To resolve differences at the regional, urban/rural, and socio-economic levels,
we use a bottom-up method based on physical quantities and regional prices for thirty-
three basic household goods. Here we show that this high-resolution approach, applied
to 35 states and union territories in India for the period 2011-2012, reveals substan-

tial differences in household GHG emissions across expenditure groups and settlement

Editor Managing Review: André Stephan types. Per capita emissions are higher in urban areas (2.7 tCO , eq) than in rural areas
(2.2 tCO , eq), but rural households account for two-thirds of total household emis-
sions (2.6 GtCO , eq). Major contributors include fuel and lighting (1015 MtCO , eq),
milk and dairy products (610 MtCO , eq), meat and eggs (430 MtCO , eq), and trans-
portation (275 MtCO , eq). Six states alone contribute half of the total emissions. The
top 10% of households emit about four times more per capita than the bottom 10%,
with particularly pronounced disparities in transportation emissions, where urban
inequalities are about twice those of rural areas. Achieving adequate nutrition for the
most deprived households by 2012 would have increased total emissions by 14.5%
(0.37 tCO , per capita, 83% rural). These findings highlight the factors underlying
regional and socio-economic disparities in household emissions and provide a basis for
designing region-specific policies that mitigate emissions where needed while improv-
ing development outcomes for the most vulnerable, which is essential for effective and
equitable low-carbon development in India’s diverse contexts.
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1 | INTRODUCTION

India faces an urgent dual challenge: eradicating poverty and mitigating climate change in a nation of 1.41 billion people (Crippa et al., 2023).
Although national average emissions per capita (2.8 tCO , eq in 2022) (Crippa et al., 2023) remain relatively low, India has become the world’s third
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largest emitter of greenhouse gases (GHG). Economic growth has resulted in higher living standards for many households (Krishnan and Hatekar,
2017), but also in increasing resource demands, particularly in urban areas (OECD, 2020; Ahmad et al., 2015; Pichler et al., 2017; Ramakrishnan
etal,, 2020).

This growth is far from uniform; deep socio-economic and regional inequalities persist, ranging from subsistence-level rural communities to
affluent urban lifestyles (Subbaraman et al., 2013; Crabtree, 2018; Ramakrishnan et al., 2020). Such heterogeneity makes it crucial to analyze
household consumption and emissions at multiple scales (i.e., states/union territories, expenditure groups, and rural vs. urban settlement types).
Conventional emissions accounting approaches, which often rely on national averages, have difficulties capturing these diverse consumption
patterns.

Recent studies often assess consumption-based GHG emissions using top-down, environmentally extended input-output (EEIO) or multi-
regional input-output (MRIO) models (Huang et al., 2021; Jemyung et al., 2021; Hubacek, 2017b; Sun et al., 2021). These methods have invaluable
advantages; they are comprehensive and consistent and can capture national and global supply chains. However, due to a fairly aggregated sector
resolution and homogeneous price and product assumptions, these models mask critical disparities in regional consumption patterns, fuel mixes,
and income groups. This makes regionally and income-stratified emissions accounting difficult, especially in a country as large and heterogeneous
as India. Although improved MRIO frameworks may eventually help capture these intricacies, suitable high-resolution models for India are not yet
readily available (Jemyung et al., 2021; Huang et al., 2021). A succinct review of applications and limitations of EEIO and other approaches in this
context is given in Section 1.1 of Supporting Information S1.

To complement these top-down approaches, we adopt a bottom-up strategy based on physical consumption data from national household

surveys, combined with commaodity-specific emission coefficients. Our primary goal is threefold:

1. Quantify household emissions in key categories (e.g., food, fuel, transport, and clothing) across states (including union territories), different
expenditure classes, and rural-urban settlement types.

2. Assess the extent of “carbon inequality” in India’s household emissions. Notably, we employ “carbon inequality” here as a descriptive indicator of
how emissions are structured across socio-economic groups, rather than as a normative metric to maximize or minimize.

3. Evaluate the emissions implications of achieving improved nutritional security for the poorest segments of the population, thereby highlighting

potential connection between meeting fundamental developmental goals and mitigating GHG emissions.

We focus on direct and partially indirect emissions by using physical quantities where available or converting expenditures to quantities via
region-specific prices and then applying physical emission factors (Ahmad et al., 2015; Rao et al., 2018; Ramaswami et al., 2017). While this approach
has certain trade-offs (e.g., excluding some less frequent or service-related expenditures), it provides a finer granularity for analyzing subnational
consumption-related impacts, an essential step in designing targeted, regionally relevant mitigation policies.

Finally, we use our results to construct a scenario in which the poorest segments of the population attain improved nutritional security, thereby
highlighting potential trade-offs between meeting fundamental developmental goals and mitigating GHG emissions. The remainder of this paper
is organized as follows: Section 2 details the conceptual and data methodologies, Section 3 presents the main results, and Section 4 interprets our
findings, limitations, and policy implications.

2 | METHODS AND DATA

The overarching goal of our study is to estimate GHG emissions of household consumption across the diverse geography of India, stratified by states
(and union territories), settlement type (rural vs. urban), and expenditure levels. To achieve this, we use a bottom-up method: We work primarily with
physical consumption data from the National Sample Survey (NSS) 2011-12 (Household Consumption of Various Goods and Services in India 2011-
12, 2014b; Level and Pattern of Consumer Expenditure, 2014c; Energy Sources of Indian Households for Cooking and Lighting, 2011-12, 2014a),
then apply emission intensities expressed in physical units (kg CO ; eq/ kg of product, etc.) from the literature (Ahmad et al., 2015; Rao et al., 2018;
Madhuri et al., 2016), rather than relying on aggregate sector-based 10 or MRIO tables. This enables us to capture regional price variation and

different consumption patterns in greater detail than national-average 10 approaches (Jemyung et al., 2021; Huang et al., 2021).

2.1 | Data sources
2.1.1 | NSS 2011-12 consumption survey

Our main data source is the 2011-12 round of the Indian National Sample Survey (Household Consumption of Various Goods and Services in India
2011-12,2014b; Level and Pattern of Consumer Expenditure, 2014c), which collected household-level information from July 2011 to June 2012 in
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TABLE 1 Overview of included commodities, their assigned commodity class, and emissions factor approach used.

Commodity class

Fuels and lighting

Transportation

Commaodities (unit)

Fuel and light (Rs)

Conveyance/transportation (Rs)

Emission factor approach

Averaged emission factor by sub-fuel;
quantity via averaged regional price

averaged emission factors (by fuel type);
quantity via averaged regional price

Dairy Milk and milk products (Rs) Emission factor—95% milk, 5% other;
quantity via regional milk price (other
commodities- prices or quantities missing
insurvey)

Meat Egg, fish, and meat (Rs) Averaged emission factor; quantity via
weighted averaged regional prices.

Rice Rice (kg) per commodity; direct physical emission
factor

Other food Wheat (kg), jowar (kg), bajra (kg), maize Per commodity; direct physical emission

(kg), barley (kg), small millets (kg), ragi factors
(kg), gram/pulses (kg) (incl. arahar, gram

(split), moong, masur, urad, peas,

khesari), pulses prod. (kg), cereal subst.

(kg), sugar (Rs), salt (Rs), edible oil (Rs),

vegetables (Rs), fruits (fresh) (Rs), fruits

(dry) (Rs), spices (Rs), beverages etc. (Rs)

Footwear Footwear (Rs) Quantity via averaged regional prices;
physical emission factors proxied by
domestic rubber production

Clothing Clothing (Rs) Quantity via averaged regional prices;

physical emission factors proxied by
domestic textile production

7469 villages and 5268 urban blocks. In total, over 200,000 households were surveyed across two schedules, capturing both expenditures and, in
many cases, physical quantities for specific commodities (food items, cooking fuel, etc.).

There are several reference periods in the NSS (e.g., URP, MRP, MMRP; Household Consumption of Various Goods and Services in India 2011-12,
2014b). Here, we rely primarily on the mixed reference period (MRP), which captures household purchases and consumption details for a 30-day
recall window (for items such as fuel, energy, common food items) and a 365-day recall window (for clothing, footwear, and other infrequently
purchased items). We use MRP because it balances granularity for dominant emission categories (food, fuel, etc.) with reasonably comprehensive

coverage, and it provides the monthly or annual rate needed to scale up from per-period data.

2.1.2 | Included and excluded commodities

Although the survey collects expenditures for many goods and services, it does not always provide region-specific prices (or does so only partially)
for categories such as education, institutional medical care, hygiene products, and durable goods. Calculating physical quantities for these cate-
gories would require using either (i) uniform national prices or (ii) |O-based emission intensities aggregated at the national level. However, including
national-average values for these categories would distort our focus on regional and income-group differences, since it would add a uniform “aver-
age” GHG component across households rather than reflecting real spatial heterogeneities (see Section 4 for further elaboration). Consequently,
we restrict our analysis to the 33 major GHG-intensive categories that also have robust region-specific price or quantity data. A complete list of
included commodities can be found in Table 1; a more detailed description of emissions factor allocation can be found in Table 2 of Supporting Infor-
mation S1. The 33 commodities were subsequently aggregated to a total of eight commodity categories (fuels and lighting, transportation, dairy,
meat, rice, other food, footwear, and clothing) for more compact presentation of results.

Excluding durables (e.g., cars, refrigerators) and service sectors (e.g., education, healthcare) leads to underestimated total emissions, particularly
for higher-income households more engaged in these expenditures (see Section 4 for further limitations).
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2.1.3 | Price data and quantity conversion

Inmany cases, the NSS directly reports quantities consumed (kg of rice, liters of milk). For goods that appear only as monetary expenditures, we con-
vertexpenditures E ;- (INR) to physical quantities g, ; . using state- and settlement-specific (rural vs. urban) price data collected by NSS Household
Consumption of Various Goods and Services in India 2011-12 (2014b):

Es,p,i,c
Prices

Aspic = (1)
Here, sindexes the state (or union territory), p is the settlement type (rural or urban), i is the expenditure group (deciles, with the lowest and highest
10% further subdivided into 5% fractiles; Level and Pattern of Consumer Expenditure, 2014c; Energy Sources of Indian Households for Cooking
and Lighting, 2011-12, 2014a), and c is the commodity. As documented in Level and Pattern of Consumer Expenditure (2014c) and Energy Sources
of Indian Households for Cooking and Lighting, 2011-12 (2014a), these regional prices often differ significantly between and within states.

2.2 | Calculation of household emissions
2.2.1 | Emission intensities

Table 2 of Supporting Information S1 lists our adopted emission factors (intCGHG), primarily from Rao et al. (2018)(for agriculture products), Ahmad
et al. (2015)(for fuels), and Madhuri et al. (2016) (for apparel). These factors are measured in kg CO 5, eq per unit of commodity. In some cases (e.g.,
footwear), intensities are approximated using the rubber/plastics sector data from Aurélien et al. (2012) and WIOD (2019), with the caveat that
these aggregated intensities do not account for full upstream supply chains (scope 3). These emission factors either represent on-site emissions
(domestic fuel or transport) or embodied emissions (food-only, apparels, or electricity).

Because we do not rely on 10-based emission intensities, many upstream processes (e.g., production of fertilizer, transport of materials) are
potentially omitted. Thus, our results capture scope 1 of fuels (food and transportation), scope 2 for electricity, and for commodities, we capture the
main on-site production emissions (scope 3) but not the respective supply chains of those industries. Many of these industries, especially food, are
likely to be highly local (as indicated for food by the Economic Survey of India; Chapter 13-Economic Survey 2023-24, 2024), so will have less supply
chains or intermediate imports comparatively. We discuss these methodological trade-offs in Section 4.

2.2.2 | Per capita and total emissions

Following Level and Pattern of Consumer Expenditure (2014c) and Energy Sources of Indian Households for Cooking and Lighting, 2011-12
(2014a), each state (and union territory) sis divided into rural/urban p, which is further subdivided into expenditure groups i (deciles, with the lowest
and highest 10% further subdivided into 5% fractiles (Level and Pattern of Consumer Expenditure, 2014c; Energy Sources of Indian Households for
Cooking and Lighting, 2011-12, 2014a)). Equation (2) computes per capita emissions in each group:

n
. GHG
GHGE;J = Z(mtc X qs,p,i,c)‘ (2)
c=1

where g, . is the quantity of commodity c consumed per capita, and intfHG is its emission factor. We then multiply by the population P, in each
group to obtain total emissions GHG;‘;:?':

GHGY'® = GHGY, . x P

spi spi-

3)

Summing these totals across states, settlement types, or expenditure classes yields the national-level results. Further, to report expenditure-
stratified emissions separately for rural and urban communities at the national level, we re-estimated national expenditure deciles (and 5% fractiles
at the high and low ends) using state-level expenditure data from the national survey (Household Consumption of Various Goods and Services in
India 2011-12, 2014b). This approach ensures the absolute national expenditure distribution is reflected, rather than aggregating relative expen-
diture levels as reported in the original survey. For example, the lowest 10% of the rural population at the national level comprises individuals in
all states whose consumption expenditures fall into the lowest 10% bracket. Additional details on these expenditure categories can be found in
Section 1.12 of Supporting Information S1.

85U8017 SUOWWIOD SAIERID (edl|dde auyy Aq peusenoh a2 sopoiie O ‘8sN JO Sa|n J0j ArIq1T 8UlUO /8|1 UO (SUOTHPUOD-PUR-SLULIBIALIOD™AS| 1M Afed 1 [Bu 1 [UO//SdNL) SUORIPUOD Pue SWLB L 8L 89S *[520Z/0T/80] U0 AklqiTauljuo AB|IM ‘Z49 Wepsiod Wwniuez-zyoyw eH Aq 65002991 [ITTTT 0T/10p/woo A 1M Al jul|uo//Sdny woiy papeojumoq 'S ‘520z ‘062608ST



) sournaLoF BOGRAETAL.

ﬂl_ Wl LEY ) INDUSTRIAL ECOLOCY

2.3 | Inequality measures

We use a 10:10 ratio (also referred to as 90:10 in some literature) to measure emissions inequality, that is, the ratio of the average per capita
emissions of the top decile to that of the bottom decile. This measure has an intuitive interpretation: A ratio of four means that the richest 10%
emit four times as much as the poorest 10%. We also report Gini coefficients and Lorenz curves in Section 2.3.3 of Supporting Information S1 for
additional insight.

2.4 | Nutritional security scenario

Beyond our baseline estimates, we explore how improving nutritional security for impoverished households might affect total emissions and
inequality. Specifically, we model a hypothetical increase in consumption of key food items for lower-expenditure groups (e.g., pulses, grains, and
dairy), keeping other consumption patterns constant. This scenario is a simple counterfactual intended to highlight the trade-offs (or potential

synergies) between alleviating undernourishment and contributing to GHG emissions (see details in Section 4).

3 | RESULTS

The results are presented in terms of per capita emissions, total emissions, and emissions inequality, each analyzed by commodity, region, and
expenditure category. These are summarized in Sections 3.1-3.3, respectively. Extended results for regions and expenditure categories can be
found in Section 2 of Supporting Information S1, with underlying data in Dataset 1 and Dataset 2.

3.1 | Per capita emissions

Per capita emissions are estimated at 2.72 tCO , eq for urban households and 2.20 tCO , eq for rural households, yielding a national average of
2.35tCO, eq. By contrast, Jemyunget al. (2021) report 0.56 tCO , eq for 2011-12 (see Section 2.4 of Supporting Information S1 for methodological
differences). Among expenditure groups, the lowest 10% emit an average of 1.52 tCO , eq per capita (1.54 tCO , eq in rural areas and 1.49 tCO ,
eq in urban areas), while the highest 10% emit 6.30 tCO , eq per capita (6.11 tCO 5 eq rural and 6.48 tCO , eq urban). Food-based emissions for the
bottom 10% average 0.49 tCO , eq, compared with 2.12 tCO , eq for the top 10%, reflect lower nutritional intake of the poorer strata.

Figure 1a (excluding Lakshadweep, which has very high values; see Section 2.1.1 of Supporting Information S1) illustrates that per capita emis-
sions vary widely across states. Goa (5.58 tCO , eq urban and 5.45 tCO 5, eq rural) exhibits the highest per capita emissions, almost four times those
of Bihar (1.54 tCO , eq urban; 1.30 tCO , eq rural). Most populous states tend to have higher urban per capita emissions, except certain northeast-
ern states (Tripura, Mizoram, Nagaland, Arunachal Pradesh, and Manipur), Uttarakhand, and union territories such as Daman-Diu and Chandigarh.
These differences stem largely from variations in consumption expenditures and goods prices across states. Rural households typically face lower
unit prices for locally produced goods (except fuel) (Household Consumption of Various Goods and Services in India 2011-12, 2014b). Consistent
with Jemyung et al. (2021), our findings suggest that omitting regional commodity prices can lead to underestimates of per capita emissions. Our
final estimates also align closely with Fossil co2 & ghg emissions of all world countries (2017).

Figure 1b shows that fuel and food dominate per capita emissions. In urban areas, averages are approximately 0.99 tCO , eq for fuel and lighting,
0.28tCO , eqfor transportation, 0.67 tCO 5 eq for milk and dairy,and 0.53 tCO , eq for meat and eggs. Rural counterparts are 0.81tCO , eq (fuel and
lighting), 0.22 tCO 5 eq (transport), 0.46 tCO , eq (milk and dairy), and 0.31tCO , eq (meat and eggs) (Ahmad et al., 2015). Thus, a nutrition-oriented
animal-based diet (dairy and meat) drives significant emissions, potentially more so than plant-based staples (e.g., rice).

Figure 1c highlights that both the magnitude and composition of per capita emissions vary greatly by expenditure level. At lower expenditure
quantiles, food (dairy, meat, rice, etc.) dominates emissions, whereas transportation contributes more at higher expenditure levels—especially in
urban areas with greater private vehicle ownership and travel opportunities. In rural areas, higher transport shares among the wealthier can reflect
longer travel distances or a lack of comprehensive public infrastructure. Further details on per capita emissions appear in Section 2.1 of Supporting
Information S1 and Dataset 1 (sheets: “PA_U_PCinT” and “PA_R_PCinT”) and Dataset 2 (sheets: “Fig 1a,” “Fig 1b,” and “Fig 1c”).

3.2 | Total emissions

Total household emissions amount to 2605 MtCO , eq, with two-thirds (1743 MtCO 5, eq) contributed by the rural population. Among India’s 36
states and union territories, just six states account for half of the total (Figure 2a). The most populous states, Uttar Pradesh (307 MtCO , eq) and
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FIGURE 1 Per capita emissions: (A) by state, (B) by commodity, and (C) by expenditure. Data for these figures are available on sheets “Fig 1a,”
“Fig 1b,” and “Fig 1c” in Dataset 2 at Bogra and Pichler (2025).

Maharashtra (242 MtCO , eq), show the highest total emissions, whereas sparser northeastern states and certain UTs (Household Consumption of
Various Goods and Services in India 2011-12, 2014b; Level and Pattern of Consumer Expenditure, 2014c) contribute far less overall.

Despite Goa having the highest per capita emissions (5.5 tCO 5, eq), its total is only 7 MtCO , eq due to a population of 1.27 million. In contrast,
Bihar’s low per capitarate (1.3tCO , eq) still yields total emissions of 124 MtCO , eq due to its population of 94 million. Assam contributes 66 MtCO
5 eq (90% rural), while Delhi emits 45 MtCO , eq (93% urban).

Figure 2b reveals that four commodity groups—fuels and electricity (39%, ~1015 MtCO , eq), transportation (10.6%, ~275 MtCO 5, eq), dairy
(23.4%, ~610 MtCO , eq), and meat (16.5%, ~430 MtCO , eq)—together contribute nearly 89% of total household emissions. Rice adds another
130 MtCO 5, eq, while footwear contributes around 66 MtCO , eq. Overall, 46% of rural emissions and 50% of urban emissions come from food
consumption (rice, meat, milk, among others).

Figure 2c shows that the highest decile emits roughly 512.89 MtCO , eq (331.84 MtCO , eq rural; 181.05 MtCO , eq urban), which is nearly four
times the 125 MtCO , eq (87.1 rural; 38.2 urban) emitted by the bottom decile. Indeed, a sizable fraction of wealthy households reside in rural areas,
explaining the large rural share. Food-based emissions (dairy and meat) for the bottom 10% total 54.72 MtCO , eq, whereas for the top 10%, they
reach 234.58 MtCO , eq. The top 30% of households emit nearly 45.6% of national emissions, while the bottom 30% accounts for around 17.8%.
Notably, 69% of transportation emissions come from the top 30% of households, whereas the bottom 30% contributes only 6%. These findings
reflect the role of affluence in stimulating higher consumption and thus environmental impacts (Ramakrishnan et al., 2020). Further results are in
Section 2.2 of Supporting Information S1; whereas, underlying data is given in Dataset 1, sheets “RCF_MT” and “UCF_MT”; and Dataset 2 offers
data for above figures in the sheets “Fig. 2a,” “Fig. 2b,” and “Fig. 2c.”
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FIGURE 2 Total emissions: (A) by state, (B) by commodity, and (C) by expenditure. Data for these figures are available on sheets “Fig 2a,
2b,” and “Fig 2¢” in Dataset 2 at Bogra and Pichler (2025).

Fig

3.3 | Inequality analysis

Expenditure-based carbon inequality, defined here as the ratio between the emissions of highest 10% and lowest 10% expenditure groups, varies
by a factor of three across states (Figure 3a). Lakshadweep has the highest ratio, over 8.25, partly due to its reliance on high-end tourism, which
benefits some residents while leaving others in low-paid service jobs or traditional fishing. Other states such as Haryana (6.5) and Uttar Pradesh (6.2)
have somewhat lower, but still high, ratios. The rural states of Arunachal Pradesh (6.0) and Haryana (5.6) also show marked inequalities between
expenditure groups.

Figure 3b shows transport has the greatest inequality in emissions, followed by meat consumption, while plant-based foods have a smaller
range. For transport, emissions of the richest 10% are more than 25 and 50 times higher than those of the poorest 10% in rural and urban
areas, respectively. This underscores that expenditure levels and spatial factors (e.g., vehicle ownership, available infrastructure) interact to
drive consumption.

Figure 3c shows a slightly higher inequality ratio in urban India (5.5) than rural (4.7). Gini coefficients for total emissions in rural and urban
areas are 0.626 and 0.631, respectively (Section 2.3.3 of Supporting Information S1). These GHG Gini values exceed corresponding expenditure
Gini values (0.385 urban and 0.307 rural according to Level and Pattern of Consumer Expenditure (2014c)), suggesting that emissions are more
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FIGURE 3 Inequality as a 10:10 ratio (top 10% emissions divided by bottom 10%): (A) by state/territory, (B) by commodity, and (C) by
settlement type (urban or rural). Data for these figures are available on sheets “Fig. 3a,” “Fig. 3b,” and “Fig. 3c” in Dataset 2 at Bogra and Pichler
(2025).

unevenly distributed than income. Further details are in Dataset 1(sheets “Inequal_PC,” “LCnGC_U,” “LCnGC_R") and Dataset 2 (sheets “Fig. 3a,”
“Fig. 3b,” “Fig 3c”) (Oswald et al., 2020).

3.4 | Comparison

We also compared our per capita, total, and inequality estimates with those from both |0-based and non-10-based studies (see Section 2.4 of
Supporting Information S1). Among the 10-based approaches, Hubacek (2017a) used global purchasing power parity (PPP) quantiles for 2010 and
found an average per capita emission level of 1.7 tCO , eq, ranging from 1.2 tCO , eq for the lowest quantile to 39.9 tCO , eq for the highest. By
contrast, Jemyung et al. (2021) analyzed the same survey data but with an aggregated IO model, leading to a lower average of 0.56 tCO 5, eq, while
Huang et al. (2021) reported region-specific results for 2015, which were also on the lower side.

In comparison, our estimate is 2.35 tCO , eq per capita, which is partly higher because, unlike these 10-based studies, we account for emissions
from food and biomass. This inclusion becomes particularly relevant for lower-income or rural households: The survey data captured large physical
quantities of firewood, dung, and staple foods consumed at relatively low prices, thus attributing more emissions to those groups than expenditure-
based studies typically would. Conversely, our estimates for the richest households (6.3 tCO , eq) are substantially lower compared to Hubacek
(2017a). This difference is likely due to different emission attribution due to price differences on the one hand, but certainly also because the goods
and services omitted in this study are disproportionally consumed by affluent households.

At the urban scale, our findings align reasonably well with Moran et al. (2018), though direct comparisons are complicated by boundary differ-
ences. Unlike Moran et al., our approach explicitly includes rural areas, which account for roughly two-thirds of national emissions in India and
inflate average totals when aggregated.

We also compared against non-10-based studies (Ahmad et al., 2015; Rao et al., 2018; Boyer et al., 2019; Ramaswami et al., 2017), although
such comparisons are less straightforward due to methodological differences. Many exclude rural regions entirely (Ahmad et al., 2015; Rao et al.,
2018), focus on only one segment of consumption (e.g., food), or lack a systematic, transparent methodology (Boyer et al., 2019; Ramaswami et al.,
2017). As aresult, our framework—with its focus on consistent physical-quantity accounting and inclusion of biomass—offers a broader coverage of
household emissions, albeit at the cost of omitting certain high-value but infrequently consumed goods and services. Additional details about these

comparisons can be found in Section 2.4 of Supporting Information S1.
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3.5 | Scenario: Achieving nutritional security for all

Following Kim et al. (2019), we examine a scenario that provides nutritional-security for impoverished households that raises food-related emis-
sions to 1.287 tCO 5, eq per capita. This shift would increase India’s total emissions by about 378 MtCO , eq (14.5%), or 0.37 tCO , eq per capita on
average, with about 83% of the growth occurring in rural areas. If over-consumption (above the nutritional security level) among higher-expenditure
groups were simultaneously reduced, the net increase would be roughly half (190 MtCO , eq). Meeting the nutritional needs of the poorest 10%
would require an additional 88 MtCO , eq, while lowering over-consumption for the top 10% could save 94 MtCO , eq. Under the first scenario,
the food-inequality ratio (10:10) declines from 4.287 to 1.656; under the second, it achieves near parity. Full calculations are in Dataset 3. Note that
this scenario excludes any extra household energy needed for cooking, which would likely scale alongside changes in food intake. Our findings align
with the 10%-13% range reported by Jemyung et al. (2021), supporting the idea that demand-side interventions (Creutzig et al., 2018) can improve

nutritional security and potentially reduce over-consumption.

4 | DISCUSSION
4.1 | Key insights from a household-based approach

Our results confirm that household emissions in India are highly unequal, both across states and by socio-economic status. Rural areas emit the
majority of total GHGs due to their large populations, yet urban per capita emissions are higher (2.72 tCO , eq vs. 2.20 tCO , eq in rural areas).
Moreover, states such as Goa have some of the highest per capita emissions despite relatively low total emissions. In terms of commodities, house-
hold fuels (for cooking and lighting), animal-based foods (meat and dairy), and personal transportation account for the lion’s share of household
emissions, reflecting purchasing power and lifestyle patterns. Meanwhile, the top 10% of households emit about four times more than the bottom

10%, underscoring stark carbon inequalities and pointing to the need for differentiated policies.

4.2 | Scenario examination and policy relevance

We tested a hypothetical scenario in which lower-income households achieve improved nutritional security (e.g., increased protein intake from
pulses, dairy, or meat). These calculations imply a moderate rise (+14.5%) in national household emissions. Yet, much of this increase was con-
centrated among currently undernourished rural households. In contrast, wealthier households derive a large portion of their emissions from
discretionary transport and resource-intensive diets. This suggests targeted policies that balance welfare needs (boosting basic nutrition for the
poor) with measures to mitigate luxury emissions (e.g., private car use, high-impact diets) of higher income brackets (Creutzig et al., 2018).

4.3 | Limitations
4.3.1 | Underestimation of scope 3 emissions

Our analysis focuses on household-level scope 1 (direct) and partial scope 2 (electricity) emissions and excludes several upstream (scope 3)
processes. Following Lenzen (2000), capital-intensive infrastructure (warehousing, logistics, and industrial chemicals) can represent a large frac-
tion of embodied emissions. Studies indicate that, although capital formation contributes to around 10% of total emissions for India (Sédersten
et al., 2018), these impacts can vary considerably by region and sector, making uniform attribution to all households potentially misleading
(Huang et al., 2021). Furthermore, many services (e.g., education, advanced medical treatment) are aggregated in national 1O tables, com-
plicating precise household-level allocation, particularly as urban areas with more advanced service sectors might bear a larger share of

infrastructure-driven emissions.

4.3.2 | Excluded commodities and services

We also omit certain categories that are reported only as aggregated monetary expenditures (e.g., institutional medical care, higher education, large
durable goods) without region-specific prices. Including these via national average intensities or |0-based values would add uniform GHG “over-

lays” to all households. This could mask significant spatial heterogeneity and amplify potential misattribution in rural versus urban or low versus

85U8017 SUOWWIOD SAIERID (edl|dde auyy Aq peusenoh a2 sopoiie O ‘8sN JO Sa|n J0j ArIq1T 8UlUO /8|1 UO (SUOTHPUOD-PUR-SLULIBIALIOD™AS| 1M Afed 1 [Bu 1 [UO//SdNL) SUORIPUOD Pue SWLB L 8L 89S *[520Z/0T/80] U0 AklqiTauljuo AB|IM ‘Z49 Wepsiod Wwniuez-zyoyw eH Aq 65002991 [ITTTT 0T/10p/woo A 1M Al jul|uo//Sdny woiy papeojumoq 'S ‘520z ‘062608ST



BOGRAETAL.

nousTriaLecorocy W LEY 1745

high expenditure groups. Future extensions of our method could integrate subnational |O-based intensities as regionally disaggregated databases
become available (e.g., capturing state-level electricity mixes or capital stock variations).

4.3.3 | Data age and coverage

Since we rely on the 2011-12 NSS round (Household Consumption of Various Goods and Services in India 2011-12, 2014b; Level and Pattern
of Consumer Expenditure, 2014c), we cannot fully reflect shifts in consumption and technology over the last decade. More recent changes (e.g.,
LPG uptake in rural areas and expansions in e-commerce) could reshape emission patterns. Additionally, our commodity list excludes a subset of
services and durables, which can lead to an underestimation of total emissions, especially for higher-income urban households with more service-

oriented consumption.

4.4 | Pathways for future work

Going forward, a natural step is to develop GHG-extended regional 10 (or MRIO) frameworks that link subnational energy mixes, capital formation,
and household consumption (Soédersten et al., 2018; Huang et al., 2021). Such datasets could also differentiate rural-urban supply chains rather
than forcing uniform intensities across an entire state. Meanwhile, new NSS data might confirm whether the trends observed here persist under
evolving lifestyles and ongoing policies (e.g., the rapid spread of LPG subsidies or the drive for electric mobility).

In summary, our bottom-up quantification highlights vast intra-national disparities in household GHG emissions and underscores the interplay
between essential consumption and “luxury” emissions. We argue that accurate, regionally sensitive inventories are critical for designing equitable
climate policies, particularly where large shares of the population remain nutritionally insecure, yet high-emission lifestyles are emerging elsewhere.

The next section (Section 5) consolidates the key implications and offers final policy reflections.

5 | CONCLUSION AND OUTLOOK

Using household survey data coupled with physical emission intensities, this study provides a regionally disaggregated assessment of household
GHG emissions across India. In doing so, we highlight not only the prominent role of urban emissions in per capita terms but also the collective
impact of rural areas and less GDP-producing states, which are often overlooked in other studies (Ramaswami et al., 2017; Boyer et al., 2019). We
find that both population size and rising affluence drive an overall increase in household GHG emissions: Vehicle use and animal-based diets stand
out as notable sources of higher emissions among wealthier groups.

Methodologically, our approach complements existing monetary 1O models (Jemyung et al., 2021) by accounting for regional price and consump-
tion differences (Level and Pattern of Consumer Expenditure, 2014c; Energy Sources of Indian Households for Cooking and Lighting, 2011-12,
2014a), which can significantly influence emission estimates. While top-down 1O methods remain valuable at the economy-wide scale, a bottom-
up, physically grounded perspective strengthens the analysis of intra-national disparities. In particular, we highlight how states and households
with lower per capita emissions can still generate large aggregate emissions due to their large populations, while certain wealthy enclaves have
disproportionately high per capita GHG emissions.

Nonetheless, these results must be interpreted in light of certain omissions from relevant parts of supply chains, especially for capital formation,
and service-sector impacts-factors that could add considerably to the GHG emissions of high-consuming households. Future research should thus
focus on developing regional or multi-regional (possibly physical) IO frameworks for India to capture these broader supply-chain effects (Séder-
sten et al., 2018; Huang et al., 2021). Such efforts would clarify the role of infrastructure investments and resource-intensive services and help
differentiate the varying impacts between urban and rural contexts.

Beyond greenhouse gas emissions, our household-level data inventory could be readily extended to water footprint (Bogra et al., 2016; Bogra
and Bakshi, 2020; Bogra, 2023) or other nexus analyses (Froemelt et al., 2018). We also anticipate further exploration of social dimensions—such
as the contribution of high-income or gender-based groups (Cohen, 2014; Boudet et al, 2018)—and scenario modeling of commaodity transitions
(Bogra et al., 2022) under “avoid-shift-improve” frameworks (Creutzig et al., 2018). Applying updated statistics on regional fuel and transportation
prices will further improve the accuracy of current estimates as India’s economy evolves.

In conclusion, this study underscores the need for region-specific and income-sensitive climate policies, acknowledging that carbon inequality
within India is driven not only by affluence but also by large rural populations still lacking basic infrastructure. Balancing development and well-
being with effective climate action remains an urgent challenge, and we hope our household-based perspective will inform future pathways toward

more equitable and sustainable resource use.
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