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Abstract

Governments promoting clean energy transitions must not only overcome house-
hold barriers to adopting new technologies, but also ensure that adoption translates
into sustained demand shifts that justify public investment. Cooking, one of the largest
sources of household energy demand, is a natural place to study these tradeoffs. We
conduct an RCT with 3,521 households in Kathmandu Valley, Nepal, where hydropower
makes electrification feasible but LPG dominates cooking. Households were randomly
assigned subsidy vouchers redeemable toward an induction stove or compatible cook-
ware, information treatments on cost savings or health benefits, and a combination
of these treatments. Subsidies increased stove adoption by 23 percentage points and
cookware purchases by 41 percentage points; information alone had little impact. Us-
ing 29 months of billing data, we show that adopters in subsidy-only arms revert
toward control-group electricity consumption levels, while the combined subsidy-and-
information arms produce 15% higher long-run usage, with gains emerging after roughly
a year. The explanation is compositional: combined arms induced more households
to invest in both the stove and complementary cookware. These ”complete” adopters
learn through sustained use and increase electricity consumption over time; adopters
with only a stove or only cookware revert. We embed these behavioral responses
in a structural model of a social planner who maximizes sustained electricity usage
subject to grid capacity and fiscal constraints. Counterfactual simulations show that
concentrating the budget into subsidies deep enough to induce this complementary in-
vestment generates nearly twice the consumer welfare of spreading it thinly as universal
discounts.
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1 Introduction

Energy security — countries’ uninterrupted access to energy at affordable prices — is a critical
driver of the global economy. With armed conflict and climate change inducing additional
uncertainty in global energy supplies and prices, many governments are rethinking their ap-
proaches to achieving energy security (IEA, 2022). By coupling electricity generation via
renewable energy sources with electrification of end uses, such as transportation and cook-
ing, countries may both reduce dependence on imported fossil fuels and decarbonize their
economies. Such a strategy requires economy-wide changes in fuel consumption. Yet the pri-
vate incentives to shift fuels may fall short of a social planner’s goal, because households and
firms do not privately capture the full benefits from cleaner fuel use, given the benefits from
energy security and positive externalities, including reduced emissions and improved public

health, accrue more broadly (Holland et al., 2016; Rapson and Muehlegger, 2023).

Government policy is often necessary to promote technologies to realize both private
and social gains.! Promoting adoption alone, however, is insufficient to achieve the social
planner’s goal of shifting fuel consumption at scale, as adoption of a technology need not
translate into sustained use. Evidence from other sectors illustrates that even when adoption
does translate into use, scaling adoption can impose costs that require calibration. For
instance, scaling up agronomy training can increase input competition (Duflo et al., 2025),
over-irrigation can deplete groundwater (Fishman et al., 2023; Pfeiffer and Lin, 2014), and
simultaneous charging of electric vehicles can overload grids (Bailey et al., 2025b). Clean

energy transitions exemplify this tension between household and planner objectives.

We study this energy transition challenge through a ubiquitous household activity with
significant potential for transformation: cooking. We focus on the transition from liquefied
petroleum gas (LPG) to electric cooking, an application of end-use electrification with new

and different challenges than those that are faced when promoting efficiency improvements

1This is not uncommon in sectors where private and aggregate returns often diverge. For instance, water (Dupas et al., 2023,;
Kremer et al., 2011), sanitation (Deutschmann et al., 2024; Geruso and Spears, 2018), and health technologies (Dupas, 2014)
all reduce individuals’ exposure to disease, as well as community transmission of those diseases. Agricultural trainings, fertilizer
use, and irrigation raise individual farm productivity and, in the aggregate, can improve regional food security (Duflo and
Pande, 2007; Duflo et al., 2008). Electric vehicles lower individual drivers’ operating costs while also reducing local pollution
and global greenhouse gas emissions (Holland et al., 2016; Rapson and Muehlegger, 2023).



within fossil fuel based cooking.?. We tackle the first challenge to this problem: sufficient
and cleanly generated electricity by studying this question in the context of Nepal. The set-
ting is ideal for studying energy transitions: abundant, domestically-produced hydropower
makes electricity both cleaner and cheaper than imported LPG and recent improvements
in electricity generation and grid reliability (Acharya et al., 2024; Mahadevan et al., 2026)
removed the most commonly cited barriers to this energy transition. However, even with
clean electricity generation capacity, governments must navigate this transition carefully:
boosting electricity demand without overloading grids or straining fiscal budgets, and al-
locating incentives efficiently across households facing heterogeneous barriers to adoption
and sustained use. Given past import supply shocks, the Government of Nepal has tried
to promote electric cooking (Acharya and Adhikari, 2021), but LPG remains the dominant

cooking fuel used in urban Nepal.

We combine a randomized experiment with a structural model of adoption and post-
adoption usage to evaluate subsidy designs available to a government planner. The random-
ized controlled trial was carried out in Kathmandu Valley with 3,521 LPG-using households.
Our interventions mirror policy tools available to alleviate the existing adoption constraints:
subsidies to relax liquidity constraints and information to address cost and health misper-
ceptions. Designed in partnership with the Nepal Electricity Authority, the experiment
randomly assigned households to nine groups combining two subsidy levels (approximately
USD 7.5 and 22.5), two information treatments (cost and health), their interactions, and
a control group.® Subsidies were delivered as vouchers redeemable at the country’s largest
retail chain, embedding the experiment in the population and delivery channels a planner
would actually use (List, 2022). We track outcomes using both follow-up survey data and
29 months of monthly administrative electricity billing records from the national utility. We

then develop a structural model that embeds household behavior within planner constraints,

2Prior evidence on improved or efficient fossil-fuel cookstoves suggests that adoption is constrained by liquidity (Berkouwer
and Dean, 2022), depends on how interventions are targeted and to whom (Mobarak et al., 2012), and that usage may decline
even after adoption (Hanna et al., 2016a). For a deeper discussion of the drivers of electronic appliances and use, see (Meeks
and Mahadevan, 2025).

3Finally, the subsidy levels substantially mitigate upfront costs, with the higher subsidy constituting an approximately 50%
discount off the price of a single electric stove, and almost the full cost of compatible cookware. The cost treatment explained
that electric cooking is typically cheaper than LPG, while the health treatment highlighted indoor air-pollution risks from LPG
(Daouda et al., 2024; Lebel et al., 2022). An intervention correcting misperceptions about operating costs may boost adoption,
especially among price-sensitive households who may underestimate the savings from switching (Allcott and Taubinsky, 2015;
Bensch and Peters, 2015).



using the experimental variation to recover behavioral parameters and evaluate counterfac-

tual subsidy designs that a government could implement.

The randomized experiment yields three main results. First, subsidies had large and
economically meaningful effects on adoption, while information alone did not. Households
offered the high subsidy were 53 percentage points more likely to adopt electric cooking
(defined as acquiring either an induction stove or compatible cookware) relative to a control
mean of 15 percent. The low subsidy increased adoption by 27 percentage points, though
much of this effect operated through cookware rather than stove purchases. Treatments that
combined subsidy and information yielded similar adoption results to subsidies alone. In
contrast, standalone cost and health information treatments generated negligible changes
in adoption. These findings indicate that liquidity constraints, rather than misperceptions,

were the primary barrier to adoption in this context.

Second, using follow-up survey data, we examine short-run cooking behavior. Subsidy
recipients shifted meaningfully toward electric cooking, increasing the share of meals prepared
with induction stoves by 7 to 9 percentage points and reallocating 14 to 17 minutes of
daily cooking time toward electricity. LPG use declined modestly but remained substantial,
consistent with fuel-stacking behavior documented in prior work (Guta et al., 2022; Masera
et al., 2000; Shankar et al., 2020). Information treatments alone did not significantly alter
cooking behavior. Thus, while adoption translated into real changes in household fuel use,

substitution was partial rather than complete.

Third, we study how adoption translates into long-run electricity consumption using
detailed administrative billing data spanning eighteen months after the intervention. Here,
the patterns differ from the short-run adoption results. Sustained increases in electricity con-
sumption are not observed for subsidy-only arms. Instead, durable and gradually emerging
consumption gains are concentrated in the combined high subsidy and information treat-
ment arms, suggesting electricity consumption went up by 6-8% by month 18. Event study
estimates reveal that usage effects ramp up over time rather than appearing immediately

at treatment onset.* This dynamic pattern indicates that adoption does not mechanically

4In rural South Africa, electricity usage lags e-stove adoption by 3 years (Dinkelman et al., 2026).



translate into persistent increases in electricity demand. Rather, sustained usage appears to

depend on both substantial financial incentives and complementary information.

Taken together, the results highlight an important distinction between adoption and
durable usage. While subsidies successfully induced technology uptake, long-run increases
in electricity demand emerged only when adoption was paired with information and un-
folded gradually over time. For policymakers concerned with energy transitions, the relevant
outcome is not merely whether households acquire new technologies, but whether they in-

corporate them into sustained patterns of electricity use.

Finally, we embed these findings in a structural model of adoption and post-adoption
electricity usage to evaluate counterfactual subsidy designs. The model captures the mecha-
nisms that the reduced-form results identify as central to the adoption-to-usage gap. Adop-
tion depends on perceived electricity costs, reliability beliefs, and liquidity constraints. These
parameters determine not only whether a household adopts, but what it adopts: both stove
and cookware, or only one component. This distinction matters because post-adoption usage
evolves through experiential learning, and learning trajectories differ by adopter type. Com-
plete adopters (cookware and stove) follow positive usage paths, while partial adopters revert
toward baseline. A subsidy design that only maximizes adoption may therefore induce a com-
position of adopter types that fails to generate sustained demand. The model embeds these
behavioral responses within a social planner’s problem that internalizes grid capacity con-
straints and fiscal costs, allowing us to compare alternative subsidy designs under the same
budget. Counterfactual simulations show that concentrating full subsidies on fewer house-
holds, inducing deep adoption of complete technology bundles, dominates spreading small
discounts widely, generating 50-66% more welfare than the experimental design. Sophisti-
cated machine-learning-based targeting offers only modest gains beyond simpler observable

rules such as targeting based on LPG purchase records.

This paper makes three main contributions. First, we contribute to a thin but growing
literature on energy transitions. Energy transitions are inherently macro processes: fuel
generation, grid infrastructure, and policy planning require governments and social plan-

ners. Yet, transitions ultimately depend on decentralized decisions to adopt and use new



technologies, highlighting the importance of micro-founded demand parameters to inform
macro-level planning. This is especially true for end-use electrification, where replacing fos-
sil fuels with electricity depends not only on household demand, but also on grid capacity
and the broader generation mix.>® A growing literature studies these issues in the context of
electric vehicles, including the role of subsidies, charging infrastructure, and the strain that
widespread electrification can place on electricity systems (Bailey et al., 2025a,b; Gallagher
and Muehlegger, 2011; Holland et al., 2016; Li, 2023; Li et al., 2017, 2022; Springel, 2021;
Xing et al., 2021). We bring this end-use electrification perspective to household cooking,
where adoption frictions differ but the planner’s problem is closely related. Our contribution
is to use experimentally identified adoption decisions and usage behavior into a structural
model to evaluate counterfactual subsidy policies under planner constraints, bridging macro-
oriented work on energy transitions with micro evidence. This complements recent work such

as Fried et al. (2025), which models household equipment choice in a policy context.

Second, we contribute to the emerging literature on electric cooking within the transi-
tions literature. Previous studies have examined shifts from biomass to improved stoves or
to LPG (Abubakari et al., 2024b; Afridi et al., 2021, 2023; Kar et al., 2024; Meeks et al.,
2019; Pattanayak et al., 2019), but evidence on the demand for electric stoves (Pattanayak
et al., 2019) and on the transition from LPG to electric cooking remains limited (Gould
et al., 2024, 2023). We contribute in particular to the literature on fuel shifting, which is
underpinned by the well-established practice of fuel stacking, whereby the extent to which
households shift from using an old fuel to a new one is critical for characterizing cooking
transitions (Kar et al., 2024; Shankar et al., 2020). We extend this literature in two ways.
First, by combining experimental variation with monthly electricity consumption data, we
trace how usage evolves after adoption, documenting that increases in use emerge gradually
and are not mechanically implied by take-up. Second, we observe complementary invest-
ments in stoves and cookware, moving beyond binary measures of adoption and capturing
how households adopt cooking technology bundles in practice. Together, these results high-
light the importance of understanding not only whether households adopt electric cooking,

but also how they incorporate it into their cooking portfolio over time.

5Existing work examines the evolution of household adoption of electricity-using assets (Gertler et al., 2016).



Finally, we contribute to the literature on the relationship between technology adoption,
sustained use, and policy targeting. Adoption does not always translate into sustained use,
with previous work typically attributing this to post-adoption frictions such as maintenance
failures, behavioral biases, or habit persistence (Ashraf et al., 2013; Cohen et al., 2015; Dupas,
2014; Dupas et al., 2024; Hanna et al., 2016b; Tarozzi et al., 2014). A related literature
shows mixed evidence on the effectiveness of pricing and non-monetary costs in targeting
households more likely to use a technology (Ashraf et al., 2013; Dupas et al., 2023). We show
new evidence that the gap between adoption and sustained use can also arise through the
composition of adopters induced by the intervention. In our setting, the households most
likely to adopt are not the same households that are most likely to increase their long-run
electricity demand. This compositional channel has first-order implications for targeting
and subsidy design (Abubakari et al., 2024a; Burlig and Sudarshan, Forthcoming; Hanna
and Olken, eds, 2026). Our counterfactual simulations show that deep subsidies that induce
complete adoption among fewer households generate more persistent use and higher welfare

than broad subsidies that maximize adoption rates.

The paper proceeds as follows. Section 2 discusses the local context in Nepal, while
Section 3 develops the structural model of household adoption, post-adoption electricity
usage, and the social planner’s problem. Section 4 describes the randomized experiment on
electric cookstoves. Section 5 presents the data and summary statistics. Section 6 outlines
the empirical strategy, and Section 7 reports the experimental results and analysis of long-
run electricity usage. Section 8 estimates the structural parameters, Section 9 decomposes
the adoption-to-usage gap by adopter type, and Section 10 evaluates counterfactual subsidy

designs. Section 11 concludes.

2 Study Setting: Urban Nepal

Nepal’s energy landscape makes it a natural laboratory for studying cooking transitions.
The country’s generation, transmission, and distribution of electricity are the responsibility
of the Nepal Electricity Authority (NEA), which is a vertically-integrated government entity.

With improvements in electricity access as a core component of the country’s development



strategy, Nepal attained substantial gains over the past 3 decades, increasing from 14.1 %
in 1995/96 to 94% of households as of 2022/23 (National Statistics Office, 2025). Even with
access improvements, the quality of those service lagged behind, meaning — until relatively
recently — poor electricity reliability and frequent load-shedding plagued electricity provision

in Nepal (Timilsina and Steinbuks, 2021).

In recent years electricity reliability and quality of services have improved substan-
tially (Sharma and Shrestha, 2023), as the country increased electricity generation capacity.
Expanded generation, particularly since 2015/16 (National Statistics Office, 2025) and in-
cluding through new independent power producer contracts, greatly contributed to reliability
improvements (Ghising, 2022; Kathmandu Post, 2023; Open Data Nepal, 2022). Hydropower
now supplies nearly 99 percent of electricity with minimal carbon emissions (Bhandari and

Subedi, 2023), making electricity increasingly viable for cooking.

The study was implemented in Bagmati, one of the country’s seven provinces, which
is the location of Kathmandu Valley and home to 6.1 million people. Bagmati Province is
the country’s economic center and represents 21% of the its total population. Across the
province’s 13 districts, 62% of the province lives in urban areas (National Statistics Office,

2025).

There is much heterogeneity across the country — particularly across rural and urban
populations — in the types of fuels used for cooking; however, in Bagmati Province LPG
is the cooking fuel used by the majority of households. As of the 2021 census, within
the province 29% of households cooked with firewood, 69.8% with LP gas, and 0.6% with
electricity (National Statistics Office, 2025). This dependence on LPG for cooking is the
result of the country’s subsidies provided for the fuel, with petroluem accounting for 20% of
the Nepal’s total imports and are greater than all of the country’s exports (Koirala, 2023).
This reliance on imports, particularly those from India, induces both national security and
financial stability concerns. In 2019-2020 alone, Nepal imported approximately 4,51,000
metric tons of LPG, all of which cam from India (Gautam, 2021); however, the dependability
of the LPG supply from India is regularly of concern. A 2015 Indian blockade exposed

the country’s vulnerability to fuel supply disruptions and catalyzed a policy shift toward



electricity (Acharya and Adhikari, 2021; Giri, 2015). As a result, in its recent planning
exercise, the Government of Nepal indicated to promote electric cooking while gradually

reducing the existing LPG subsidies (National Planning Commission, 2024).

At the time of this study, NEA’s domestic electricity customers faced and increasing
block price, which varied by both the ampere of the customers’ connection and the kWh
per month used (NepalEnergyForum, 2023). The government reduced electricity tariffs just
prior to the study implementation, in efforts to encourage increased electricity consumption

including through electric cooking adoption (Acharya et al., 2025).

3 Model

We develop a tractable structural model to discipline our policy analysis and connect ex-
perimental variation to behavioral parameters. The model captures the frictions households
face in adopting and using electric cooking technology: upfront liquidity constraints, misper-
ceptions about relative operating costs, and heterogeneity in preferences. Importantly, the
model also allows adoption to generate broader changes in electricity use over time through
learning and experience. In this setting, technology adoption is not merely a discrete pur-

chase decision, but a path into sustained electrification.

At the same time, the framework incorporates the constraints faced by a social planner.
While higher electricity consumption is socially desirable because it reduces dependence
on imported LPG and improves health, additional load is not costless when generation or
distribution capacity is tight. The planner therefore weighs household welfare gains against
the marginal cost of serving additional electricity demand under capacity constraints, as well

as the fiscal cost of subsidies.

The model generates empirically estimable equations that allow us to map structural
parameters to reduced form treatment effects observed in the RCT. We preserve a clean
adoption equation that directly corresponds to our experimental variation. We then extend
the framework to connect adoption to long-run billed electricity consumption, which is the

key outcome of interest for utilities and policymakers.



Although we calibrate the model to Nepal, the structure is intentionally simple and
portable. The household adoption margin can be estimated wherever quasi experimental
variation in incentives is available, while the planner’s shadow values for fiscal resources,
capacity constrained supply costs, and LPG dependence can be reparameterized for other
contexts. In this way, the framework provides a general tool for identifying the optimal mix

of subsidies and information policies in energy transitions.

3.1 Adoption

Households choose between cooking with LPG or electricity based on perceived costs, sub-
sidies, and idiosyncratic preferences. The key economic forces are: (i) lower perceived elec-
tricity costs raise adoption; (ii) subsidies enter concavely, so each additional dollar has di-
minishing effect; and (iii) subsidies are more effective when perceived electricity costs are
high. This third force, the interaction between subsidies and perceived cost, is quantitatively

important.

Taking log-odds of the adoption probability and substituting for indirect utilities (see
Appendix A for derivation) yields:

TE no
log : ; =7 ; log Pgg+ 085, +  0vp (s5,Prg) (1)
I D —_—
R subsidy  subsidy Xxcost interaction
perceived cost

where mg, is the probability of adopting electric cooking, Pg, is perceived electricity cost
(shifted downward by information treatments), sg, is the subsidy normalized by stove price,
p governs subsidy concavity, 1 is the price sensitivity of cooking demand, and 6 scales
taste heterogeneity. The interaction yp > 0 means subsidies work best for households who
perceive electricity as expensive, precisely the group where a subsidy relaxes the binding

constraint.

Four treatment arms from the RCT (control, info-only, high subsidy, high subsidy +
info) exactly identify the four parameters {n, 0, p,vp}, with the remaining two arms (low

subsidy, low subsidy + info) serving as out-of-sample validation. The model reproduces



observed adoption across all six arms within 1.5 percentage points (Figure G1; Appendix

Table 7).

3.2 Electricity usage conditional on adoption

Adopting a stove does not guarantee a change in cooking behavior. The model decomposes
post-adoption electricity usage into channels that each imply a different policy response.
Among adopters, optimal cooking time is 7}, = (n/ ﬁit)l/ (=1 where the effective perceived

cost IBZ-t depends on:

log Py = 08,R; +6.9(t)+X] & 2
g Py +019(t) +X[B + v 2)
reliability learning

where R; is baseline beliefs about grid reliability, g(t) = 1 — e " is a learning curve that
rises from zero toward one as households gain experience with electric cooking, X; includes
household characteristics, and v; is a residual preference term. Billed electricity captures
total household consumption, not just cooking, so the learning channel may also reflect

broader changes in electricity use patterns.

Each channel maps to a different policy lever. Reliability (0,): if outage beliefs raise the
perceived cost of committing to electric cooking, grid investment helps. Learning (01): the
sign reveals whether households integrate electric cooking into their routines (07, ~ 0, stable
usage) or revert after initial experimentation (6, < 0); follow-up support such as cooking
demonstrations could sustain households in the latter group. Preference heterogeneity (v;):
a household-level residual capturing intrinsic cooking cost after accounting for the first two
channels and observables. Households with high v; face high perceived cost and have low elec-
tric cooking demand; those with low v; have strong revealed preference for electric cooking.

Identifying high-v; households helps avoid subsidizing stoves that will not be used.

10



3.3 Targeting
A social planner maximizes total electricity usage for cooking, subject to a subsidy budget
B, grid capacity G (at per-unit cost ¢), and a shadow value A on LPG displacement:

max Y mgi(si, ;) - E[EWh | adopt] (3)

83,15

st > Sit+ ol <B, Y mp - E[kWh; |adopt] < G/5, A mpi- ALPG; > 0.

(2

The grid constraint matters because each additional electric cook draws on the network;
§ is calibrated from Nepal Electricity Authority data, G from regional transformer capacity,
and A from LPG import prices. Taken together, this formulation highlights the planner’s
tradeoff: raising subsidies or shifting perceived prices boosts household welfare through
higher adoption, but it also risks higher grid costs, fiscal burdens, or continued exposure
to LPG dependence. Our RCT provides the variation needed to estimate the behavioral
parameters in (1) and (2), which then discipline the decomposition in Section 9 and the

counterfactual simulations in Section 10.

4 Randomized Experiment on Electric Cookstoves

We conduct a randomized experiment in the Kathmandu Valley, which is located within
the Bagmati Province of Nepal. The experiment randomly varies interventions designed to
alleviate constraints to the adoption of electric stoves. The following sub-sections detail the

sampling procedures employed, the experimental design, and the intervention.

4.1 Study Area Selection and Sampling Process

In June and July 2023, the research team surveyed 3,521 households in the Kathmandu
Valley. Our selection procedure to attain this sample was comprised of two steps, as described

in the paragraphs below.
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First, we start with 2,190 households that were previously surveyed by our research team
in 2021. These households are situated along the Bisnumati River, which runs north-south
along the western side of Kathmandu, and were part of an earlier study on the effects of smart
meters. All of those households were within 1 km of the river, with approximately half located
to the western side of the river and the other half to the eastern side. These households are
located in a relatively consolidated area, and serve by approximately 60 transformers (half
on the east and half on the western part of the river). We can match households with smart

meters (on the eastern side) to the transformers through which electricity is distributed.

Second, to systematically extend the sampled area to include additional households that
would be less densely concentrated, but still similar to those selected in the first step, we
used NEA data on transformer locations within a 2 km distance to the east of the Bisnumati
River. We select transformers on the eastern side of the river, and went north of the sample
selected in the first step, as these are the neighborhoods in which households had smart
meters installed during the same intervention mentioned above. We extend the study area
up to the Tokha Municipality, as this is within Kathmandu District, urban/peri-urban like

the areas included in the first step, and also proximate to Bhat Bhateni store locations.

Limiting to this area, there are 172 transformers. The locations of these transformers
selected in the second step — and their proximity to transformers in the first step — are

mapped in Figure C1.5

From the utility records of all households served by these 172 transformers, we randomly
sampled 7 to 8 households per transformer.” This results in 1,331 additional households se-
lected within the second step. From the two steps, the 3,521 household sample results. When
surveyed in summer 2023, these households were asked if they consented to participate in a
future study on electric cooking. Of the households surveyed, 2,894 consented to participate

in the study going forward.

6The map does not show transformers on the western side of the river from the first step, as the distribution system on the
western side is not connected to smart meters and therefore we do not have GPS location data.

TWe created a list of 40 randomly selected households per transformers. The list was given to the survey company, which
proceeded to survey down the list as with replacements.
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4.2 Experimental Design

Using this sample of households, which covers 3 of NEA’s DCs (Ratnapark, Maharajgunj, and
Kuleshor), households are randomly assigned by computer through a cross-randomization
design. Households are randomly assigned to receive one of three electric cooking subsidy
treatments — a higher subsidy of 3,000 NPR (~ USD 22.5), a lower subsidy of 1,000 NPR (~
USD 7.5), or no subsidy — that can be used to purchase electric cookstoves (or the pots/pans
specific to electric induction stoves). The low and high subsidies offset a substantial share of
upfront costs, including an induction stove (USD 30-45 for one burner, roughly double for
two) and compatible cookware (USD 10-22). Based on the project budget, approximately
600 households were intended to be assigned to the high and low subsidy groups, and 1800
households assigned to no subsidy group.® The locations of households randomly assigned

to the subsidy treatments are mapped in Figure 2.

We randomize the subsidy assignments along with three information treatments, with
information provided on the operating costs of electric stoves, the health benefits from electric
cooking, or no information. Households were intended to be assigned in approximately equal
numbers (1000 households per treatment) to each of the information treatment groups. The

locations of households assigned to the subsidy treatments are mapped in Figure 3.

This randomization led to 9 different groups to which households could potentially be
assigned.” The 9 groups and actual numbers of households assigned to each are depicted
in Table 2. Randomization was done on a computer, finding balance on seven baseline
characteristics that were collected via the 2023 household survey.!® Due to this approach,

there are slightly different numbers of households assigned to the treatment groups.

8Numbers were a bit lower across all three groups, as we are randomized across 2,894 households rather than the 3,000
households we estimated prior to the study.

9The 8 different treatment combinations include high subsidy-cost info, low subsidy-cost info, no subsidy-cost info, high
subsidy-health info, low subsidy-health info, no subsidy-health info, high subsidy-no info, low subsidy-no info. The pure control
group is assigned to no subsidy-no info. For ease of viewing, we do not display all 9 groups in one map.

10The baseline variables on which balance was forced in randomization are: household size, household head education (both
if they have less than 1 year of schooling and if they bachelor’s degree or more), if the house is connected via a smart meter,
if the household already owns an induction cookstove, and an income proxy based on appliances (increasing in the number of
appliances owned including microwave, AC and washing machine).

13



4.3 Intervention

The intervention occurred in January and February 2024 and was comprised of delivering the
combinations of information and subsidy coupons to households based on the randomized
assignment. The timeline depicting the intervention relative to the survey implementation

is shown in Figure 1. The actual treatment assignment is described in Table 2.

The intervention proceeded as follows. All 2,894 households were visited by project staff
during these two month period. They were thanked for consenting to participate in the study
and received a small mobile phone re-charge credit in thanks for their continued participation

11

in the study.”* The full script for this interaction is in Appendix 1. For the pure control

households, the interaction ended there. The households assigned to other combinations of

treatments received additional documentation, per their random assignment.!?

Households randomly assigned to receive either of the information treatments received
a paper on which their respective messages — cost or pollution — were printed. Images of
these information texts, printed in Nepali, are in the appendix (Figure D2). The full English
translations of the information on the cost of electric cooking and the pollution reduction

from electric cooking, are in Appendices 2 and 3, respectively.

Households randomly assigned to receive either the high or low subsidy treatments
received a paper explaining that they had been randomly selected to receive a voucher for
a subsidy of NPR 3000 or NPR 1000 (these amounts are approximately 165% and 55% of
an average monthly bill payment, respectively) that could be used on either an induction
stove or cookware compatible with an induction stove. This printed information detailed
the logistics of using the subsidy vouchers. Full information on these message — both the
pamphlets printed in Nepali (Figure D4 and the English translations of the messages — are
in Appendix 4.)

These households also received a physical voucher card marked as “Subsidy to buy

induction appliance”. The card stated the amount of subsidy, a household unique id assigned

1 The credit was for 100 Nepali Rupees, which was approximately 0.75 USD at the time.

12There were 57 households for which the intervention was unable to be delivered, either because they had moved since the
2023 survey or they were not home to receive the treatment during the multiple attempts made by the research team. We show
the breakdown of the undeliverable treatments by assignment in Appendix Table D1.

14



by project staff, and the logo of Bhat Bhateni super store, which is the largest chain store in
Nepal with 27 store locations throughout the country.'® The mega store is well known in the
country and sells most household goods, from food to appliances, cookware, and furniture,

as well as clothes.

To use the subsidy, a household member had to bring the voucher to the customer service
desk in the Bhat Bhateni store. Households had to be a Bhat Bhateni Club Card member
or register to become one if they were not already. It costs nothing to become a member
and is essentially a system through which shoppers earn points and rewards based on their
prior purchases, like one would find in many major retailers in the United States.!* The
households were then directed towards the induction stoves and induction-related cookware
within the store. The subsidy coupons were eligible to be redeemed from the date that the
households received them through April 30, 2024.

The subsidy vouchers could be used in Bhat Bhateni locations throughout Kathmandu
Valley. There are 9 super store locations throughout Kathmandu Valley (mapped in Figure
D5). Prior to the intervention Bhat Bhateni had provided the research team with a list of
all induction stoves and related cookware sold in their stores. The voucher card could only

be used towards these designated induction related cooking items.

5 Data

We use two main sets of data for this study: data from a household survey conducted by
our research team and data collected by Nepal Electricity Authority. We describe both in

the sections below, as well as test for baseline balance following the randomization.

5.1 Survey Data

We have two rounds of households survey data. The baseline survey conducted in June and

July 2023. The follow-up survey was conducted June and July 2024.

I3Pictures of the subsidy voucher are shown in the Appendix (Figure D3).

14Given the coverage of the super store many people in the study were already Club Card members. Because of their own
club card system and their store’s system of giving annual “rewards” to their customers, Bhat Bhateni already had a voucher
system set up with employees trained to receive vouchers.
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The timing of the follow-up survey was selected as it one year after the baseline survey
was implemented and approximately 6 months after the onset of the intervention. Of the
2,894 households randomly assigned to treatment, we were able to re-survey 95% (2,740
households) at the follow-up mid-2024. As a check, the survey data are matched with the

information on voucher use from Bhat Bhateni.

Responses to the 2023 baseline survey provide help us better understand the study
sample (Appendix Table 1). We see that approximately one-third of households pay for their
electricity bills by cash/cheque, where the other two-thirds pay by credit. Respondent report,
on average, that their prior month electricity bill was 2,090 Nepali rupees. Although almost
all household respondents report knowing their most recent electricity expenses (97%), only
54% report know what their monthly electricity consumption (in kWh) was. More than two-
third of households have a smart meter installed, which is indicative of the study’s sampling
strategy. In “normal months”, respondents report just over 1 electricity outage per week
on average; this increases to 5.5 outages per week in the “bad” months when electricity

reliability substantially worsens.

Reports on appliances and other electricity-related and cooking practices provide im-
portant insights for this study. Approximately one-third of respondents report heating their
houses in the winter, whereas almost no households (3%) report cooling with air condition-
ers. Households have a substantial number of electric appliances, with most respondents
having a refrigerator (89%), fan (84%), and a kettle (64%). On average, approximately 2

hours per day are spent on cooking (13.5 hours in the last week).

5.2 Administrative Billing Data

We examine usage patterns using a large confidential electricity billing dataset obtained
from the Nepal Electricity Authority (NEA). The dataset is matched to the subjects of the
RCT, and we are able to track their electricity consumption records from January 2023 to
May 2025, a full year before the RCT began and 18 months after the experiment concluded.
This administrative panel provides a direct and objective measure of sustained changes in

electricity demand, enabling us to evaluate whether the experimental treatments led to
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durable shifts in household energy use.

The dataset consists of monthly data for the 3500 consumers in the 2023 survey starting
from January 2023 and going through May 2025. These data include information on the type
of bill, the units consumed (kWh), amount due on bill (NPR), amount payable, and date
the bill was due. Additionally, there are data on the date the bill was actually paid, the
monetary amount that was paid at that time, and the method through which the payment

was made.

Together, these two data sources allow us to study both the adoption of electric cooking
technologies and subsequent patterns of electricity consumption. We next describe how we
use the randomized assignment and the panel structure of the administrative data to estimate

treatment effects.

5.3 Randomization Balance

Using data from the baseline survey, we check for balance on key variables that might affect
either adoption and use of electric cookstoves: household size, the education of the household
head (both if they have no formal education and if they have higher education), if the house
has a smart meter installed, the number of electric cooking appliances owned, and whether
the household owns and induction stove. Table 3 presents results from these balance tests
and shows that none of the 8 treatment groups are statistically significantly different from

the control group (column 9).

6 Empirical Strategy

In this section, we describe how we leverage the experimental variation in treatment assigned

to estimate the effects of the intervention.

6.1 Intent to Treat

First, we estimate the effect of being randomly assigned to a particular treatment (or com-

bination of treatments). Given the baseline balance shown in the prior section, we estimate
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the impact of the intervention’s treatment arms using a simple specification:

Y; = a + p1HighSubsidy, + S2LowSubsidy, 4+ 53CostInfo; + S4HealthInfo;
+ B5(HighSubsidy,&CostInfo;) + fs(HighSubsidy,&HealthInfo;) (4)

+ B7(LowSubsidy,&CostInfo;) + fs(LowSubsidy,;&HealthInfo;) + &;

HighSubsidy,;, LowSubsidy,;, CostInfo,, and HealthInfo; are indicator variables corre-
sponding to the distinct experimental arms. Households were randomly assigned into one
of nine mutually exclusive treatment cells. The omitted category consists of households
assigned to the pure control group, that is, those who received neither a subsidy nor an
information treatment. The constant term « therefore represents the mean outcome for the

pure control group.

Each coefficient (), represents the difference in mean outcomes between households as-
signed to that specific treatment cell and households in the pure control group. For example,
[ captures the effect of assignment to the high subsidy arm, 3 captures the effect of assign-
ment to the cost information arm, and 5 captures the effect of assignment to the combined

high subsidy and cost information arm.

Because treatment cells are mutually exclusive, the coefficients do not represent incre-
mental interaction effects in a factorial sense. Rather, they reflect the average treatment
effect of each experimental arm relative to the pure control group. Finally, ¢; denotes the

idiosyncratic error term.

Our empirical analysis distinguishes clearly between adoption and usage outcomes. The
experimental design was designed to affect the adoption of induction stoves and associated
cookware. Accordingly, we first examine outcomes at the extensive margin, focusing on
whether households adopt induction cookstoves and compatible cookware as a result of the

intervention.

However, from the perspective of the Nepal Electricity Authority (NEA), the ultimate
policy question concerns electricity usage, particularly whether the intervention translates

into sustained increases in electricity consumption. The motivation behind the experiment
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was always to understand what factors could propel the energy transition in Nepal towards

greater electricity consumption.

We therefore study intensive margin outcomes in two complementary ways. First, we
examine short-run impacts on usage using self-reported measures collected in our endline
survey. These include reported usage of electric stoves and LPG stoves for cooking meals, as
well as amount of time spent cooking with an electricity stove versus an LPG stove. These
measures allow us to assess substitution patterns between fuels and the extent to which

adoption translates into behavioral change.

However, self-reported measures may of course be subject to various biases. We there-

fore proceed to a dynamic analysis using the panel structure of the billing dataset from

NEA.

6.2 Event Study Design

To assess the validity of the parallel trends assumption and to examine the dynamic effects of
the treatments over time, we estimate an event study specification. For each treatment arm
T € {1,...,8}, we estimate the following equation using the sample restricted to households

in treatment group 7" and the control group:

17

Yii=qa; +\ + Z Br x 1{Month; = k} x 1{Treatment; = T'} + €; (5)
k=—6,k#—1

where Yj; represents the log electricity consumption for household ¢ in month ¢. The termsc;

and \; denote household and time fixed effects, respectively.

The index k represents the month relative to the reference period, where k£ = —1
corresponds to December 2023 (the month prior to the start of the intervention). The
summation creates a set of coefficients gy for the pre-treatment period (k € {—6,...,—2})

and the post-treatment period (k € {1,...,17}).

The coefficients 85 capture the differential change in consumption for the treated group

relative to the control group in month k, compared to the base period of December 2023.
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We cluster standard errors at the household level.

The pre-treatment coefficients provide a direct test of the parallel trends assumption
underlying the difference-in-differences framework. Under valid identification, the estimates
for £ < 0 should be statistically indistinguishable from zero, indicating that treated and

control households were on similar consumption trajectories prior to the intervention.

The post-treatment coefficients trace out the dynamic treatment effects over time. This
allows us to examine whether electricity consumption responds immediately following treat-
ment, whether effects grow gradually as households integrate electric cooking into daily
routines, and whether any observed changes persist over the longer run. In this way, the
event study complements the average post-treatment estimates by providing a flexible, non-

parametric view of treatment dynamics.

6.3 Difference-in-differences Strategy

To estimate the effect of the treatments on electricity consumption, we employ a DD speci-

fication with a linear TWFE. The estimation equation is defined as follows:

8
Yii=q; +\ + Z Br (Post; x 1{Treatment; = T'}) + € (6)

T=1
where Y;; denotes the electricity consumption for household 7 at time t. As in the event study,
a; and )\ represent household and time fixed effects, respectively. The household fixed effects
absorb time-invariant heterogeneity across households, while the time fixed effects account

for common shocks affecting all units simultaneously.

The interaction term captures the treatment effect. Post; is a binary variable equal
to one during the intervention period (2024 and 2025) and zero otherwise. The term
I{Treatment; = T} is an indicator function that equals one if household i was assigned
to treatment arm 71'. The coefficients of interest are 57, which estimate the differential im-
pact of each treatment T relative to the control group during the post-treatment period.

Finally, €;; represents the error term. Standard errors are clustered at the household level to
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allow for serial correlation within households over time.

This framework provides three main advantages in our setting. First, while random
assignment ensures treated and control households are comparable in expectation, electricity
consumption is noisy and highly seasonal. By differencing within household over time and
netting out common time shocks, the two-way fixed effects DD improves precision relative

to a purely cross-sectional post-treatment comparison.

Second, the availability of a long pre-treatment panel allows us to examine whether
consumption trends were similar across experimental arms prior to treatment exposure.
We implement event study specifications in the next subsection to visualize and test for
pre-treatment trend differences, which provides a transparent diagnostic for the identifying

assumptions underlying the DD design.

Third, the administrative panel allows us to study dynamic and long-run outcomes.
Adoption of a new cooking technology may not translate into immediate, stable changes
in electricity demand. Usage may evolve gradually as households learn, adjust cooking
practices, or spread use across household members. The panel structure lets us estimate
whether treatment effects emerge slowly, persist, or fade out over an extended horizon,

which is central to the policy question faced by the NEA.

7 Results

7.1 Survey-based outcomes
7.1.1 Adoption at the extensive margin

Table 4 documents strong impacts of subsidies on adoption of electric cooking. Households
offered the high subsidy were 53 percentage points more likely to adopt (defined as acquiring
either an induction stove or compatible cookware), relative to the control group mean of 15
percent. The low subsidy also increased adoption by 27 percentage points, though most of
this effect came from cookware rather than stove purchases. Indeed, while the high subsidy

raised stove ownership by 23 percentage points, the low subsidy increased stove ownership
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by only 4 percentage points and instead shifted households toward cookware adoption. We
observe large effects in the adoption of induction-compatible cookware, with high and low
subsidy groups adopting at rates of 41% and 25%. Both the information treatments had
negligible standalone effects, and their combinations with subsidies produced results similar
in magnitude to subsidies alone. We follow these results in estimating our parameters in
Section 8. These findings indicate that liquidity constraints, rather than misperceptions, are

the primary barrier to adoption specifically in the Nepal context.

Table B2 breaks up the above finding by the study sample that already owned stoves
at baseline versus those that did not. As may be expected, the group that already owned
electric stoves, use their subsidies to purchase cookware at higher rates (50 % for high subsidy
and 29% for low subsidy), while a very low percentage (statistically indistinguishable from

0) adopted new induction stoves.

7.1.2 Intensive margin: cooking behavior and self reported consumption

Table 5 presents reduced-form estimates of self-reported cooking behavior by treatment arm.
The control group cooks 16 percent of meals using induction stoves and 89 percent using

LPG, consistent with widespread fuel stacking at baseline.

Subsidy treatments lead to economically meaningful shifts toward electric cooking.
Households assigned to the high subsidy arm increase the share of meals cooked with induc-
tion stoves by 6.9 percentage points, while those assigned to the low subsidy arm increase
this share by 8.5 percentage points. These represent increases of roughly 40 to 50 percent
relative to the control mean. Consistent with substitution, the share of meals cooked with
LPG declines by 4.6 percentage points in the high subsidy arm and by 2.5 percentage points

in the low subsidy arm, though the latter is not statistically significant.

Time-use measures tell a similar story. Electric cooking time increases by approximately
17 minutes in the high subsidy arm and 14 minutes in the low subsidy arm. Reductions in
LPG cooking time are more modest and imprecisely estimated for the high subsidy group,
though the low subsidy arm shows a statistically significant decline of roughly 10 min-

utes.
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In contrast, information treatments alone generate small and statistically insignificant
changes in cooking behavior across all outcomes. Neither cost information nor health infor-
mation meaningfully shifts the share of meals cooked with electricity or LPG, nor do they

significantly affect time allocation across fuels.

The combined treatment arms generally exhibit patterns similar to the subsidy-only
arms. For example, the high subsidy combined with health information increases the share
of meals cooked with induction stoves by 9.5 percentage points and reduces the LPG share
by 6.6 percentage points, alongside a 16-minute increase in electric cooking time. However,
these effects are broadly comparable in magnitude to the subsidy-only arms, suggesting that

subsidies, rather than information, are the primary driver of behavioral change.

Taken together, these results indicate that financial incentives translate into meaningful
but partial substitution toward electricity. Households increase electric cooking and reduce
LPG use, yet LPG remains an important fuel, consistent with fuel-stacking behavior observed

in other settings.

7.2 Effects on billed electricity consumption

Next, we turn to examining the billing data obtained from the Nepal Electricity Authority
to examine long-run usage patterns as a result of the intervention. Figure ?? presents
event study estimates of monthly log electricity consumption (December 2023 is the omitted

month). Several patterns emerge.

First, across all treatment arms, the pre-treatment coefficients are tightly centered
around zero and statistically insignificant. There is no evidence of differential pre-trends
or anticipatory effects prior to the intervention, lending support to the identifying assump-

tions underlying the difference-in-differences framework.

Second, sustained increases in electricity consumption are concentrated in the combined
treatment arms rather than in the subsidy-only arms. Households assigned to high subsidy
alone do not exhibit a clear and persistent divergence from the control group over the full

post-treatment horizon. In contrast, the combinations of high subsidy with information
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treatments display a gradual and sustained upward trajectory in electricity consumption
beginning several months after treatment exposure. These effects persist through the end of

the eighteen-month window.

Importantly, the divergence does not appear immediately at the onset of the inter-
vention. Instead, consumption increases gradually over time, suggesting that households

integrate electric cooking progressively rather than instantaneously.

Yet the long-run administrative consumption effects reveal that usage responses are
not mechanically determined by adoption alone. As shown in Table 7?7, subsidy treatments
generated very large increases in adoption, which we do not observe to translate into long-run

usage.

The dynamic patterns reveal that durable increases in electricity consumption emerge
gradually and are driven primarily by a combination of substantial financial incentives
and relevant information interventions. In fact, Column 1 in Table B3 presents aggregate
difference-in-difference estimates and also demonstrates the advantage of exploiting the panel
nature of the dataset. When studied in aggregate, effect sizes appear small and often statis-
tically insignificant. This is partly due to the delayed increase in usage patterns we observe
in the event studies. However, even when studied in aggregate, with short-run and long-run
effects averaged out, we observe large and significant impacts particularly for the sub-group
of our sample who adopt both a stove and cookware. The delayed ramp-up in usage under-
scores the importance of long-run administrative data: short-run adoption measures would
not fully capture the evolving nature of household electricity demand following technology

adoption.

Table 6 breaks up the post-period for the DiD analysis into a short-run (12 months after
the intervention) and a long-run (12-18 months after the intervention), and we clearly observe
large and statistically significant impacts in the long-run for the combination treatment of

cost information and high subsidy.

Taken together, these results highlight a central contribution of the paper. Much of

the adoption literature focuses on whether households acquire new technologies. Our results
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show that adoption and sustained usage can diverge, and that long-run administrative con-
sumption data provide a critical complement to short-run survey measures. In the context
of energy transitions, what ultimately matters for utilities and policymakers is not merely
technology uptake but persistent changes in electricity demand. The administrative panel

allows us to observe precisely these longer-run adjustments.

7.2.1 Heterogeneity by baseline ownership and adopter type

We next turn to heterogeneity in long-run usage patterns for households that adopted either
a stove, cookware or both, post-intervention. Figure 5 presents event study estimates of
treatment effects on log electricity consumption, disaggregated by adopter type. Three pat-
terns emerge. First, increases in long-run electricity use are concentrated among households
that adopt both the induction stove and compatible cookware, with effects that are larger in
magnitude and more persistent than for stove-only or cookware-only adopters. This suggests
that complementary capital, namely the joint ownership of stove and cookware, is critical for
translating adoption into meaningful and sustained usage. Notably, these patterns appear
across nearly all treatment arms for the subgroup that adopts both components. We em-
phasize, however, that these heterogeneity results are suggestive, as adoption is endogenous

and reflects selection into take-up.

Second, high-subsidy arms generate earlier and more sustained increases in consumption
than low-subsidy or information-only treatments, consistent with liquidity constraints lim-
iting both adoption and subsequent intensity of use. Third, households that adopt only one
component exhibit smaller and less stable effects, often characterized by short-lived spikes
rather than durable shifts in consumption. Taken together, the heterogeneity patterns in-
dicate that full technology adoption, rather than partial take-up, drives persistent changes
in electricity demand, and that financial support plays a central role in enabling sustained

behavioral transition.
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8 Estimation of Structural Parameters

The reduced-form results in Section 7 establish three patterns: subsidies sharply increase
adoption, information alone does not, and sustained electricity gains are concentrated in
the combined subsidy-plus-information arms. We now discipline the structural model using
these experimental moments. The adoption equation is identified from variation across
RCT treatment arms; the usage equation is estimated on administrative billing data for
adopters. Full identification arguments and estimation procedures are in Appendix G; here

we summarize the approach and interpret the key estimates (Table 7).

8.1 Adoption

The adoption equation (1) has four parameters: p (subsidy concavity), 6 (taste heterogene-
ity), n (price sensitivity of cooking demand), and p (the subsidy—cost interaction). We
identify them from four treatment arms through a system of moment conditions. The con-
trol group pins down baseline adoption. The information-only arm, which shifts perceived
electricity cost without offering a subsidy, identifies the price sensitivity 1. The high-subsidy
arm and the high-subsidy-plus-information arm jointly identify 6 and vyp from the difference
in adoption responses with and without information. Finally, a grid search over p selects
the concavity that minimizes out-of-sample prediction error on the two held-out arms (low

subsidy and low subsidy + info).

Three features of the estimates are worth highlighting. First, subsidies enter concavely
(p = 0.55): the first NPR 1,000 of discount matters substantially more than the next 2,000.
This has direct implications for subsidy design, because it means that concentrating larger
subsidies on fewer households generates more adoption per rupee than spreading small dis-
counts widely. Second, the subsidy—cost interaction is large and positive (9p = 2.289),
meaning subsidies are roughly three times more effective for households that perceive elec-
tricity as expensive, precisely those who have not received cost information. This interaction
rationalizes the reduced-form finding that combining subsidies with information does not
produce adoption rates much higher than subsidies alone: information lowers perceived cost,

which simultaneously raises the baseline adoption probability but weakens the marginal ef-
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fect of the subsidy. Third, the model fits the data well. Predicted adoption rates match
observed rates across all six treatment arms within 1.5 percentage points, including the
two out-of-sample validation arms (Figure G1). This close fit provides confidence that the

estimated parameters capture the key behavioral margins driving adoption decisions.

8.2 Post-adoption electricity usage

We estimate the usage equation (2) on 16,457 adopter-month observations from Nepal Elec-
tricity Authority billing records, covering 836 adopters across all nine treatment arms over 14
months post-intervention. The estimation uses cluster fixed effects (169 clusters) and stan-
dard errors clustered at the household level. For the learning curve, we perform a grid search

over k£ € [0.01,2.0] and select the rate that minimizes the sum of squared residuals.

The vector X; includes nine baseline characteristics: household size, head age, edu-
cation, homeownership, LPG consumption (kg/month), cooking time, number of electric
appliances, meals cooked on LPG, and baseline stove ownership. These controls serve a
specific purpose in interpreting the preference residual ;. By conditioning on household size
and head age, the residual does not simply reflect larger families cooking more. Controlling
for LPG consumption and meals on LPG rules out that heavy baseline cooks mechanically
use more electricity. Number of appliances and homeownership absorb wealth differences
in baseline electricity demand. Baseline stove ownership accounts for prior familiarity with
induction cooking. Cooking time nets out general cooking intensity, and education controls
for openness to new technology. What remains in 7; after these controls is genuine taste, or

taste-adjacent unobservables, for electric cooking.

Two results stand out from the pooled estimation. First, baseline reliability beliefs
have no detectable effect on post-adoption electricity usage (ST = +0.001, not statistically
significant). This is a substantively important null: it means that households who express
greater concern about power outages do not use less electricity after adopting an electric
stove. The gap between households who adopt and increase electricity usage versus those
who do not is driven by preferences and learning, not by grid concerns. This suggests that

grid reliability investments, while valuable for other reasons, would not by themselves close
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the adoption-to-usage gap.

Second, the pooled learning coefficient is modestly negative (3L = —0.058), suggesting
that on average, adopters’ electricity usage drifts slightly downward over time. But this
pooled estimate masks sharply different dynamics by adopter type, which turn out to be
central to understanding why some treatment arms produce persistent electricity gains while
others do not. We defer the by-type estimates to Section 9, where they form the core of the

composition mechanism.

8.3 Treatment effect heterogeneity

The pooled estimates recover average parameters, but the yx term in the adoption equation
allows household characteristics to moderate subsidy effectiveness. A planner needs to know
which households respond most on the adoption margin and, separately, which translate
adoption into sustained electricity usage. These need not be the same households. We

estimate both dimensions using machine learning methods, with details in Appendix H.

For adoption, we estimate a causal forest (Athey et al., 2019; Wager and Athey, 2018)
that leverages RCT randomization to recover each household’s conditional average treatment
effect 7;.1° A best linear projection of the forest onto standardized covariates yields the vy
coefficients used in the counterfactual targeting exercise (Section 10). For usage, a separate
regression forest predicts each household’s kWh growth g; from baseline characteristics. This
second estimate is predictive, not causal, since there is no experimental variation in usage
intensity conditional on adoption. Splitting at the median of each dimension yields four

household types.

The central finding is that these two margins are nearly orthogonal. The correlation
between 7; and j; is only 0.17: household characteristics predicting strong adoption responses
are largely distinct from those predicting sustained electricity gains (Appendix Table H5).
A program that looks successful by take-up may look quite different by long-run electricity

demand.

15We use the grf package in R (Athey et al., 2019), estimating the causal forest with 4,000 trees and honesty splitting on
N = 1,617 households in subsidy and control arms. The regression forest for electricity usage uses the same package and
settings, trained on 574 treated adopters. See Appendix H for details.
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Figures 8 and 9 characterize the four cells. “Fuel switchers” (High Adopt, High Use)
respond to subsidies and increase consumption (+0.14 log points). They have low prior
stove ownership (18%), higher LPG use (11.6 kg/month), and lower reliability concerns
(6.9/10); 81% are first-time electric cookers (Appendix Table H4). At the other extreme, Low
Adopt, Low Use households have high prior stove ownership (56%) and negative kWh growth,
consistent with equipment replacement. The off-diagonal cells underscore the independence
of the two margins: “equipment replacers” (High Adopt, Low Use) are subsidy-responsive
but do not change cooking behavior, while Low Adopt, High Use households would increase

usage if induced to adopt.

Note that “High/Low Adopt” refers to predicted marginal response to a subsidy (7;), not
adoption level. A household with high baseline adoption propensity may respond little on the
margin, and vice versa. Realized adoption rates in Table H4 therefore do not monotonically

follow the labels (see Appendix H).

These results carry a clear lesson: fuel switchers offer the highest return per subsidy
dollar for genuine fuel switching, because they both respond to incentives and change behav-
ior. Equipment replacers respond but do not increase usage, so targeting on take-up alone
overstates program impact. The near-orthogonality means that evaluating subsidy programs
solely on adoption can be misleading. We return to these tradeoffs in Sections 9 and 10,

where the vx coefficients estimated here become central inputs.

9 Decomposition and Mechanisms

The near-orthogonality in Section 8.3 poses a puzzle: if subsidy-responsive households are not
the same ones who increase electricity usage, what determines which side a given adopter falls
on? The answer traces to the type of adoption each arm induces. Households purchasing the
complete stove-and-cookware bundle follow a fundamentally different trajectory than those
purchasing only one component, and treatment arms differ sharply in the composition of

types they produce.!

16The analyses in this section use all 836 adopters across all nine treatment arms (16,457 adopter-months of billing data).
The CATE analysis in Section 8.3 uses a restricted sample of 1,617 households in subsidy and control arms.
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9.1 Treatment arms induce different adopter types

Treatment arms differ not only in how many households adopt but in the kind of adoption
they generate (Table 8). The information-plus-high-subsidy arm produces the highest rate
of complete adoption: 19.6% of households purchase both stove and cookware, versus 11.4%
for subsidy-only and 3.1% for info-only. Among adopters, nearly a third (30.3%) chose the
complete bundle versus roughly a fifth (20.8%) for subsidy-only. Information combined with
a generous subsidy does not merely push more households over the adoption threshold; it

shifts the margin toward a qualitatively different form of adoption.

This matters because usage responses diverge by type. Most complete adopters in-
crease electricity usage after adoption, while most cookware-only adopters decrease it (Fig-
ure 6), consistent with experimentation that does not persist. Arms producing more complete
adopters generate larger gains not because they produce more adopters, but because those

adopters behave differently.

9.2 Learning curves differ by adopter type

The pooled estimates in Section 8 showed a modest downward drift in usage (5 L = —0.058).
Disaggregating by type reveals sharply different trajectories (Table 7, Panel C; Figure 7).
Complete adopters are the only group whose usage grows with experience (5 L = +0.087),
gradually integrating electric cooking over a slow adjustment (£ = 0.07) still unfolding at 14
months. Cookware-only adopters show rapid reversion (5 . = —0.101, & = 0.95), consistent
with trying new cookware and falling back on LPG. Stove-only adopters show no detectable

trend.

9.3 Connecting household types to learning trajectories

The CATE analysis identified fuel switchers as the highest-return type. The composition
results explain why: 37% purchased the full bundle versus 18% among equipment replacers
(Figure 10). Fuel switchers also have the lowest prior stove ownership (18% vs. 43%) and
81% are first-time electric cookers (Appendix Table H4). Because complete adopters are

the only type with a positive learning curve, this composition difference accounts for their
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sustained electricity gains.

Decomposing predicted usage confirms that composition is the dominant channel. Reli-
ability beliefs contribute nothing (ST ~ 0, not significant). The preference residual ; varies
modestly across types. What separates fuel switchers from equipment replacers is not unob-

served preferences but the type of adoption and the learning trajectory that follows.

A single mechanism traces from treatment design to long-run impact. Information and
high subsidies shift adopter composition toward the complete bundle (p > 0), and complete
adopters are the only group on a positive learning trajectory. This chain from policy design
to composition to learning to sustained demand determines whether a cookstove subsidy

produces lasting fuel switching.

10 Counterfactual Policy Simulations

The decomposition identifies a mechanism from treatment design to long-run impact through
adopter composition. Can a planner who understands this mechanism allocate the same
budget more effectively? We explore this through counterfactual simulations varying the
subsidy level, targeting rule, and intervention form, holding spending fixed at the RCT
budget (B = 2,180,000 NPR). All counterfactuals bundle cost information with the subsidy.
The planner chooses a target set Ny C N and subsidy level s € [0, 1], optimizing the welfare
function in equation (3). Adoption heterogeneity enters through the vx coefficients from the
CATE best linear projection (Section 8.3).!7 The expected usage conditional on adoption,
E[kW h; | adopt], is evaluated at a 24-month horizon using the type-specific learning curves
from Panel C of Table 7, weighted by the adopter-type composition each policy induces.
This means the planner values a complete adopter (who integrates electric cooking) more
than a cookware-only adopter (who reverts toward baseline). Figure 11 reports welfare gains

from eleven policies, normalized to the RCT.

Concentration dominates partial discounts: The budget funds 311 free stoves or an

11% discount for all 2,740 households. The blanket discount achieves only 0.83x the RCT

17The adoption equation implies a § multiplier on «x, but since @ is a scalar it does not affect household rankings; we absorb
it into yx.
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welfare, because 11% barely moves adoption from baseline. Giving free stoves to 311 ran-
domly chosen households achieves 1.51x. Concavity (p = 0.55) means small discounts fall on
the flat part of the response curve while full subsidies push adoption above 85%. The RCT

performed well because it already concentrated high subsidies on a subset of arms.

Observable targeting rules: We consider six rules a government could implement without
a baseline survey or machine learning: targeting households without a prior electric stove
(0.80x), those reporting high grid reliability (0.82x), above-median cooking time (0.89x),
stable grid areas with few outages (0.87x), households with a bachelor’s degree or higher
(1.04x), and top LPG users from administrative records (1.42x). Most of these rules select
large groups (950—-1,800 households), forcing the budget to spread thinly and landing on the
flat part of the concave response curve. Only top LPG users and, marginally, education-
based targeting select groups small enough for meaningful concentration. The lesson is that

targeting on observables helps only when it also concentrates.

CATE targeting: CATE-ranked selection of the 300 most responsive households achieves
1.66x, 10% above the random stove lottery. Targeting top LPG users performs nearly as well
(1.42x). But CATE targeting requires a baseline survey and machine learning infrastructure,
while LPG targeting uses existing administrative data. The incremental gain may not justify
the cost, though the broader lesson that concentration dominates uniform subsidies is robust

across all rules we consider.

Bundle restriction: The stove-plus-cookware package costs more per unit (Kpunge =
10,000 vs. Kgove = 7,000 NPR), so the same budget funds free bundles for 218 randomly
chosen households instead of 311 free stoves. But every bundle adopter follows the positive
learning trajectory (5L = +0.087), whereas unrestricted subsidies produce only about 25%
complete adopters, the rest of whom revert toward baseline (Table 8). The free bundle lot-
tery achieves 1.21x the RCT welfare. At a two-year horizon the usage multiplier for bundle
adopters (1.07) exceeds that for the default composition (0.96). The free stove lottery still
dominates (1.51x) because it serves 50% more households, but the bundle comparison shows
that the quality of adoption matters: the gap between stove and bundle lotteries is smaller

than the difference in headcount.
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Cost-benefit: The free stove lottery provides a concrete benchmark: 311 stoves at NPR 7,000
each, 87% adoption, 272 new electric cooks, program cost NPR 2.18 million (USD 16,400).
Nepal’s government values this program through two strategic channels. First, reduced
LPG import dependence: Nepal imports virtually all LPG from India, and each adopter
who displaces even half a cylinder per month saves roughly NPR 11,000 per year in foreign
exchange.'® Second, increased utilization of surplus hydropower: the Nepal Electricity Au-
thority gains revenue from incremental cooking load at near-zero marginal cost on existing
infrastructure. Under conservative assumptions about partial displacement, combined im-
port savings and electricity revenue approach break-even within approximately one year, even
before counting the roughly 130 tonnes of CO, avoided annually. Two caveats apply in op-
posite directions. Our RCT’s low treatment intensity could not measure adoption spillovers,
which could amplify impacts at scale. Conversely, a large rollout may face supply-side con-
straints such as stove shortages or price increases, and fully subsidized recipients may value

and use their stoves less intensively than households that invest their own resources.

11 Conclusion

Electrification of household end uses is increasingly central to strategies for reducing carbon
dioxide emissions, improving indoor air quality, and enhancing energy security. In contexts
where households rely on imported gas for cooking, shifting to electricity offers the dual
benefits of cutting CO, emissions and mitigating health risks, while also reducing vulner-
ability to supply shocks. Nepal provides a particularly compelling case: nearly all of its
electricity is generated from renewable hydropower, and recent investments have alleviated
the chronic load-shedding that once constrained adoption. As the government seeks both to
expand electricity consumption and to reduce dependence on imported LPG, the key policy

question becomes how best to spur adoption and sustained use of electric cooking.

Using a large-scale randomized controlled trial, we show that the binding constraint for

adoption is upfront cost, consistent with a broad literature on technology subsidies. A 50%

18Based on Nepal Oil Corporation import prices of approximately NPR 130 per kg for LPG. A standard 14.2 kg cylinder at
50% displacement yields 85 kg per year in avoided imports.
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subsidy increases stove adoption by 53 percentage points, while information treatments alone
have no effect. Second, adoption and sustained use are governed by different mechanisms.
The households most responsive to subsidies are not the same ones who translate adop-
tion into lasting increases in electricity demand. The structural model reveals why: only
households purchasing both the stove and compatible cookware follow a positive learning
trajectory. Treatment arms that combine information with subsidies produce disproportion-
ately more of these complete adopters, which is why they alone generate sustained electricity
gains. Third, concentrating large or full subsidies on fewer households dominates spreading

thin discounts widely, raising welfare by 51% over the experimental design.

These findings carry a concrete policy implication. Nepal’s government aims for 25% of
households to adopt electric cooking by 2030. Our estimates suggest this goal is achievable
with concentrated subsidies at modest fiscal cost, but only if programs are designed to induce
complete adoption rather than piecemeal equipment purchases. A blanket subsidy program
that maximizes adoption counts will look successful on paper while failing to shift long-run

electricity demand.

There are several avenues for future work to explore. Our 14-month post-intervention
billing panel cannot determine whether the positive learning trajectory of complete adopters
eventually levels off or continues to grow. The welfare simulations hold macro parameters
fixed while in practice, large-scale adoption could strain grid capacity. Finally, our sample
is urban and peri-urban, and bounds the extent to which we can generalize these findings to

rural areas.
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Figure 1: Timeline of surveys and key activities



Figure 2: Spatial spread of households by subsidy treatment group
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Figure 3: Spatial spread of households by information treatment group
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Figure 4: Event Study Estimates of Treatment Effects on Log Electricity Consumption

0.35 i i 0.354
i i
S 0.251 i i S 0254
S 0.151 ! ! S 0.5
£ | | T
$ | | :
b i i @ 0051
H ; H
< i I <
g i i g -0.05-
i i
© ) N L) © o K K
Months Relative to Treatment Months Relative to Treatment
(a) High Subsidy Only (b) Low Subsidy Only
0.35 1 1 0.357
< o025 i i < 0.5
£ | | g
S 0151 ! ! S 0.151
| |
@ 005 ! ! < 0.057
£ | Tl i1l g
< i | <
& -0.05q | | € -0.05-
i i
0154, ‘ L i ‘ ‘ ‘ -0.15+
° > N > © ° K3 K
Months Relative to Treatment Months Relative to Treatment
(c) Cost Information Only (d) Health Information Only
0.35 0.354
< 0.251 < o254
3 0.5 8 0154
< 0.054 < 005
< ¢
& -0.05 & -0.051
-0.15 -0.15-
l Months Relative to Treatment Months Relative to Treatment
(e) Cost Information & High Subsidy (f) Cost Information & Low Subsidy
0.35 0.354 i i
I I
S 0.251 < o254 i i
g H : :
§ 0.154 § 0.154 i i
2 z I I
3 £ | :
? 0.057 < 0.059 ! !
< = | |
< N S ! N33t
& -0.05q & -0.05- | |
i i
F: © 3 ° > © ° & K
Months Relative to Treatment Months Relative to Treatment
(g) Health Information & High Subsidy (h) Health Information & Low Subsidy

Notes: This figure plots event study estimates of the effect of treatment arms on log electricity consumption (three-month
centered moving average), based on Equation (5). Each panel dompares a specific treatment arm relative to the control group.
The reference period (omitted category) is December 2023. Vertical red dotted lines indicate the intervention window.
Standard errors are clustered at the household level. Whiskers represent 95% confidence intervals.



Figure 5: Event Study Estimates on Log Electricity Consumption by Adopter Type
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moving average), based on Equation (5). The columns display heterogeneity by adoption type relative to the control group:
Column 1 includes treated households who adopted only electric stoves; Column 2, those who adopted only compatible
cookware; and Column 3, those who adopted both. The reference period is December 2023. Vertical red dotted lines indicate
the intervention deployment period. Standard errors are clustered at the household level. Whiskers represent 95% confidence
intervals.



Figure 5: Event Study Estimates
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Figure 6: Change in Post-Adoption Electricity Usage by Adopter Type

Notes: Stacked bars show the percentage of adopters in each type who increased versus decreased or maintained their total
billed electricity usage, measured as A log(kWh) between months 0—2 and months 12-14 post-intervention. Electricity data are
from Nepal Electricity Authority administrative billing records and capture total household consumption, not cooking alone.
Complete = purchased both stove and induction-compatible cookware; Cookware Only = cookware without stove; Stove Only
= stove without cookware. N = 754 adopters with matched billing data across all treatment arms (control excluded).
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Figure 7: Post-Adoption Electricity Trajectories by Adopter Type

Notes: Points show monthly mean log(kWh) by months since intervention, separately for each adopter type. Solid lines
show fitted values from the usage equation (2), estimated separately by type via OLS with cluster fixed effects (169 clusters)
and standard errors clustered at the household level. The learning curve g(t) = 1 — e~** is estimated by grid search over
K € [0.01,2.0]. Electricity data are from Nepal Electricity Authority billing records and capture total household consumption,
not cooking alone. Complete = stove + cookware (N = 196); Cookware Only = cookware without stove (N = 394); Stove Only
= stove without cookware (N = 246). Total: 836 adopters, 16,457 adopter-months.
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Figure 8: Baseline Household Characteristics by Predicted Household Type

Notes: Each point shows the cell-level mean for the indicated baseline characteristic, normalized to the sample mean and
standard deviation. Household types are defined by median splits on the causally estimated adoption treatment effect 7; (causal
forest) and predicted kWh growth g; (regression forest) across N = 1,617 households in subsidy and control arms. Circles denote
the adoption response dimension; diamonds denote the electricity usage growth dimension. Green indicates above-median and
red indicates below-median predicted response. The vertical dotted line marks the sample mean. All covariates are from the
baseline household survey.

Low Adopt, High Use

Low Adopt, Low Use

High Adopt, High Use

High Adopt, Low Use

Num. Appliances Reliabilty Concern Cooking Time (hrs) Meals on LPG LPG (kg/month)
o® oe o® o o
o< €0/ oo oo oo
[ o d (2 4 {1 4 4 4 (4 4
o> o> o> o> o«

-05SD Mean +0.5SD

-05SD Mean +0.5SD

-0.5SD Mean +0.5SD

-05SD Mean +0.5SD

-0.5SD Mean +0.5SD

Circle = Adoption  Diamond = Electricity =~ Solid green = High  Hollow red = Low

Figure 9: Energy and Targeting Covariates by Predicted Household Type

Notes: Each point shows the cell-level mean for the indicated energy or targeting variable, normalized to the sample mean and
standard deviation. Household types are defined by median splits on the causally estimated adoption treatment effect 7; (causal
forest) and predicted kWh growth ¢; (regression forest) across N = 1,617 households in subsidy and control arms. Circles denote
the adoption response dimension; diamonds denote the electricity usage growth dimension. Green indicates above-median and
red indicates below-median predicted response. The vertical dotted line marks the sample mean. All variables are from the
baseline household survey.
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Figure 10: Adopter Composition by Predicted Household Type

Notes: Stacked bars show the share of adopters in each predicted household type who purchased the complete bundle (stove
+ cookware), cookware only, or stove only. Household types are defined by median splits on the causally estimated adoption
treatment effect 7; (causal forest) and predicted kWh growth ¢; (regression forest). Adoption type is from the endline survey.
N = 656 adopters with matched billing data in subsidy and control arms (N = 1,617 households).
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Figure 11: Counterfactual Welfare Gains under Alternative Subsidy Designs

Notes: Each bar shows the welfare gain from the planner’s objective (3), relative to the RCT design (normalized to 1),
across N = 2,740 households. The budget equals actual RCT subsidy spending (B = 2,180,000 NPR). All counterfactual
policies bundle cost information with the subsidy (P = 0.85). Adoption probabilities are from the structural equation (1)
with household-level heterogeneity from causal forest BLP coefficients (7x). “Free stove (CATE)” gives free stoves to the 300
households with the highest predicted adoption response. “Free stove (random)” and “Free bundle (random)” are lotteries:
divide the budget by the unit cost, randomly select that many households, and give them the item free. The “stove” is the
induction stove alone (Kstove = 7,000 NPR, 311 winners); the “bundle” is the stove plus compatible cookware (Kpundie = 10,000
NPR, 218 winners), which guarantees all adopters are complete adopters with positive learning trajectories. Observable rules
target on baseline characteristics: no prior stove ownership, high grid reliability (below-median outage worry), top LPG users
(administrative data), bachelor’s degree or higher, above-median cooking time, and below-median monthly outage frequency.
For each targeting rule, the planner optimizes the subsidy level s (and for LPG, CATE, and random, also the number of
recipients). Each adopter’s contribution is weighted by expected electricity usage at a 24-month horizon, based on the adopter-
type composition each policy induces and the type-specific learning curves from Panel C of Table 7. Planner parameters:
6 = 5,000, A = 2,000, ¢ = 1.0.
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Tables

Table 1: Summary Statistics

Mean S.D.  Min Max N
Prop. with smart meter 0.69 0.46 0 1 2740
Cash/Cheque for Elec. Bill 0.37 0.48 0 1 2740
Credit for Elec. Bill 0.63 0.48 0 1 2740
Know Most Recent Elec. Expense 0.97 0.18 0 1 2740
Recent Elec. Expense (NPR) 2090.24 2816.51 14 60000 2652
Know Most Recent Elec. Consumption 0.54 0.50 0 1 2740
Recent Elec. Consumption (KWh) 20391 26847 0 7189 1479
Avg. Elec. Outages (per week, Normal Months)  1.26 2.33 0 21 2685
Avg. Elec. Outages (per week, Bad Months) 5.52 4.58 0 30 1803
Voltage Fluctuation in 12 Months 0.33 0.47 0 1 2740
Elec. Fluctuation > Once/Week 0.08 0.26 0 1 836
Appliance for Voltage Fluctuation 0.20 0.40 0 1 2740
Prop. that heat house 0.33 0.47 0 1 2740
Prop. with AC 0.03 0.16 0 1 2740
# of light bulbs per HH 21.78 15.23 1 223 2740
# of EE bulbs per HH 20.83 15.04 0 223 2740
# of Elec. appliances per HH 16.95 7.29 1 65 2740
Prop. with fan 0.84 0.37 0 1 2740
Prop. with fridge 0.89 0.32 0 1 2740
Prop. with rice cooker 0.42 0.49 0 1 2740
Prop. with pressure cooker 0.01 0.08 0 1 2740
Prop. with induction stove 0.35 0.48 0 1 2740
Prop. with microwave 0.31 0.46 0 1 2740
Prop. with washing machine 0.48 0.50 0 1 2740
Prop. with AC 0.03 0.17 0 1 2740
Prop. with kettle/pot 0.64 0.48 0 1 2740
Prop. with an EV 0.03 0.16 0 1 2740
Hours spent on cooking (last week) 13.50 5.41 0 44 2716

Notes: The variables used to generate this table are from the baseline survey.
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Table 2: Household Random Assignment by Treatment

Subsidy Treatments

High Low No Info treatment
Info Treatments (3000 NPR) (1000 NPR) subsidy totals
Induction 195 181 576 952
Cooking Costs
Induction 191 201 585 977
Cooking Health
No Info 184 196 585 965
Column totals 570 578 1746 2894

Notes: The information treatments and the subsidy treatments wee cross randomized. Each cell depicts the
number of households randomly assigned to that combination of treatments. A total of 2,894 households were
randomized across groups. This is from the 2,985 households surveyed in 2023 that consented to participate in
the RCT.
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Table 3: Baseline balance across treatment groups

(1) (2) (3) (4) (5) (6) (7) (8) (9)
High Subs- Low Subs- No Subs- High Subs- Low Subs- No Subs-  High Subs- Low Subs- No Subs-
Cost Info Cost Info  Cost Info Health Info Health Info Health Info No Info No Info No Info

Household size 4.61 4.28 4.34 4.31 4.24 4.35 4.26 4.49 4.42
(.1572) (.1353) (.0878) (.1431) (.1394) (.0876) (.1375) (.151) (.0875)
[0.29] [0.39] [0.55] [0.54] [0.29] [0.56] [0.34] [0.69]

HH head has 0.20 0.16 0.20 0.19 0.18 0.20 0.20 0.20 0.20

no education (.0296) (.0282) (.0174) (.0294) (.0281) (.0169) (.03) (.0296) (.017)
[0.92] [0.25] [0.91] [0.82] [0.54] [0.96] [1.00] [0.92]

HH head has 0.17 0.20 0.20 0.17 0.18 0.19 0.19 0.20 0.19

higher education (.0274) (.0308) (.0174) (.0281) (.0278) (.0167) (.0294) (.0296) (.0166)
[0.46] [0.71] [0.63] [0.56] [0.65] [0.91] [0.99] [0.83]

House has smart 0.70 0.69 0.70 0.69 0.67 0.69 0.69 0.69 0.68

meter installed (.0336) (.0353) (.0198) (.0345) (.0344) (.0196) (.0348) (.0343) (.0198)
[0.51] [0.74] [0.39] [0.76] [0.83] [0.75] [0.83] [0.73]

Electric cooking 0.55 0.53 0.54 0.52 0.61 0.52 0.55 0.53 0.58

appliances # (.0575) (.0608) (.032) (.0568) (.0586) (.0304) (.0572) (.0544) (.0334)
[0.69] [0.46] [0.37] [0.40] [0.69] [0.17] [0.63] [0.41]

Owns induction 0.27 0.28 0.27 0.30 0.31 0.29 0.27 0.26 0.31

cookstove (.0328) (.0343) (.0193) (.0341) (.0338) (.0191) (.0332) (.0328) (.0196)
[0.39] [0.48] [0.24] [0.83] [0.97] [0.48] [0.31] [0.26]

Houses # 186 172 535 181 188 560 179 182 557

Notes: The standard errors are in parentheses and p-values of the difference between the treatment and control in square brackets. Column 9 is the pure control group.



Table 4: Treatment Effect on Extensive Margin

(1)

(2)

3)

Adoption Bought Ind. Induction
b Compatible Cookware Stove
High Subsidy 0.529*** 0.413%** 0.230***
(0.0358) (0.0324) (0.0301)
Low Subsidy 0.270%** 0.245%** 0.0439
(0.0356) (0.0322) (0.0300)
Cost Info. 0.0210 0.00347 0.0279
(0.0252) (0.0228) (0.0212)
Health Info. 0.0153 -0.000452 0.0174
(0.0249) (0.0225) (0.0210)
High Subsidy & Cost Info. 0.471%** 0.394%** 0.192%**
(0.0353) (0.0319) (0.0297)
Low Subsidy & Cost Info. 0.237*** 0.259*** 0.0399
(0.0364) (0.0329) (0.0306)
High Subsidy & Health Info.  0.532*** 0.413*** 0.321***
(0.0357) (0.0322) (0.0300)
Low Subsidy & Health Info. 0.273%** 0.277*** 0.0610**
(0.0351) (0.0318) (0.0296)
Constant 0.147*** 0.0844*** 0.0880***
(0.0177) (0.0160) (0.0149)
Observations 2740 2740 2740

Notes: All dependent variables are dummies. Bought induction compatible cookware indicates if the household reported buying
induction compatible cookware in the last 6 months before the endline interview. Induction stove indicates if the household
reported buying an induction stove. The variable adoption combines both of the previous variables (i.e. indicates adoption of
either cookware or induction stove). Significance at 1%, 5% and 10% are indicated by ***, ** and *, respectively.
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Table 5: Treatment Effect on Cooking Behavior (OLS)

(1) (2) (3) (4)
% of Meals % of Meals Elec. LPG

with induction with LPG Time Cooking  Time Cooking

stove stove
High Subsidy 0.0694** -0.0461** 17.39%%* -7.340
(0.0292) (0.0210) (5.038) (4.703)
Low Subsidy 0.0853*** -0.0247 14.27%%* -9.978%*
(0.0290) (0.0209) (5.006) (4.674)
Cost Info. 0.0145 -0.0160 3.852 -0.758
(0.0206) (0.0148) (3.550) (3.319)
Health Info. 0.0310 -0.0241 0.207 -3.152
(0.0203) (0.0147) (3.509) (3.278)
High Subsidy & Cost Info. 0.0922%*** -0.0406* 13.72%%* -6.416
(0.0288) (0.0207) (4.966) (4.645)
Low Subsidy & Cost Info. 0.0385 -0.0511%* 7.393 -7.595
(0.0296) (0.0214) (5.115) (4.786)
High Subsidy & Health Info. 0.0954*** -0.0655%** 16.06%** -8.226%*
(0.0291) (0.0209) (5.017) (4.683)
Low Subsidy & Health Info. 0.0403 -0.0248 10.24** -6.339
(0.0287) (0.0207) (4.946) (4.636)
Constant 0.159%** 0.887*** 47.72%** 120.0%***
(0.0144) (0.0104) (2.485) (2.321)
Observations 2740 2740 2740 2731

Notes: The table presents OLS estimates of treatment effects on cooking behavior outcomes. The outcome variables are (1)
percentage of meals cooked with an induction stove, (2) percentage of meals cooked with a LPG stove, (3) time spent cooking
in minutes on an average day using electric appliances, (4) time spent cooking in minutes on an average day using a LPG stove.
Significance: * % * p < 0.01, ** p < 0.05, * p < 0.10.
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Table 6: Treatment Effects on Log(kWh) by Adopter Type - Short-run vs Long-run

(1) @) 3) (4) (5) (6) (1) (8)
Log(kWh) Log(kWh) Log(kWh) Log(kWh) Log(kWh) Log(kWh) Log(kWh) Log(kWh)
High Subsidy -0.0295 -0.000868 -0.0509 0.00211 -0.0772 -0.0515 0.0610 0.125*
(0.0246) (0.0307) (0.0326) (0.0633) (0.0528) (0.0468) (0.0616) (0.0669)
Low Subsidy 0.00240 0.0315 -0.0552 0.0313 -0.0369 -0.0613 0.141%** 0.137
(0.0202) (0.0278) (0.0847) (0.0728) (0.0326) (0.0435) (0.0533) (0.0864)
Cost Information -0.0182 0.0143 0.000741 0.0522 -0.0404 0.0248 0.111** 0.173***
(0.0138) (0.0210) (0.0271) (0.0407) (0.0427) (0.0493) (0.0467) (0.0607)
Health Information -0.0161 0.00879 0.0458 0.117** 0.00807 0.0455 0.122 0.141
(0.0147) (0.0228) (0.0417) (0.0474) (0.0491) (0.0622) (0.0811) (0.137)
Cost Info & High Subsidy 0.00471 0.0744** -0.0453 0.0279 0.0142 0.0959* 0.0637** 0.154**
(0.0263) (0.0358) (0.103) (0.110) (0.0363) (0.0521) (0.0298) (0.0609)
Cost Info & Low Subsidy -0.00860 0.0239 -0.0143 0.113** -0.0135 -0.0129 0.0881 0.0794
(0.0190) (0.0281) (0.0340) (0.0518) (0.0297) (0.0423) (0.0721) (0.0882)
Health Info & High Subsidy 0.0118 0.0418 0.0125 -0.0214 0.0320 0.113* 0.0338 0.0820
(0.0220) (0.0321) (0.0423) (0.0672) (0.0511) (0.0607) (0.0371) (0.0604)
Health Info & Low Subsidy 0.00580 0.0149 0.103** 0.129** 0.0150 -0.00283 0.0408 0.121**
(0.0182) (0.0247) (0.0406) (0.0654) (0.0377) (0.0413) (0.0382) (0.0480)
Observations 63894 45163 18730 13245 21611 15278 17169 12141
Period Short-run Long-run Short-run Long-run Short-run Long-run Short-run Long-run
Adopter Type Full Sample Full Sample Stove Stove Cookware Cookware Complete Complete
Num. Households 2698 2698 791 791 913 913 725 725
Household FE Yes Yes Yes Yes Yes Yes Yes Yes
Month-Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: The pre-treatment period spans January—December 2023. Short-run and long-run post-treatment periods cover Jan-
uary—December 2024 (12 months) and January—May 2025 (5 months), respectively. The outcome variable is winsorized log
electricity consumption (kWh). Columns 1-2, 3-4, 5-6, and 7-8 present estimates for the full sample, stove-only adopters,
cookware-only adopters, and complete adopters, respectively. Within each pair, odd columns report short-run effects and even
columns report long-run effects. A common pure control group is included across all specifications. All regressions include
household and month-year fixed effects. Standard errors are cluster at the household level. Significance levels: * p < 0.10, **

p < 0.05, *** p < 0.01.
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Table 7: Structural Parameter Estimates

Panel A: Adoption equation (1) — identified from RCT

Parameter  Description Estimate Identification
p Subsidy concavity 0.55 Grid search (min. OOS error)
0 Taste heterogeneity 1.207 Sub. x info system
n Price sensitivity 0.412 Info-only arm
Yp Sub. X cost interaction 2.289 Sub. x info system
Model fit Observed Predicted

Control 0.147 0.147

Low subsidy ' 0.418 0.403

High subsidy 0.676 0.676

Info only 0.165 0.165

High sub. + info 0.648 0.648

Low sub. + infof 0.403 0.401
Panel B: Usage equation (2) — from billing panel

Estimate Identification

b Reliability
i Learning rate (pooled)
o1, Learning coeff. (pooled)

40.001 (0.009)
1.26

—0.058 (0.014)

Cross-sectional
Grid search
Within-HH time path

Panel C: Learning curve by adopter type

& 5L (SE)
Complete (stove + cookware), N = 196 0.07 +0.087 (0.043)**
Cookware only, N = 394 0.95 —0.101 (0.021)***
Stove only, N = 246 1.27 —0.040 (0.028)

Notes: Panel A: N = 2,740; subsidy normalized by K = NPR 7,000; info shifts P: 1 — 0.85. { = out-
of-sample. Panel B: 16,457 adopter-month obs. (836 HHs), cluster FE (169 clusters), SEs clustered at
HH level. g(t) = 1—e~*%; k from grid search over [0.01,2.0]. Panel C: separate estimation by adopter
type. Complete = purchased both stove and induction cookware; Cookware only = cookware without
stove; Stove only = stove without cookware. **p < 0.05; ***p < 0.001. Billing data is total household

electricity.

Table 8: Adopter Composition by Treatment Arm

Info Only Sub Only

Info + Low Sub

Info + High Sub

Total HHs 1,095
Adopters 181
Adoption rates (% of HHs)
Adoption (stove or cookware or both) 16.5
Complete adoption (stove + cookware) 3.1
Among adopters (%)
Complete adoption (stove + cookware) 18.8
Cookware only 33.1
Stove only 48.1

361
197

54.6
11.4

20.8
54.8
24.4

360 367
145 238
40.3 64.9
9.4 19.6
23.4 30.3
64.1 45.0
12.4 24.8

Notes: Adoption is defined as purchasing an electric induction stove, cookware, or both by the endline sur-
vey. Complete = purchased both stove and induction-compatible cookware. Adopter type shares (among
adopters) sum to 100% within each arm. Each column pools across cost- and health-information variants
of the corresponding treatment. Sample: all treatment arms excluding control (N = 2,183 households).
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Appendix

A Additional Details on Structural Model

This appendix provides additional derivations and assumptions underlying the structural
model presented in Section 3 of the main text. We expand on the household problem, the
adoption equation, and the social planner’s problem to make clear how each functional form
arises.

A.1 Household Problem

Each household i in group ¢ chooses between two cooking modes, LPG (m = L) and elec-
tricity (m = E), and an intensity of use T},,. Utility has three components: (i) consumption
utility net of perceived costs, (ii) transfers from subsidies if applicable, and (iii) idiosyncratic
taste shocks:

log Uipmg = log Cy,g + log Syg + loge;. (1)

Consumption utility. We assume consumption utility is
Cmg = T,Zg - ng ng7 (2)

where P, is the perceived unit cost of cooking (monetary cost plus any perceived health
costs) and n € (0,1) governs the curvature.
The household chooses T},,, to maximize C,,,. Taking the FOC:

OCrny
0T g

=0T — Py = 0. (3)

Solving gives the optimal intensity of use:

1

* n 1=n
T = = ) 4
. (ng) (4)

Indirect consumption utility. Plugging 77, = back into C),, yields indirect consumption

utility:
. n o\ n o\
Cmg:"(za—m) = Fno (P—mg) | ®)

This simplifies to



N 1
where 7 = nl-7 — nl-7 is a positive constant that normalizes consumption utility.

Transfers Transfers from subsidies are denoted S,,,. For LPG, S, = 1. For electricity,
subsidies enter concavely and may interact with household and group characteristics:

log SEg = Sl])_«?g(l + P PE‘g +x Xg + 74 A—i,g)a (7)

with p € (0,1) capturing concavity of subsidy value.

Indirect utility Indirect utility for household ¢ from choosing mode m is then

—-n

Ving = ﬁpnlm;n Smg- (8)

The full utility is Uing = Vingei-

A.2 Adoption Equation

Distributional assumption We assume the idiosyncratic shocks ¢; are drawn from a
Fréchet distribution with shape parameter # > 0. This is a standard assumption in random
utility models because it yields tractable choice probabilities. In particular, the “logit trick”
implies:
Vi Vi
Pr(m = E) :9—99, Prim=1) = —(—2—
Vi, +Vig

(9)

Adoption share Thus the adoption share of electricity is

0
TEy = _ Vi, (10)
Vi +VE,
Taking the odds ratio:
0
"By _ (VEQ) . (11)
1-— 7rEg VLg

-1
Since Vi, =1 and Vg, = ﬁPElg_" SEg, the ratio simplifies to

—n 6
"By _ (Pg;"SEg> . (12)

1—7TEg

Log-odds form Taking logs, we obtain the estimating equation for adoption:

T 0
log 1 _E;]E = — 177_ 7 log Pgy + QSPEQ + QVP(SpEgPEg) + 6’7x(8pEng) + QVA(s%gA_iyg). (13)
g
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Equation (13) highlights the roles of perceived costs, subsidies, and heterogeneity in
determining adoption probabilities.

A.3 Electricity Usage Decomposition

The adoption equation determines which households take up the stove. Among adopters,
what matters for policy is whether and how much electricity usage changes. This subsection
details the decomposition of post-adoption usage introduced in equation (2).

From adoption to usage. Among adopters, electricity usage for cooking is governed by
optimal cooking time T = (n/P;)"/0=" where Py is the effective perceived cost of electric
cooking. Total billed electricity for cooking is kW h§*% = T}, with a converting cooking
hours to kilowatt-hours.

Estimating equation. The reduced-form estimating equation for electricity usage among
adopters is:
log kWhiy = a+ 6, R; + 01, g(t) + X[y + e + €, (14)

where R; is baseline reliability belief (Likert 1-10), g(t) = 1 — e *" is the learning curve with
t months since intervention, X; includes nine baseline household characteristics (household
size, head age, higher education, homeownership, LPG consumption, cooking time, number
of electric appliances, meals cooked on LPG, and baseline stove ownership), and .. is a cluster
fixed effect (169 clusters). Standard errors are clustered at the household level. Billing data
captures total household electricity, not just cooking kWh.

Estimation proceeds in two steps. First, a grid search over x € [0.01,2.0] (step 0.01)
computes g.(t) = 1 — e " for each candidate and estimates equation (14) by OLS with
cluster fixed effects; the x minimizing SSR is selected. Second, we report the coefficients at
the optimal k.

Identification. FEach parameter draws on a distinct source of variation. The reliability
coefficient 9, comes from cross-sectional variation in baseline beliefs among adopters: com-
paring two households observed at the same month since adoption, one with high outage
concern and one with low, the difference in electricity usage after controlling for observables
identifies 6. Because the RCT randomizes subsidy receipt independently of baseline beliefs,
adoption timing does not confound this comparison.

The learning parameters x and oy are identified from the within-household time path
of billed electricity. With monthly observations from month 0 through 14, the trajectory
shape pins down x (convergence speed) and d;, (direction and magnitude). The sign of §;, is
unrestricted: d; > 0 indicates usage grows with experience, §; < 0 indicates reversion after
initial experimentation.

Preference residual. The residual 7, = T; ' 3", ¢ is the time-averaged residual from
equation (14), capturing household-level electricity demand after accounting for reliability,
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learning, and observables. Because X; controls for income, appliance ownership, and house-
hold size, a large positive 7;°® reflects genuinely high intrinsic demand rather than economic
constraints. Note the sign convention: in the cost equation (2), high v; means high perceived
cost (low demand), while in the kWh regression a positive residual means high usage. We
follow the cost-equation convention in the main text, where low v; indicates strong demand
for electric cooking.

A.4 Social Planner’s Problem

The social planner chooses subsidy levels sg, and information treatments Iy, I gg to maxi-
mize aggregate welfare. Higher electricity use reduces reliance on LPG and improves health,
but additional electricity demand is not costless when generation or distribution capacity is
constrained. The planner therefore internalizes the marginal social cost of supplying elec-
tricity as well as the fiscal cost of subsidies.

The planner’s objective is:

h
gl 1%,

max Z Uy —0KWhgy, — M1 — 7py) — (spy + 1/152Eg)> (15)

where 0 is the marginal social cost of supplying electricity when capacity is constrained, A
captures the social cost of continued LPG reliance, and 1 reflects the marginal cost of public
funds.

Billed electricity consumption. Total long-run billed electricity consumption is:
KWhgy = K + mp,aTh, + mpy(Hy — 1)K}, (16)

where Kg is baseline electricity demand and H, is the post-adoption electrification factor
defined in the main text.

Expanded formulation. Substituting the expressions for indirect utility and billed elec-
tricity, the planner’s problem can be written as:

1/6

0
i/
max 7 || Pg " Sy | +1 (17)
$Bg L5y g
(i) Househol?lr option value
- § KWhg, (18)
—_———

(ii) Capacity-constrained supply cost
— Ml —7g)n (19)
~———
(iii) LPG dependence
— (spg +¥sg,). (20)
N—————

(iv) Subsidy cost

v



First-order condition with respect to sg,. Differentiating with respect to sg4:

(9W aﬂ'Eg _ % " 0 _
= iPg," — 6 (aTh, + (Hy — 1)K])) + Aij| — (1 + 2¢psg). (21)

OsEg 8SE9

The optimal subsidy balances three forces: the welfare gain from increasing adoption, the
marginal social cost of additional electricity demand under capacity constraints, and the
fiscal cost of public funds.



ONLINE APPENDIX

B Additional Tables

Table B1: Treatment Effect by Type of Intervention

(1) (2) (3)

Adopti Bought Ind. Induction
option Compatible Cookware Stove
Only Subsidy 0.398*** 0.328*** 0.136***
(0.0286) (0.0256) (0.0241)
Only Subsidy & Information — 0.380*** 0.337*** 0.154***
(0.0239) (0.0214) (0.0201)
Only Information 0.0181 0.00146 0.0225
(0.0221) (0.0197) (0.0186)
Constant 0.147*** 0.0844*** 0.0880***
(0.0180) (0.0161) (0.0151)
Observations 2740 2740 2740

Notes: This table presents estimates of the treatment effects on adoption variables using reduced-form regressions with compressed treatment arms. ”Subsidy” indicates
treatment groups that received subsidies (both high and low subsidy arms combined). ”Subsidy & Information” indicates treatment groups that received both subsidies and
information treatments (cost or health information combined with subsidies). ”Information” indicates treatment groups that received only information treatments without

subsidies. The dependent variables are dummies that indicate: (1) purchase of an induction stove or induction compatible cookware, (2) purchase of induction-compatible
cookware, and (3) purchase of an induction stove. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B2: Treatment Effect on Extensive Margin by Baseline E-Stove Ownership

1 2) ®3) (4) () (6)

Adonti Bought Ind. Induction Adopti Bought Ind. Induction
option Compatible Cookware Stove option Compatible Cookware Stove
High Subsidy 0.534*** 0.372%** 0.326*** 0.520%*** 0.506*** 0.0205
(0.0428) (0.0366) (0.0403) (0.0646) (0.0619) (0.0370)
Low Subsidy 0.241%%* 0.204%** 0.0690 0.305%** 0.286%** 0.0220
(0.0449) (0.0384) (0.0422) (0.0587) (0.0562) (0.0336)
Cost Info. 0.0429 0.0255 0.0385 -0.0210 -0.0448 0.0182
(0.0309) (0.0264) (0.0291) (0.0435) (0.0417) (0.0249)
Health Info. 0.0199 0.0150 0.0140 0.00411 -0.0348 0.0282
(0.0303) (0.0259) (0.0285) (0.0435) (0.0417) (0.0249)
High Subsidy & Cost Info. 0.474%** 0.395*** 0.253*** 0.458*** 0.373*** 0.115%**
(0.0444) (0.0379) (0.0417) (0.0584) (0.0559) (0.0334)
Low Subsidy & Cost Info. 0.227*%* 0.258%** 0.0534 0.252%%* 0.256*** 0.0179
(0.0442) (0.0378) (0.0416) (0.0634) (0.0607) (0.0363)
High Subsidy & Health Info. 0.550%** 0.407*** 0.392%** 0.497%** 0.443*** 0.138%**
(0.0421) (0.0360) (0.0395) (0.0665) (0.0637) (0.0380)
Low Subsidy & Health Info. 0.232%** 0.240%** 0.0771* 0.340%** 0.332%** 0.0404
(0.0432) (0.0370) (0.0406) (0.0602) (0.0577) (0.0344)
Constant 0.130*** 0.0459** 0.116*** 0.182*** 0.160%** 0.0321*
(0.0213) (0.0182) (0.0200) (0.0312) (0.0299) (0.0179)
Observations 1767 1767 1767 973 973 973
Owned estove at baseline No No No Yes Yes Yes

Notes: The dependent variables are dummies that indicate: (1) purchase of an induction stove or induction compatible cookware, (2) purchase of induction-compatible cookware,
and (3) purchase of an induction stove. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01.



Table B3: Treatment Effects on Log(kWh) by Adopter Type

(1) ) 3) (4)
Log(kWh)  Log(kWh) Log(kWh) Log(kWh)
High Subsidy -0.0212 -0.0352 -0.0695 0.0793
(0.0245) (0.0369) (0.0482) (0.0606)
Low Subsidy 0.0109 -0.0299 -0.0440 0.139**
(0.0207) (0.0797) (0.0321) (0.0551)
Cost Information -0.00863 0.0162 -0.0213 0.128***
(0.0144) (0.0290) (0.0409) (0.0493)
Health Information -0.00902 0.0665 0.0190 0.129
(0.0159) (0.0419) (0.0482) (0.0862)
Cost Info & High Subsidy 0.0246 -0.0238 0.0370 0.0899**
(0.0279) (0.104) (0.0386) (0.0349)
Cost Info & Low Subsidy 0.00154 0.0231 -0.0132 0.0857
(0.0199) (0.0339) (0.0315) (0.0755)
Health Info & High Subsidy 0.0203 0.00204 0.0555 0.0479
(0.0237) (0.0461) (0.0522) (0.0427)
Health Info & Low Subsidy 0.00837 0.110*** 0.00950 0.0641*
(0.0183) (0.0416) (0.0359) (0.0367)
Observations 77097 22607 26076 20718
Adopter Type Full Sample Stove Cookware Complete
Num. Households 2698 791 913 725
Household FE Yes Yes Yes Yes
Month-Year FE Yes Yes Yes Yes

Notes: The pre-treatment period spans January—December 2023, and the post-treatment period covers January 2024-May
2025. The outcome variable is winsorized log electricity consumption (kWh). Columns 1-4 present estimates for the full sample,
stove-only adopters, cookware-only adopters, and complete adopters (stove and cookware), respectively. A common pure control
group is included across all specifications. All regressions include household and month-year fixed effects. Standard errors are
cluster at the household level. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B4: Treatment Effects on kWh Levels by Adopter Type

(1) (2) 3) (4)

kWh kWh kWh kWh
High Subsidy -5.843* -2.049 -12.43* 1.998
(3.423) (4.631) (6.340) (7.478)
Low Subsidy 8.163* 15.04 6.474 22.04*
(4.678) (15.44) (6.810) (12.06)
Cost Information -2.771 1.723 -7.182 9.861
(2.699) (7.932)  (12.20) (7.721)
Health Information -1.550 10.27 2.739 13.97
(2.945) (7.068) (12.34) (16.40)
Cost Info & High Subsidy 8.800** 16.06** 11.61* 14.83*
(4.194) (7.599) (6.898) (7.647)
Cost Info & Low Subsidy -1.304 6.933 -0.146 -5.705
(4.329) (7.393) (6.888) (13.84)
Health Info & High Subsidy -2.339 -8.598 6.394 -1.714
(3.886) (10.52)  (5.700) (7.162)
Health Info & Low Subsidy -0.0796 24.72** -4.245 26.26**
(4.054) (10.71) (6.766) (12.27)
Observations 77097 22607 26076 20718
Adopter Type Full Sample Stove Cookware  Complete
Num. Households 2698 791 913 725
Household FE Yes Yes Yes Yes
Month-Year FE Yes Yes Yes Yes

Notes: The pre-treatment period spans January—December 2023, and the post-treatment period covers January 2024-May
2025. The outcome variable is winsorized electricity consumption (kWh). Columns 1-4 present estimates for the full sample,
stove-only adopters, cookware-only adopters, and complete adopters (stove and cookware), respectively. A common pure control
group is included across all specifications. All regressions include household and month-year fixed effects. Standard errors are
cluster at the household level. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table B5: Treatment Effects on kWh Levels by Adopter Type - Short-run vs Long-run

(1) (2) (3) (4) (5) (6) (7) (8)
kWh kWh kWh kWh kWh kWh kWh kWh
High Subsidy -6.225™ -4.908 -2.703 -0.461 -12.24* -12.97* -0.0393 7.022
(3.342) (4.670) (3.908) (8.091) (6.724) (7.498) (6.789) (10.81)
Low Subsidy 6.735 11.49* 7.584 32.82 8.789 0.712 22.87* 19.93
(4.419) (6.540) (11.38) (27.28) (7.470) (9.834) (12.01) (13.74)
Cost Information -2.032 -4.713 0.494 4.425 -9.102 -2.639 10.73 7.280
(2.549) (3.854) (6.614) (12.71) (12.28) (13.75) (6.759) (13.14)
Health Information -1.993 -0.407 8.489 14.59 -0.501 10.72 14.40 12.59
(2.745) (4.211) (6.995) (9.257) (10.60) (18.49) (14.86) (22.35)
Cost Info & High Subsidy 6.145 15.27** 11.71 26.38** 7.898 20.82** 11.26* 23.35*
(3.886) (5.977) (7.195) (12.19) (6.400) (10.04) (6.399) (12.49)
Cost Info & Low Subsidy -1.300 -1.417 1.310 20.37* 0.107 -1.038 -7.208 -2.416
(4.239) (5.793) (6.791) (10.40) (6.738) (8.525) (13.89) (19.34)
Health Info & High Subsidy -2.413 -2.236 -6.593 -13.45 3.746 12.75 -1.008 -3.595
(3.532) (5.622) (9.994) (13.63) (5.156) (8.832) (6.056) (10.72)
Health Info & Low Subsidy 0.708 -2.085 24.32%* 25.65 -1.977 -9.744 22.90* 34.35**
(3.920) (5.260) (10.92) (15.92) (7.228) (7.565) (11.92) (15.03)
Observations 63894 45163 18730 13245 21611 15278 17169 12141
Period Short-run Long-run Short-run Long-run Short-run Long-run Short-run Long-run
Adopter Type Full Sample Full Sample Stove Stove Cookware Cookware Complete Complete
Num. Households 2698 2698 791 791 913 913 725 725
Household FE Yes Yes Yes Yes Yes Yes Yes Yes
Month-Year FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: The pre-treatment period spans January—December 2023. Short-run and long-run post-treatment periods cover Jan-
uary—December 2024 (12 months) and January—May 2025 (5 months), respectively. The outcome variable is winsorized electricity
consumption (kWh). Columns 1-2, 3-4, 5-6, and 7-8 present estimates for the full sample, stove-only adopters, cookware-only
adopters, and complete adopters, respectively. Within each pair, odd columns report short-run effects and even columns report
long-run effects. A common pure control group is included across all specifications. All regressions include household and
month-year fixed effects. Standard errors are cluster at the household level. Significance levels: * p < 0.10, ** p < 0.05, ***
p < 0.01.
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Figure B1: Mean Electricity Consumption (KwH) by treatment arm

Mean Electricity Consumption Over Time by Treatment Group
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Table B6: Spillovers on Log(KWh) for pure control group, based on intensity of treatment within area)

(1) @) 3)
Log(KWh)  Log(KWh) Log(KWh)
Post x High Subsidy Intensity -0.175* -0.254 -0.187
(0.100) (0.162) (0.126)
Post x Low Subsidy Intensity 0.171** 0.214* 0.159*
(0.0676) (0.119) (0.0825)
Post x Any Information Intensity 0.0640** -0.0513 0.141***
(0.0270) (0.0368) (0.0374)
Post x High Subsidy x Any Info Intensity 0.225* 0.431** 0.166
(0.117) (0.188) (0.149)
Post x Low Subsidy x Any Info Intensity 0.0296 0.294* -0.119
(0.0986) (0.165) (0.123)
Constant 5.057*** 5.312%** 4.929%**
(0.00269) (0.00404) (0.00350)
Observations 18158 6084 12074
Owned estove at baseline Full sample Yes No
HH FE Yes Yes Yes

Standard errors in parentheses
* p <0.10, ** p < 0.05, *** p < 0.01

Notes: This table presents the DiD spillover analysis for the control group, estimating the impact of treatment intensity in neighboring locations on log-transformed electricity
consumption. Geographic units are defined by municipality, ward, area, and tole. The interaction terms measure the spillover effects of treatment intensity for subsidies and
information treatments, both individually and combined. The analysis includes household fixed effects to control for unobserved household characteristics. Results are shown
for the full sample, households with an electric stove at baseline, and households without an electric stove at baseline. Significance levels are denoted by p | 0.10 (*), p j 0.05

(*%), and p | 0.01 (¥**).
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Table BT7: Spillovers on intensive margin fuel use for pure control group, based on intensity of treatment within area)

(1) ) 3) (4) (5)
Time cooking Use Elec. Use LPG Kg LPG Count of
past wk (hrs) Cooking Cooking Used Ind. stoves

Post x High Subsidy Intensity -0.210 -0.0257 0.0411%** -8.430*** 0.189***

(0.957) (0.0650) (0.0115) (0.724) (0.0509)

Post x Low Subsidy Intensity 3.752%** 0.0541 0.0305*** -4.304*** 0.0233

(0.660) (0.0446) (0.00786) (0.497) (0.0350)
Post x Any Information Intensity -2.974%** 0.0801*** -0.00702** -0.428** -0.0596***
(0.279) (0.0191) (0.00335) (0.212) (0.0149)
Post x High Subsidy x Any Info Intensity 2.590** -0.132* -0.0113 10.47*** -0.164***
(1.124) (0.0763) (0.0135) (0.854) (0.0598)
Post x Low Subsidy x Any Info Intensity -4.379%** 0.173*** -0.0951*** 0.798 -0.0192
(0.953) (0.0646) (0.0114) (0.719) (0.0506)
Post 2.187*** -0.0181*** -0.00630*** -0.623*** 0.0337***
(0.0673) (0.00456) (0.000804) (0.0508) (0.00357)
Constant 13.56*** 0.442%** 1.000*** 11.76*** 0.354***
(0.0285) (0.00194) (0.000341) (0.0215) (0.00151)

Observations 17994 18088 18046 18046 18158

Owned estove at baseline Full sample Full sample  Full sample Full sample Full sample

HH FE Yes Yes Yes Yes Yes

Standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01

Notes: This table presents the DiD intensive margin analysis for the control group, examining the effects of treatment intensity on cooking behavior and appliance usage. The
regressions measure outcomes related to time spent cooking, the use of electric and LPG stoves, LPG usage (in kilograms), and the number of induction stoves. The interaction
terms capture the intensity of subsidies and information treatments in neighboring locations during the post-period. All regressions include household fixed effects to control
for unobserved heterogeneity. Results are reported for the full sample of control households. Significance levels are denoted by p i 0.10 (*), p | 0.05 (**), and p | 0.01 (***).



Table B8: Spillovers: Effects of transformer treatment intensity and household treatment

status
(1) @) 3)
. Bought Ind. Induction
Adoption (v2) Compatible Cookware (v2)  Stove (v2)
control_PropTG_mid -0.0801 -0.0739 -0.0493
(0.141) (0.133) (0.284)
control_PropTG_high -0.105 -0.0633 -0.0472
(0.051) (0.191) (0.297)
subsidy_high_PropTG _low 0.385%** 0.340%** 0.132
(0.000) (0.000) (0.106)
subsidy_high_PropTG_mid 0.449*** 0.362%** 0.198%**
(0.000) (0.000) (0.001)
subsidy_high_PropTG_high 0.542%** 0.437%%* 0.254%%*
(0.000) (0.000) (0.000)
subsidy_low_PropTG_low 0.165 0.140 -0.0182
(0.124) (0.148) (0.840)
subsidy_low_PropTG_mid 0.261%** 0.256%** -0.00810
(0.000) (0.000) (0.883)
subsidy_low_PropTG_high 0.157* 0.148* 0.0374
(0.039) (0.032) (0.561)
only_info_PropTG_low -0.0206 -0.0362 0.00343
(0.669) (0.407) (0.933)
only_info_PropTG_mid -0.0660 -0.0510 -0.0305
(0.163) (0.234) (0.446)
only_info_PropTG_high -0.0371 -0.0444 -0.00341
(0.427) (0.293) (0.931)
high_subsidy_info_PropTG _low 0.389*** 0.362%** 0.143*
(0.000) (0.000) (0.023)
high_subsidy_info_PropTG_mid 0.499*** 0.391%** 0.266%**
(0.000) (0.000) (0.000)
high_subsidy_info_PropTG_high 0.374%** 0.297*** 0.175%%*
(0.000) (0.000) (0.000)
low_subsidy_info_PropTG_low 0.362%** 0.414%%* -0.0603
(0.000) (0.000) (0.415)
low_subsidy_info_PropTG_mid 0.214%%* 0.250%** 0.0194
(0.000) (0.000) (0.675)
low_subsidy_info_PropTG_high 0.0877 0.142%* -0.0110
(0.136) (0.008) (0.824)
Constant 0.224%** 0.138*** 0.129%**
(0.000) (0.000) (0.000)
Observations 1878 1878 1878

Notes: This is the spillovers extension to Table 4 in the manuscript. The omitted group in these regressions is the pure control
households in PropTG_low, which is the households assigned to control status locates within the transformers with the lowest
proportion treated. Transformer (abbreviated as “T'G”) treatment intensity is found by diving the total number of households
randomly assigned to any of the subsidy treatments within a transformer, by the total number of NEA customers served by that
transformer. We create 3 binary indicators to represent bins of treatment intensity: PropTG_-low, which equals 1 if the transformer
treatment intensity is less than 0.01 and zero otherwise; PropTG.mid which equals 1 if the intensity is between 0.01 and 0.05
and zero otherwise; and PropTG_high, which equals 1 if the treatment intensity is greater than 0.05 and zero otherwise. We
then interact the six households treatment status variables used in Table 4 (control, subsidy_high, subsidy_low, only_info,
high_subsidy_info, low_subsidy_info) with each of these three binary indicators of transformer treatment intensity. These
interactions are used as the independent variables in the regressions displayed in this table. For each independent variable the
first term is the household’s own treatment status and the second term is the treatment intensity of the transformer in which the
household is located. For example, subsidy_-high PropTG_low is a household that was assigned to high subsidy treatment and
is located in a transformer with a low treatment intensity (i.e., less than 0.01 (1%) of the NEA customers in the transformers
were assigned to one of the subsidy treatments). These analyses are performed for the households on the eastern side of the
Bishnumati River, as that is the region of Kathmandu Valley for which we have data on the transformers to which households
are served.
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Figure B2: Event Study Estimates on Electricity Consumption
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Notes: This figure plots event study estimates of the effect of treatment arms on electricity consumption
(three-month centered moving average), based or{ FAuifon (5). Each panel compares a specific treatment
arm relative to the control group. The reference period (omitted category) is December 2023. Vertical red

dotted lines indicate the intervention window. Standard errors are clustered at the household level.
Whiskers represent 95% confidence intervals.



Figure B3: Event Study Estimates on Electricity Consumption by Adopter Type
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Notes: This figures plots event study estimates of the effect of treatment on electricity consumption
(three-month centered moving average), based on Equation (5). The columns display heterogeneity by
adoption type relative to the control group: Column 1 includes treated households who adopted only electric
stoves; Column 2, those who adopted only compatible cookware; and Column 3, those who adopted both.
The reference period is December 2023. Vertical red dotted lines indicate the intervention deployment
period. Standard errors are clustered at the household level. Whiskers represent 95% confidence intervals.
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Figure B4: Event Study Estimates of Electricity Consumption by Adopter Type
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Notes: This figures plots event study estimates of the effect of treatment on electricity consumption
(three-month centered moving average), based on Equation (5). The columns display heterogeneity by
adoption type relative to the control group: Column 1 includes treated households who adopted only electric
stoves; Column 2, those who adopted only compatible cookware; and Column 3, those who adopted both.
The reference period is December 2023. Vertical red dotted lines indicate the intervention deployment
period. Standard errors are clustered at the household level. Whiskers represent 95% confidence intervals.
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Figure B5: Quarterly Event Study Estimates of Treatment Effects on Log Electricity
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C Additional Maps
1 For Sampling Strategy Using Transformers
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Figure C1: Map of Transformers Used in the Sampling Strategy

Notes: This map shows the locations of transformers located with 1000 m to the east of the Bishnumati River
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D The Intervention

1 Text Regarding Phone Credit for Continued Study Participa-
tion

The following message was read to all study participants (including those assigned to the
control group) approached in January through February 2024 during the intervention:

“Namaste, my name is XXXXXX and I am from New ERA, which is a Kathmandu based
research organization. I am here to thank you again for your continued support in the study
conducted by Asian Development Bank in collaboration with Nepal Electricity Authority
and New ERA. The study is being conducted to understand electricity use including electric
cooking by the households and too understand electricity related needs and concerns of
the households, as well as to support Nepal in improving its electricity transmission and
distribution system. Also, we would like to provide you with a token of appreciation in the
form of a recharge card worth Rs 100 on behalf of Asian Development Bank for giving us
your valuable time in the previous survey and for your support in the next round of survey
to be conducted around June/July, 2024.”

2 Regarding Cost of Electric Cooking

The cost message, which was printed on the pamphlets given to study participants randomly
assigned to received them, states: “CAN YOUR COOKING NEEDS BE MET FOR LESS
MONEY? Did you know that induction and electric cooking could result in savings for your
household? Find out if electric cooking is suited to your household needs and you could save
hundreds of rupees ! With a one-time investment into an electric or induction cookstove,
you can easily transition your cooking needs to electric. If you have an existing connection
with the NEA (15 amp connection or above), and purchase an electric cookstove with over
66% efficiency, shifting your cooking medium could result in hundreds of rupees of savings
per month!”

An image of the message provided through the intervention regarding the cost of electric
cooking is on the left side of Figure D2.

3 Regarding Pollution from Electric Cooking

The health message, which was printed on the pamphlets given to study participants ran-
domly assigned to received them, states: “DID YOU KNOW THAT ELECTRIC COOKING
IS THE “CLEANEST” WAY TO COOK IN NEPAL? Studies in Nepal have shown that
electric cooking creates less household air pollution (fine particulate matter, PM2.5) than
cooking with the other currently available fuels, including kerosene, biomass (dung, firewood,
etc), and even LPG. This is important as studies show that burning fuels is harmful to health
and associated with increased risk of disease.”

An image of the message provided through the intervention regarding the pollution and

OA-15



health effects of cooking is on the right side of Figure D2.
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Figure D2: Messages Regarding Cost (left) and Health (right) of E-Cooking

Notes: These graphics depict information pamphlets provided to study participants randomly assigned to receive them. The
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cost message is on the left and the health message is on the right.

4 Subsidy Treatments

Households that were randomly assigned to the subsidy treatment, received a coupon card,
as shown in Figure D3.

4.1 Regarding Lower Subsidy

The lower subsidy message, which was printed on the pamphlets given to study participants
randomly assigned to received them, states: “Your household has been randomly selected

induction stove, you can use this voucher to purchase a second stove or new pots and pans
that are appropriate for and compatible with an induction stove. These vouchers can be used
at your local Bhat Bhateni store in Kathmandu Valley. To use the subsidy, you must bring
this voucher to the customer service desk in the Bhat Bhateni store. This voucher is for
your house and should not be given to others. To use this voucher, the customer from your
household will need to be a member of BBSM Clubcard. If your household is not already a
Clubcard member, that is ok! You can sign up at the Customer Service Desk of any BBSM
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Subsidy to Buy Induction

Appliance for a Study by Asian

Development Bank in

Collaboration with Nepal

Electricity Authority & Fieldwork I BRe

Conducted by New ERA ESTO. 1984 A.D.
BHAT-BHATENI

Supermarket & Department Store Pvi. Lid.
HHID 1006129

ADB000201
Maximum Subsidy Amount:

Rs 3000 St

Figure D3: Example of Subsidy Card Provided
Notes: This is an example of the actual subsidy card received by those households randomly assigned to receive one. The name
of the household member that was the survey respondent is printed in the rectangle marked in black. The signature of that

person is in the rectangle marked in white.

branch. This voucher subsidy is valid until April 30th, 2024. All details are printed on the
voucher.”

An image of the voucher for this lower subsidy is on the left side of Figure D4.

4.2 Regarding Higher Subsidy

The higher subsidy message, which was printed on the pamphlets given to study participants
randomly assigned to received them, states: “Your household has been randomly selected

induction stove, you can use this voucher to purchase a second stove or new pots and pans
that are appropriate for and compatible with an induction stove. These vouchers can be used
at your local Bhat Bhateni store in Kathmandu Valley. To use the subsidy, you must bring
this voucher to the customer service desk in the Bhat Bhateni store. This voucher is for
your house and should not be given to others. To use this voucher, the customer from your
household will need to be a member of BBSM Clubcard. If your household is not already a
Clubcard member, that is ok! You can sign up at the Customer Service Desk of any BBSM
branch. This voucher subsidy is valid until April 30th, 2024. All details are printed on the
voucher.”

An image of the voucher for this higher subsidy is on the right side of Figure D4.
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Figure D4: Messages Regarding Subsidies

Notes: These graphics depict pamphlets on the subsidies for electric cooking provided to study participants randomly assigned
to receive them. The lower subsidy (1000 NPR) message is on the left and the higher subsidy (3000 NPR) message is on the
right.

5 Treatments Not Delivered

Despite consenting to future participation, 57 households were not reachable at the time of
the intervention. We show the breakdown of these by treatment group in the table that
follows.
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Table D1: Intervention Undelivered, by
Treatment Group

Treatment Frequency Percent
High subsidy-cost info 3 5.26
low subsidy-cost info 5 8.77
no subsidy-cost info 20 35.09
High subsidy-health info 2 3.51
low subsidy-health info 4 7.02
no subsidy-health info 15 26.32
low subsidy-no info 8 14.04
Totals o7 100.00

Notes: A total of 2,894 households were randomized across groups
these are the only households to which the treatment was unable to
be delivered.
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6 Bhat Bhateni Super Store Locations in Kathmandu Valley

Bhat Bhateni stores are spread out across the region under study (see Figure D5), providing
easy access to participating households. Subsidy vouchers could be used at any of these
stores to purchase an induction stove or induction-related cookware.

@® Bhat Bhateni

® Kathmandu District
®
(O]
@ O]
®
O]
O]
O
®
@w@‘AQ
©. @ -
%™ ®

Figure D5: Locations of Bhat Bhateni stores in Kathmandu

Source: Store names from Bhat Bhateni’s website were used to search their locations on Google Maps.
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E Cost Comparison between LPG and Electric Cook-

ing

Given that an LPG cylinder costs NRs. 1,895 in Nepal, it is cheaper for all consumer types,
irrespective of their current monthly electricity consumption, to switch to electric cooking.
Detailed calculations are provided in Table E1 and Table E2 using heat values of 51 MJ/kg
for LPG!'® and 3.6 MJ/kWh for electricity. According to Nepal Gas, a big cylinder contains
14.2 kg of LPG?, which means a cylinder holds 724.2 MJ of heat energy in it. Using an
efficiency of 90%?! for Induction Heat stoves and a conservative estimate of 55%?22 for gas
stoves, it was found that one cylinder of LPG is equivalent to 122.9 kWh of electricity.

Initial One Cylinder Marginal Cost
Monthly Min Energy IniFial Equi'vz.ilent Min Energy Rev'ised of pne
Consumption Charge Charge Bill Additional Charge Charge Bill Cylinder
(kWh) (NRs.) (NRs.) (NRs.) Consumption (NRs.) (NRs.) (NRs.) Equivalent
(kWh) (NRs.)
20 50 80 130 142.9 125 1187.9 1312.9 1182.9
30 5 145 220 152.9 125 1282.9 1407.9 1187.9
50 75 305 380 172.9 125 1472.9 1597.9 1217.9
100 100 780 880 222.9 125 1947.9 2072.9 1192.9
250 125 2205 2330 372.9 175 3557.3 3732.3 1402.3
400 175 3855 4030 522.9 175 5207.3 5382.3 1352.3
650 175 6605 6780 772.9 175 7957.3 8132.3 1352.3

Table E1: Cost calculations of shifting one cylinder equivalent cooking from LPG stove to

Induction Heat stove with a 15 amp electricity connection

Initial One Cylinder Marginal Cost
Monthly Min Energy Initial Equivalent Min Energy Revised of One
Consumption Charge Charge Bill Additional Charge Charge Bill Cylinder
(kWh) (NRs.) (NRs.) (NRs.) Consumption (NRs.) (NRs.) (NRs.) Equivalent
(kWh) (NRs.)
20 75 100 175 142.9 150 1207.9 1357.9 1182.9
30 100 165 265 152.9 150 1302.9 1452.9 1187.9
50 100 325 425 172.9 150 1492.9 1642.9 1217.9
100 125 800 925 222.9 150 1967.9 2117.9 1192.9
250 150 2225 2375 372.9 200 3577.3 3777.3 1402.3
400 200 3875 4075 522.9 200 5227.3 5427.3 1352.3
650 200 6625 6825 772.9 200 7977.3 8177.3 1352.3

Table E2: Cost calculations of shifting one cylinder equivalent cooking from LPG stove to

Induction Heat stove with a 30 amp electricity connection

19A heat value of LPG represents the energy released when one kilogram of LPG is combusted. A heat valye of 51 MJ/kg is
a conservative estimate taken from the World Nuclear Association and corroborated from the International Energy Agency.

20The cylinder capacity is reported on the Nepal Gas website.
21This statistic on efficiency was taken from Sweeney et al. (2014).
22This is a conservative estimate taken from: https://tcdorji.wordpress.com/2022/01/19/electric-stove-vs-lpg-stove-which-

cooking-technology-is-more-cost-effective/.
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https://world-nuclear.org/information-library/facts-and-figures/heat-values-of-various-fuels
https://www.iea-amf.org/content/fuel_information/lpg
https://nepalgas.com.np/product#:~:text=Fiber%20Cylinder%2014.2%20KG&text=be%20quite%20safe.-,Indane%20Composite%20fiber%20cylinders%20will%20produce%20a%20maximum%20of%2010kg,%20of%20gas%20remaining%20in%20it.

F Nepal’s Electricity Tariff Schedule

Table F1: Tariff for Residential Consumers, Single Phase

5 Ampere 15 Ampere 30 Ampere 60 Ampere
Units (kWh) Minimum  Per  Minimum Per  Minimum Per Minimum  Per
per month charge kWh charge kWh charge kWh charge kWh
Panel A: Tariff in effect F'Y 2022/23 — FY 2023/24
0-20 30 0.00 50 4.00 75 5.00 125 6.00
21-30 50 6.50 75 6.50 100 6.50 125 6.50
31-50 50 8.00 75 8.00 100 8.00 125 8.00
51-100 75 9.50 100 9.50 125 9.50 150 9.50
101-250 100 9.50 125 9.50 150 9.50 200 9.50
Above 251 150 11.00 175 11.00 200 11.00 250 11.00
Panel B: Tariff in effect F'Y 2024/25
0-20 30 0.00 50 4.00 75 5.00 125 6.00
21-30 50 6.50 75 6.50 100 6.50 125 6.50
31-50 30 8.00 75 8.00 100 8.00 125 8.00
51-100 30 9.50 100 9.50 125 9.50 150 9.50
101-250 100 9.50 125 9.50 150 9.50 200 9.50
Above 251 100 11.00 110 11.00 200 11.00 250 11.00

Notes: Monetary values are expressed in Nepalese rupees (NRs.). Panel A corresponds to the tariff schedule in effect
during FY 2022/23-FY 2023/24. Panel B corresponds to the revised tariff schedule in effect during FY 2024/25.
Beginning in FY 2021/22, domestic consumers with a 5 Ampere connection receive the first 20 kWh at zero marginal
charge, subject to the condition that if monthly consumption exceeds 20 kWh, the first 20 units are charged at NRs. 3.00
per kWh.

G Estimation Procedure and Parameter Estimates

This appendix details how we identify and estimate the structural parameters in Section 3.

1 Adoption: Identification and Estimation

The adoption equation (1) has four parameters {p, 0,1, vp}, identified from four RCT treat-
ment arms through a simultaneous system.

Step 1: Intercept and price sensitivity. The control group (s =0, P = 1) pins down
Bo = logit(Teontro1). The information-only arm (s = 0, P = 0.85) shifts only perceived cost,
identifying n through Sp = (logit(mint) — Bo)/ l0g(0.85), where Sp = —nb/(1 — n).

Step 2: Subsidy and interaction. The high-subsidy arm (s = 3000/7000, P = 1) and
high-subsidy-plus-info arm (s = 3000/7000, P = 0.85) jointly identify § and vp from:

dur — du dy

— , 6 = -7,
" dp - Pinfo — dpr sy (14 vp)
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where dy = logit(ry) — o and dg; = logit(ryr) — Bo — Bp log( Pugo)-
Step 3: Grid search over p. For each p € [0.10,1.00] (step 0.01), we solve the system
above and compute out-of-sample prediction error on the two arms not used in identification:

low subsidy and low subsidy + info. The p minimizing this error is selected (p = 0.55).

Observed vs Predicted Adoption (rho = 0.55)

80%

60%
40%
. I I I

0%

Adoption Rate

“bg\d\!

(\'&(0\
Co Low S

' \ 0 o
wigh subs ™ o O™ ign S ! Low S wf

. Observed . Predicted

Figure G1: Model Fit: Observed and Predicted Adoption Rates by Treatment Arm

Notes: Bars show observed and model-predicted adoption rates for each of the six RCT treatment arms (N = 2,740 households).
Observed rates are from the endline survey. Predicted rates are from the structural adoption equation (1) with parameters
{p,0,n,vp} identified from four arms (control, info-only, high subsidy, high subsidy + info). Low subsidy and low subsidy +
info are out-of-sample validation arms. Maximum out-of-sample prediction error is 1.5 percentage points at p = 0.55.
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Table G2: Adopter Composition by Treatment Arm

Control  Info Only  Subsidy Only Info + Low Sub  Info 4+ High Sub

Adoption
Total HHs 557 1095 361 360 367
Any adoption (%) 14.7 16.5 54.6 40.3 64.9
Complete adoption (%) 3.1 3.1 11.4 9.4 19.6
Among adopters
% complete (stove + cookware) 20.7 18.8 20.8 23.4 30.3
% first-time (among complete) 70.6 97.1 80.5 82.4 84.7
Revealed demand (¥;)
All adopters 0.098 0.071 -0.093 0.057 -0.052
Complete adopters 0.216 0.102 -0.085 0.136 -0.024

Notes: Adoption is defined as purchasing an electric induction stove, cookware, or both by the endline survey.
Complete = purchased both stove and induction-compatible cookware. First-time = did not own an electric
stove at baseline. ¥; is the household-level time-averaged residual from the usage equation (2), estimated on
Nepal Electricity Authority billing data with cluster fixed effects and standard errors clustered at the household
level; higher values indicate stronger revealed demand for electric cooking. Info Only pools cost-information and
health-information arms; Info + Low Sub and Info 4+ High Sub similarly pool across information type.Sample:
N = 2,740 households.

Table G3: Learning Curve Estimates by Adopter Type

A~

Adopter Type N HHs & or, SE p-value
Pooled 836 1.26  -0.058 (0.014)  0.000
Stove Only 246 1.27 -0.040 (0.028) 0.164
Cookware Only 394 0.95 -0.101 (0.021)  0.000
Complete 196 0.07 0.087 (0.043) 0.043

Notes: Learning curve g(t) = 1—e~*!; x from grid search over [0.01, 2.0].
Estimating equation: logkWh;t = a + 6-R; + 0rg(t) + X[y + pe +
€;t, with cluster FE and SEs clustered at HH level. Complete = stove
+ cookware; Stove Only = stove without cookware; Cookware Only =
cookware without stove.

2 Post-Adoption Electricity Usage: Identification and Estima-
tion

We estimate the usage equation (14) on 16,457 adopter-month observations from Nepal
Electricity Authority billing records, covering 836 adopters across all nine treatment arms
over 14 months post-intervention. The estimation uses cluster fixed effects (169 clusters)
to absorb group-level heterogeneity, with standard errors clustered at the household level.
Because billing data captures total household electricity consumption rather than cooking
alone, the learning coefficient ¢, reflects changes in overall electricity use patterns following
stove adoption, not cooking kWh specifically.

The learning curve introduces a nonlinearity that prevents standard OLS from esti-
mating all parameters simultaneously. We therefore proceed in two steps. First, for each
candidate x € [0.01,2.0] (step size 0.01), we compute the learning curve g,.(t) = 1 — e
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and estimate equation (14) by OLS, selecting the x that minimizes the sum of squared resid-
uals. Second, we report the coefficients from the regression at this optimal x. The grid
search is necessary because k enters nonlinearly through the exponential; conditional on &,
all remaining parameters are linear and estimated by OLS in a single pass.

We then split the sample by adopter type (complete, cookware only, stove only) and
re-estimate, allowing separate x and 0, for each type. This is the decomposition that reveals
the sharply divergent learning trajectories discussed in Section 9. The identification of each
parameter and the construction of the preference residual 7; are detailed in Appendix A.

H Heterogeneous Treatment Effects: Estimation De-
tails

Section 8.3 summarizes our approach to estimating household-level heterogeneity in both the
adoption response to subsidies and post-adoption electricity usage growth. This appendix
provides the full estimation details, sample construction, and additional results.

1 Data and Definitions

Adoption: We define adoption as a binary indicator equal to one if the household pur-
chased or received an electric induction stove by the endline survey, corresponding to the
true_adoption variable used throughout the paper.

Electricity usage: We measure long-run electricity usage from administrative billing
data provided by the Nepal Electricity Authority. For each household we compute the
change in mean log(kWh) between the first three months after the intervention (months
0-2) and a long-run window 12 to 14 months post-intervention. We refer to this difference
as kWh growth. This measure captures which households increased their billed electricity
consumption over time, the behavioral margin that distinguishes genuine fuel switching from
a one-time equipment purchase.

Sample: The analysis sample includes all households assigned to any subsidy arm
(treatment groups 1, 2, 4, 5, 7, 8) or the pure control group (group 9), conditional on
having matched billing data, yielding N = 1,617 households (656 adopters: 574 in subsidy
arms, 82 in the control group). We exclude info-only groups (3 and 6) because the causal
forest estimates a binary treatment effect and these households fit neither side of the subsidy
contrast: they received an intervention that shifted perceived cost (P = 0.85 vs. P = 1) but
no subsidy. Including them as controls would pool two different counterfactuals; including
them as treated would conflate the subsidy and information margins. The structural model
identifies the information effect separately through n (Section G). Since all counterfactual
policies bundle information at negligible cost, the planner needs to know which households
respond most to the subsidy, which is what the CATE isolates.

Covariates: Both models use the same 15 baseline covariates: household size, head
age, higher education (bachelor’s degree or above), homeownership, monthly LPG consump-
tion (kg), reliability beliefs (Likert 1-10 response to “I am worried about the reliability of
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electricity supply”), whether unplanned outages are reported as the main electricity service
problem, voltage fluctuation reported as a problem, whether the household reduced non-
essential spending due to electricity costs, weekly cooking time (hours), number of electricity
outages in a normal month, number of electric appliances, access to credit from a commercial
or government bank, number of meals cooked on an LPG stove (out of 12 meal-slots over
three days), and whether the household owned an electric stove at baseline. All covariates
are from the baseline survey to avoid contamination by treatment effects. Missing values are
median-imputed; all variables are standardized to mean zero and unit variance.

2 Estimation

Adoption CATE (causal): We estimate the conditional average treatment effect of sub-
sidies on adoption using a causal forest (Athey et al., 2019; Wager and Athey, 2018),
which leverages experimental randomization to estimate individual-level treatment effects
7; = E[Y;(1) — Y;(0) | X;], where Y; is adoption and W; indicates assignment to any sub-
sidy arm. The forest uses all 1,617 households (both treated and control), since the control
group provides the counterfactual adoption rate at each point in covariate space. We use
4,000 trees with honesty splitting. This estimate is causal: the RC'T randomization ensures
that, within any region of covariate space, subsidy assignment is independent of potential
outcomes.

Predicted electricity usage (predictive): Because there is no experimental variation
in electricity usage intensity conditional on adoption, we cannot estimate a causal effect of
treatment on usage among adopters. Instead, a regression forest trained on 574 treated
adopters predicts kWh growth g; from baseline covariates, and we generate predictions for
all 1,617 households. This estimate is predictive, not causal: it identifies which household
profiles are associated with larger increases in billed electricity, but selection into adoption
is endogenous and the forest conditions on this selection.

Joint classification: Splitting the sample at the median of each dimension yields a
2 X 2 matrix:

e High Adopt, High Use (“fuel switchers”): above-median on both margins.

e High Adopt, Low Use (“equipment replacers”): subsidy-responsive but below-
median kWh growth.

e Low Adopt, High Use: below-median adoption response but above-median kWh
growth.

e Low Adopt, Low Use: below-median on both dimensions.

Table H4 reports realized outcomes, adopter composition, and demographics for the
four cells. Several patterns merit discussion.

The “High/Low Adopt” labels refer to predicted marginal response to a subsidy (7;), not
to adoption level. This distinction matters: realized adoption rates do not follow the labels
monotonically. Low Adopt, High Use households have a realized adoption rate of 60.4%,
higher than the 45.9% for High Adopt, High Use, because they tend to have high baseline
propensity (56% already own a stove) and would adopt at elevated rates regardless. High
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Adopt households have low baseline propensity (18% stove ownership) but respond strongly
to the subsidy on the margin.

The composition of adoption varies sharply across cells. Among fuel switchers, 37%
purchased the complete bundle versus only 18% among equipment replacers, who are pre-
dominantly cookware-only adopters (61%), consistent with households that already own a
stove adding cookware without changing cooking behavior. Fuel switchers also have the
highest share of first-time electric cookers (81% vs. 51%), reinforcing that these households
are genuinely transitioning rather than replacing equipment.

The A log(kWh) column validates the usage dimension: fuel switchers show +0.14 log
points between months 0-2 and 12-14, while equipment replacers show —0.11, consistent
with experimentation followed by reversion. Table H5 reports energy behavior and targeting
variables for the same cells.

Table H4: Realized Outcomes and Demographics by Predicted Household Type

High Adopt, High Adopt, Low Adopt, Low Adopt,

High Use Low Use High Use Low Use

Cell definition

7; (adoption) Above med. Above med. Below med. Below med.

4; (usage) Above med. Below med. Above med. Below med.
Realized outcomes (subsidy arms)

N 314 219 230 307

Adoption rate 0.459 0.571 0.604 0.541

A log(kWh) +0.136 —0.105 +0.163 —0.072
Adopter composition (%, all adopters)

Complete 37.3 17.7 22.9 21.9

Cookware only 38.0 60.8 45.8 57.2

Stove only 24.1 21.5 31.4 20.9

First-time elec. cooker 81.0 50.6 72.5 43.3
Household demographics

HH size 3.8 4.1 4.2 5.3

Head age 49.8 50.0 64.3 66.5

Higher education (%) 9.1 30.2 7.0 28.4

Owns stove at BL (%) 17.7 43.0 22.3 56.4

Initial log(kWh) 4.83 5.42 4.83 5.55

Notes: Household types are defined by median splits on the causally estimated adoption treat-
ment effect 7; (causal forest, 4,000 trees, honesty splitting) and predicted kWh growth §; (regres-
sion forest trained on 574 treated adopters’ billing data) across N = 1,617 households in subsidy
and control arms. Realized outcomes are from subsidy-arm households (N = 1,070). Adopter
composition and first-time rates are among all 656 adopters with matched Nepal Electricity Au-
thority billing data. Demographics are baseline-survey cell means over all 1,617 households. A
log(kWh) = mean log(kWh) in months 12-14 minus months 0-2. First-time = did not own an
electric stove at baseline. Complete = stove 4+ cookware.
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Table H5: Energy and Targeting Variables by Predicted Household Type

High Adopt, High Adopt, Low Adopt, Low Adopt,

High Use Low Use High Use Low Use

Energy behavior

LPG consumption (kg/month) 11.6 10.6 11.8 12.8

Meals on LPG stove (of 12) 10.4 10.0 10.6 10.2

Cooking time (hrs/week) 12.2 15.2 11.7 15.0
Electricity perceptions

Reliability concern (1-10) 6.90 7.34 6.55 7.09

Num. electric appliances 12.3 19.2 13.2 23.1

Notes: Household types are defined by median splits on the causally estimated adoption treat-
ment effect 7; (causal forest) and predicted kWh growth §; (regression forest) across N = 1,617
households in subsidy and control arms. All values are cell-level means from the baseline house-
hold survey. Reliability concern is a Likert scale (1 = not worried, 10 = very worried about
electricity supply reliability). LPG consumption and cooking time are self-reported. Number
of electric appliances includes all plug-in devices owned by the household.

3 Additional Results

Adoption heterogeneity: The mean adoption CATE is 0.378 (sd = 0.025), confirming a
large average subsidy effect (Figure H3). A best linear projection (BLP) of the CATE onto
covariates (Figure H4) identifies one significant predictor: households reporting unplanned
outages as their main electricity problem have a 4.4 percentage point larger adoption re-
sponse. Household size (—0.034), head age (—0.034), and reduced non-essential spending
(—0.033) are suggestive negative predictors but not individually significant.

Electricity usage heterogeneity: The regression forest identifies a distinct set of
predictive drivers (Figure H5). The number of electric appliances is the strongest predictor
of kWh growth (normalized importance = 0.28), followed by cooking time (0.14), head age
(0.11), and reliability beliefs (0.10). Prior stove ownership and education rank near the
bottom despite being correlated with adoption, confirming that the two margins are driven
by different household characteristics. This divergence in predictive drivers underlies the
near-orthogonality reported in the main text.

Joint scatter: Figure H2 plots each household’s adoption CATE against predicted
kWh growth. The low correlation (r = 0.17) is visible in the near-circular cloud.
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Predicted A log(kWh): Months 12-14 vs. 0-2

0.30 0.35 0.40 0.45
Adoption CATE (Subsidy Effect on Adoption Probability)

High Adopt, High Use ¢ High Adopt, Low Use Low Adopt, High Use Low Adopt, Low Use

Figure H2: Joint Distribution of Predicted Adoption Response and Electricity Usage
Growth

Notes: Each point represents one household (N = 1,617 in subsidy and control arms). Horizontal axis: household-level
conditional average treatment effect of subsidy receipt on adoption, causally estimated by a causal forest (4,000 trees, honesty
splitting). Vertical axis: predicted change in log(kWh) between months 0—2 and 12-14 post-intervention, from a regression
forest trained on 574 treated adopters’ Nepal Electricity Authority billing data. Dashed lines indicate median splits defining
the four predicted household types. Correlation between the two dimensions: r» = 0.17.
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Figure H3: Distribution of Household-Level Adoption Treatment Effects

Notes: Histogram of household-level conditional average treatment effects of subsidy receipt on electric stove adoption (),
estimated by a causal forest (4,000 trees, honesty splitting) on N = 1,617 households in subsidy and control arms. Treatment
is an indicator for assignment to any subsidy arm. Adoption is defined as purchasing an electric induction stove by the endline
survey. The dashed red line indicates the sample median. Mean 7 = 0.378 (sd = 0.025).
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Figure H4: Best Linear Projection of Adoption Treatment Effects onto Baseline
Covariates

Notes: Coeflicients from a best linear projection of the household-level adoption treatment effect 7; onto 15 standardized baseline
covariates (N = 1,617 households in subsidy and control arms). The projection identifies which observable characteristics
are associated with larger or smaller adoption responses to subsidies. Whiskers show 95% confidence intervals (cluster- and
heteroskedasticity-robust standard errors). The ten covariates with the largest absolute coefficients are shown.
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Figure H5: Variable Importance: Adoption Response versus Electricity Usage Prediction

Notes: Normalized variable importance from the causal forest (adoption treatment effect, N = 1,617 households) and regression
forest (predicted electricity usage growth, trained on 574 treated adopters’ billing data). Variable importance measures each
covariate’s contribution to the forest’s splits, capturing nonlinear and interactive effects. Values are normalized so that the
most important variable equals 1 within each model. All 15 baseline covariates are included in both models.
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