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Abstract

This dissertation examines aspects of the relationship between improved energy access,
both in terms of cooking energy and electricity access, and women’s time use patterns, labor
productivity, and empowerment in low- and middle-income countries. The first chapter of this
dissertation examines the relationship between women’s empowerment and various measures of
cooking energy and electricity access across 7 countries in Sub-Saharan Africa and South and
Southeast Asia using the multi-tiered framework datasets from the World Bank. Since there are
many potential facets to women’s empowerment, for example, social standing (i.e., ability to
participate in community groups, ability to move freely), employment, or education levels, we
use principal component analysis to create an “empowerment index” that captures multiple
aspects of women’s empowerment as a singular value. We then use simple regression analysis to
study the correlation between women’s empowerment and energy access measures. We find
positive associations between empowerment and measures of energy access, though this pattern is
not consistent across all countries and contexts.

After descriptively establishing a positive relationship between women’s empowerment
and improved cooking energy access, especially in Sub-Saharan African contexts, the second
chapter of this dissertation describes an impact evaluation of an improved cookstove distributed
in Tanzania, Malawi, and Zambia. We used a quasi-experimental design to survey approximately
3,000 households across three countries, looking for impacts on women’s time use patterns and
labor productivity as a result of take up of the improved cookstove. Using a difference-in-
differences approach, we find that in most contexts, this improved cookstove intervention does

not result in changes to time use patterns, labor productivity, or time use agency, though the lack
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of positive impacts may be due to sample contamination, too short of a time frame between stove
installation and endline surveys, or reporting errors in modules where time use data is collected.

In order to understand these results in the context of prior published evidence of time
savings from improved cookstoves, in the third chapter, we investigate the population and study
characteristics that may impact the time saved in fuel collection as a result of the distributed
improved cookstove. Specifically, we apply Bayesian linear regression modeling and Bayesian
model comparison to investigate whether and how methodological and contextual choices, such
as geography, level of remoteness of a region, fuel use behaviors, the type of time use elicitation
method used, and respondent characteristics affect estimates of time savings in fuel collection
derived from the cookstove distributed in Chapter 2. Our prior is constructed from 34 estimates of
time savings from the improved cookstove literature, while our sampling data is provided by the
guasi-experiment in Chapter 2. The approach provides insight on how different sources of
variation impact time savings estimates and allows us to make predictions of potential time
savings in new settings. Results suggest that the potential for time savings from this improved
cookstove is highest in poorer, less educated populations.

In this dissertation, | contribute to the literature by first describing the relationships
between forms of energy access, including improved cooking technologies, and women’s
empowerment, and describing those patterns across countries. | then test this relationship using
guasi-experimental methods to find causal impacts of improved cooking technologies on
outcomes pertinent to women’s livelihoods, including women’s time use patterns, across four
countries in Sub-Saharan Africa. Finally, | provide insight into how population and study
characteristics impact time savings results from improved cooking technologies, and in what

contexts we might find maximum impact.
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1. Introduction

Lack of access to modern energy services plays an important role in gender-based
cultural and economic inequalities. Three billion people around the world rely on solid biomass
fuels such as wood, charcoal, dung, and crop residue for their daily cooking, cleaning, and
heating needs, and over 750 million lack access to any electricity services at home (IEA et al.,
2021). Improving or increasing access to energy has many positive benefits, for example higher
rates of school attendance (Pulimeno et al. 2020), increased power for industry and agriculture
(Duflo et al. 2008), lower illness due to improper food storage or undercooked foods (Reddy et al.
2000), and increased adoption of labor-saving technologies (Kohlin et al. 2011).

Solid biomass fuels especially are time and labor intensive to acquire, often requiring
regular and strenuous work to collect, carry, prepare, and use. These time-constraining drudgery
burdens fall disproportionately on women due to historical social and cultural norms in regions
where use of solid biomass fuels remains high (Gornick and Meyers, 2003). In many rural
contexts, women tend to be responsible for and spend more time than their male counterparts in
both the procurement and preparation of fuel and for the bulk of fuel intensive household labor
such as cooking, though this pattern does not hold in all contexts (Krishnapriya et al. 2021).

In this dissertation, we study linkages between access to improved energy technologies,
time use, and women’s empowerment measures in low- to middle- income countries primarily in
East Africa and South Asia. The first paper is a descriptive paper which uses datasets from seven
countries in Sub-Saharan Africa and South and Southeast Asia to analyze household patterns
between access to and willingness to pay for improved cooking technologies, various electricity
technologies, and empowerment of women in the household measured by women’s mobility,

access to groups and credit, education, etc. The second paper details a quasi-experiment, where



we partner with an organization that distributes a fuel-efficient improved cookstove in four East
African countries. We survey 1,000 women in each country regarding demographics, fuel and
stove behaviors, measures of gender empowerment, socioeconomic factors, and uniquely, use
three different methods of collecting time use information. We identify causal impacts to
women’s time use patterns, income generation, and fuel acquisition behaviors, as well as
investigating differences between time use elicitation methods. In the final chapter, we use
Bayesian linear regression and model selection to determine the population and study
characteristics that impact time savings in fuel collection accrued from the distributed fuel-
efficient cookstove. Using both prior knowledge from the literature on time savings from
improved cookstoves and our newly collected primary data, we then model how these time
savings vary by the selected subset of population and study characteristics and predict the
conditions under which this improved cookstove would best perform.

This dissertation adds to the literature on the impacts of improved energy access
in low- and middle-income countries by examining the implications of new technologies or better
access to current technologies specifically on outcomes pertinent to women, such as labor
productivity, time use, and empowerment within households and communities. It is directed
towards practitioners as well as technology implementors interested in providing energy services
to rural populations, especially in Sub-Saharan Africa and South and Southeast Asia. The last
chapter particularly, while focusing on a specific improved cookstove intervention, utilizes
methods that are transferable to other technologies and sectors, and can provide implementors
with insight into the populations and geographical contexts in which their technologies are most

likely to have positive impact.



2. Gender empowerment and energy access: Evidence from
seven countries’

2.1 Introduction

Lack of access to modern energy services plays an important role in gender-based
cultural and economic inequalities. First, women typically spend more time obtaining and
using cooking fuels in addition to performing other household chores (Krishnapriya et al.
2021). Studies show that women, who spend less time on such tasks can enjoy increased leisure
time? and income generation or productivity (Jeuland et al. 2020a, Alam & Chowdhury 2010,
Barstow et al. 2019, Winther et al. 2018, Sheikh 2014, Jagoe et al. 2020). Further studies show
that reductions in energy poverty are associated with greater employment opportunities and
shares for women, as well as decision making about household expenditures (Nguyen & Su
2021, Choudhuri & Desai 2020). Second, the health costs of solid fuel collection and use are
large and disproportionately borne by women due to gendered cooking norms. For example,
women spend more time breathing in air pollutants from cooking with solid fuels, with myriad
health damages (Lim et al. 2012, Ezzati & Kammen 2001, Mehta & Shahpar 2004). Carrying
firewood regularly can also physically damage the body (Njenga et al. 2021).

Although the unequal burdens of energy poverty are pervasive in many rural low and
middle income regions, women’s agency in household energy choices is diminished by cultural
norms and the low market value that is often placed on women’s labor (Reddy et al. 2000). This
in turn likely diminishes the uptake of technologies that could reduce such burdens (Kowsari &

Zerriffi 2011). The men, who commonly make decisions on major purchases tend to under-

! This chapter is published in Environmental Research Letters. I have not altered the text or figures but have
reformatted table numbers and titles according to Duke University guidelines. The reference can be found in
the References section, Chandrasekaran et al. (2022).
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invest in energy poverty-reducing technologies, maintaining asymmetric burdens on women
(Jagger & Das 2019, Jeuland & Pattanayak 2012). Therefore, women’s empowerment can
influence the uptake and use of improved energy services; concurrently, the use of improved
energy services can improve women’s societal standing.

Previous studies have considered many aspects of the complex associations between
women’s empowerment and use of improved and clean energy technologies. Analysis have
considered various levels of these associations ranging from national to household levels. For
example, Nguyen and Su (2021) consider how access to clean fuels and electricity in 51
countries contributes to various individual measures or proxies of empowerment, including
employment in different jobs and education levels of women relative to those of men (Nguyen
& Su 2021). Other studies frame their analyses of energy-empowerment relationships in the
opposite direction, i.e., analyzing how empowerment affects energy access. For example, a
household level analysis by Choudhuri and Desai (2020) suggests that women’s access to
salaried work and control over household expenditure decisions increases use of clean fuel in
India.

There is also considerable discussion in the literature of which measures of energy
access and empowerment to use. Pachauri & Rao (2013), for example, detail the multi-
dimensional nature of both energy services and empowerment, providing arguments both for
and against inclusion of characteristics such as labor force participation, head of household
status, and access to groups in the measurement of empowerment (Pachauri & Rao 2013). As
noted in Burney et al. (2017), who create a multi-dimensional empowerment index specific to
rural Benin, the tradeoff between a singular general index and context-specific empowerment
measures is that the former facilitates comparative measurements, but at the cost of loss of

cultural and other local specificities (Burney et al. 2017).
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In this context, a major goal of our study is to test for consistency in the relationships
between empowerment and energy access variables across a wide range of low-income
countries. Our specific contributions are first, to use data from the Multi-Tier Framework
(MTF) surveys, a rich energy services dataset, to first construct a single empowerment index
that includes both intra-household and intra-societal measures of women’s empowerment
highlighted in the prior literature, subject to data limitations. Second, we analyze patterns of
co-variation of basic measures of household energy/electricity technology access and women’s
empowerment, both pooled and across a set of seven relevant countries, where energy poverty
and gender inequality both remain substantial. While we perform cross country comparisons, at
its core this is a household level analysis, specifically to analyze whether women with greater
agency are able to influence household level energy decisions.

While we are not the first paper to use the MTF datasets to study energy access or
empowerment, to our knowledge, prior work has not used these data to construct a household
level index of empowerment, to examine multiple correlations between empowerment and
different energy/electricity access or to consider how the household level relationship between
these variables varies by geography and technology. Our analysis is not causal —we do not
attempt to isolate how energy access leads to empowerment, or conversely how empowerment
leads to enhanced energy access. Rather, the patterns we uncover across 25,000 households in 7
countries represent associations between these variables, both in simple bivariate terms, and also

in multivariate analyses - controlling for a set of other covariates.



2.2 Data and methods
2.2.1 Data

We use a new energy-focused, multi-country data set, the MTF survey, to examine the
household level association between measures of women’s empowerment and energy access. The
MTF surveys were developed to support tracking of Sustainable Development Goal 7: Universal
access to modern energy (ESMAP 2018). We leverage the household, community, and local
institutional surveys. We focus on the countries for which complete data on a core set of
empowerment and energy access variables are available (Cambodia, Ethiopia, Myanmar, Nepal,

Rwanda, Sdo Tomé & Principe (STP), and Zambia).

2.2.2 Empowerment measure

Empowerment is a multi-dimensional concept that incorporates economic, political,
social and psychological dimensions (Das et al. 2020). The MTF household surveys include
demographic characteristics of household members, measures of women’s access to credit,
women’s membership in various community groups, and their mobility. We first examine
different proxies for women’s empowerment that have been proposed in the literature including:

1. An indicator for a female household head: 1 if the household head is a woman, and
0 otherwise;

2. The share of adult women in the household (defined as the ratio of the number of adult
women to the total number of adults in the household);

3.  An adult women’s education measure (average of the total educational attainment,
measured in years, by adult women in the household);

4. The share of women employed in paid work (defined as the ratio of adult women employed
in paid work to the total number of adult women in the household);

5. Women’s reported mobility (an aggregate measure of three sub-measures of mobility
pertaining to visits to family or friends, markets or economic centers, and to locations
outside their village);



6. An indicator for women’s access to various social groups or activities: 1 if the main female
survey respondent was a member of any of a set of key groups or activities, and 0 otherwise;
and,

7. An indicator for credit access: 1 if the female respondent had her own bank account, 0.5 if
she had a joint account, and O if she did not have a bank account.

A more detailed description of these variables is provided in Table Al in Appendix A.
Table 1 presents the mean (across households) for each these seven indicators for the overall
sample and in each country and reveals considerable variation within and across our pool of 7
countries.

Across our sample, the share of female household heads is 25 percent, ranging from 20
percent (Nepal) to 30 percent (in STP). Average educational attainment for adult women
ranges from 0.5 (Rwanda) to 3 (Myanmar) years. Likewise, women’s participation in paid
occupations differs within and across countries; it is the highest being in Cambodia (60
percent) and the lowest in Ethiopia (28 percent). Both Cambodia and Rwanda have more than
50 percent of women employed in paid work. The share of adult women in the household
varies between 35 and 43 percent. Mobility is highest in Myanmar and lowest in Rwanda,
whereas the share of women participating in social groups or activities is highest in Nepal
(41.7 percent) and lowest in Rwanda (3 percent). Access to credit (bank accounts) is highest
among women in Nepal and lowest in Myanmar.

Figure 1 presents the respective z-scores for these variables, which helps to facilitate
comparison of estimates from each country specific model. Figure 1 shows that Rwanda and
Zambia stand out as having relatively low levels of these individual measures of women’s
empowerment, while Nepal has the highest overall levels in the sample, mostly owing to high

access to credit in the latter country. Nonetheless, the small number (of 7) countries in the



sample limits how much we can say about cross-country differences. The estimates for rural and
urban samples are presented in Appendix A, Tables A2 and A3, respectively.
For our statistical analysis, we construct a household level women’s empowerment index
(E) using the seven measures of women’s empowerment as follows. First, we standardize the
values of the indicators by generating z-scores for each indicator using the pooled country sample
means and standard deviations. Second, we employ Principal Component Analysis (PCA) to
construct an empowerment index using these z-scores in the pooled dataset (details are provided
in Table A4 — A7 in Appendix A). We use the value of the first component as the weight for
constructing the index. Third, we normalize that value such that it ranges from 0 (minimum
empowerment) to 100 (maximum empowerment).
Figure 2 depicts the empowerment index aggregated by country. In the overall sample,
STP has the highest empowerment index value (6.4), and Rwanda has the lowest value (4.1).
This unsurprising result is somewhat in line with the breakdown of individual component
variables shown in Figure 1, though with some reweighting (Table A7). For instance, STP has
the highest share of female household heads, which is relatively heavily weighted, as well as the
second highest value for the mobility measure. Meanwhile, Nepal has the highest score for
credit access (which is less heavily weighted), and the second highest share of women in the
household (which is in contrast more heavily weighted) and social group membership (which is
less heavily weighted). Similarly, Myanmar has the highest average educational attainment
among women (relatively high weight), the highest score for mobility (relatively low weight),
and the highest share of women in the household (relatively high weight). While for some of
these in-between countries, the relative weighting switches their relative rankings, Rwanda is
clearly at one extreme. Its low overall index is likely because Rwanda has the lowest average

female educational attainment, the lowest mobility measure, the lowest social group
8



membership, low women’s access to credit and a low share of women in the household. (See
Table A8 for empowerment index averages for the overall, rural, and urban samples in each

country).
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Table 1. Dimensions of women’s empowerment — Overall Sample

Cambodia Myanmar Nepal Ethiopia Zambia Rwanda Sao Tome & All
Principe
Female household  0.26 0.22 0.20 0.29 0.25 0.25 0.30 0.25
heads (fraction) (0.44) (0.41) (0.38) (0.45) (0.43) (0.43) (0.46) (0.43)
Mean education of  2.32 2.98 1.99 2.15 1.59 0.47 1.71 1.92
women in (7.72) (2.41) (1.92) (2.62) (1.85) (0.55) (1.84) (3.40)
household
Women employed  0.60 0.35 0.35 0.28 0.32 0.53 0.33 0.39
in paid work (0.41) (0.39) (0.41) (0.40) (0.43) (0.44) (0.42) (0.43)
(fraction)
Mobility measure  1.50 2.41 1.88 1.70 1.47 1.07 1.98 1.72
(1.32) (1.03) (1.21) (1.34) (1.42) (1.31) (1.40) (1.34)
Access to group 4.06 6.92 41.72 18.83 18.83 2.97 15.78 18.07
membership & (19.73) (24.50) (49.31) (39.10) (39.10) (17.00) (36.46) (38.48)
activities (%)
Access to credit 0.06 0.04 0.44 0.26 0.06 0.09 0.15 0.19
(fraction) (0.23) (0.19) (0.49) (0.43) (0.23) (0.31) (0.35) (0.39)
Share of adult 0.40 0.43 0.40 0.38 0.34 0.35 0.36 0.38
women (fraction) (0.20) (0.21) (0.17) (0.23) (0.27) (0.22) (0.27) (0.22)




STP =__
Rwanda _—
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Figure 1. Average z-score for different individual component measures that contribute to
the women’s empowerment index constructed in this study.

Figure 2. Value of empowerment index (E) across countries in our sample
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2.2.3 Energy technologies
2.2.3.1 Cooking energy technology
For cooking energy, we consider the primary fuel source and the main cookstove
reportedly used by households to determine whether the household relies on an improved
cookstove (ICS) or a clean fuel (clean cookstove, hereafter) for most of its cooking needs. We use
the method described in Krishnapriya et al., 2021 to classify cooking fuels as clean or dirty, and
cookstoves as ICS or otherwise. In particular, we construct two variables for use of ICS and clean
cookstoves. ICS = 1 if the household primarily uses an ICS and 0 otherwise. Likewise, the clean
cookstove = 1 if the household primarily uses a clean fuel, and 0 otherwise.
In Table 2, we report the primary use of ICS and clean stoves in the overall sample.
The share of households that use ICS is highest in Cambodia (65.2 percent), followed by
Myanmar (63 percent). Ethiopia (10.3 percent) and Zambia (13.1 percent) have the lowest use.
Similarly, Cambodia has the highest share of clean cookstove users (42.4), while Rwanda has
less than one percent of households using a clean cookstove, followed by STP (1.2 percent),
and Ethiopia (3.7 percent). Tables A9 and A10 present the ICS and clean cookstove use in the
rural and urban sub-samples. As expected, in every country in our sample, the use of ICS and
clean cookstoves is higher in urban regions. As in the overall sample, Cambodia and Myanmar
have the two highest shares of rural households using ICS and clean cookstoves. Ethiopia has
the smallest share of rural households using ICS and clean cookstoves. On the contrary, in the
urban sample, the share of households using ICS is highest in Myanmar, while Cambodia has
the highest share of households using clean cookstoves. Ethiopia has the smallest share of
urban households using ICS and STP has the smallest share of urban households using clean

cookstoves.
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Table 2. Different dimensions of energy access across countries - Overall sample

Country Access  Accessto Access to Access  Access to Access to
to ICS clean electricity  to grid generator solar
(%) cooking  (grid, (hrs) (hrs) (hrs)

fuel (%)  generator,
solar) (%)

Ethiopia 10.3 3.7 74.3 12.2 0.04 0.69
Zambia 13.1 12.9 37.8 7.1 0.00 0.46
Rwanda 38.9 0.8 52.4 9.1 0.00 0.25
Cambodia 65.2 42.4 74.6 15.5 0.06 1.2
Nepal 41.6 32.9 84.6 3.8 0.01 0.29
Myanmar 63.0 36.4 89.0 14.1 0.17 1.54
Sao Tome & 32.9 1.2 54.6 9.1 0.07 0.04
Principe

2.2.3.2 Electricity
For electricity, we use both access to a household connection (a binary indicator
variable) as well as the average number of hours of electricity typically available to households
in a day, which is a more nuanced measure of quality (summary statistics by country are shown
in Table 2). We also include connections to generators and solar technologies. We include the
average number of hours of availability from the full set of sources used — national grid, a
generator, and household energy devices (usually solar). All measures in all countries are

significantly higher in the urban samples (Tables A9 and A10).

2.3 Regression analysis: is demand, access correlated with empowerment?

2.3.1 Empirical strategy
We use ordinary least squares (OLS) regression to examine the linear associations

between women’s empowerment and energy access at the household level (Eq. 1).

Yij = a + BE; + w; €Y)
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We run a set of four bivariate regressions for each country, j, to check if empowerment
at the household level, (Eij) is significantly correlated with four distinct measures of energy
access (yij):

i) ICS technology, broadly defined to include ICS and clean cookstoves,
ii) Clean cooking, defined as 1 only if clean fuels are used,
iii) Any electricity connection (national grid, generator, solar energy), and
iv) Hours of access to national grid electricity.

uij is the error term. Thus, we obtain four different 8 values for each country. Then, we
repeat these household level analyses for the rural and urban subsamples in each country.
Finally, we run single and separate urban and rural regressions with the full pooled sample,
which also includes country fixed effects.

Following the bivariate analysis, we estimate a multivariate model with controls (Xij)
that include (i) an indicator for urban residence, (ii) household size, and (iii) household wealth.

Yij = a + BEj; + yXi; + w; (2)

In all regression analyses, we cluster standard errors at the smallest available unit above
the household. The units correspond to ‘locality’ in Sdo Tomé and Principe (STP), ‘sampling
cluster’ in Rwanda, ‘district’ in Zambia, ‘Kebele’ in Ethiopia, ‘village’ in Cambodia, ‘township’

in Myanmar, and ‘VDC/Municipality’ in Nepal).

2.3.2 Results
Figure 3 presents the two-variable OLS regression results for the overall sample in each
country and in the pooled multi-country sample of households that relate the women’s
empowerment to each of the four energy access variables: ICS technology, clean cooking fuels,

any electricity, and electricity hours. (Table A1l in Appendix A provides additional details).
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The pooled results show a positive and significant association between empowerment and all
four measures at the household level. The country-wise results are mostly similar for Zambia,
Ethiopia, Myanmar, and Nepal. However, this overall positive association is less supported in
Cambodia and STP (positive but statistically insignificant), and Rwanda (negative).

In Rwanda, the correlations are negative and statistically significant, except for clean
cookstoves, where the correlation is positive but insignificant. As shown in Figure 1, high E in
Rwanda is mainly driven by the high ratio of working adult women in many households.
Importantly, such households tend to be income poor compared to households with a lower share
of working women. Thus, higher E women could be poorer either because of strong gender norms
in the region that constrain women from working unless it is deemed essential for survival??, or
because most such women work in the informal sector and belong to lower socio-economic
strata.?®

The corresponding regression estimates for the rural and urban samples are presented in
Figure 4 and Figure 5 (Tables A12 and A13, respectively, in Appendix A). As in the overall
sample, we find that E is mostly positively related to energy access measures in the pooled (rural
& urban) samples. Country-wise correlation patterns remain generally similar, but several lose
statistical significance, likely because these samples are smaller and statistical power is, therefore,
lower. Some exceptions to the patterns also merit additional discussion. First, associations
between E and clean cookstoves are not statistically significant in rural STP, nor in urban
Cambodia. Second, the association between E and electricity access is positive and statistically
significant only in urban Cambodia. Lastly, the association between E and the electricity hours is
less precisely estimated (i.e., not statistically significant) in Cambodia and Zambia (both rural and

urban), STP (rural) and Nepal (urban).
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Clean cookstoves
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Figure 3. Linear association between different measures of energy access and empowerment
index (E), based on OLS bivariate regression estimates reported in Appendix A, Table A1l.
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Figure 4. Linear association between different measures of energy access and empowerment
index, rural sample, based on OLS bivariate regression in Appendix A, Table A12.
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Figure 5. Linear association between different measures of energy access and empowerment
index, urban sample, based on OLS bivariate regression in Appendix A, Table A13.

Finally, we examine the empowerment-energy correlations using a multivariate model
that includes household size and wealth as covariates. The correlation patterns in these analyses
are similar to those observed in the bivariate model (see Tables A14 — A16 in Supplementary
Material A). Specifically, the signs on the coefficient on £in the pooled country sample remain
similar and statistically significant. However, in the country-level results, the coefficient on E

loses significance in some specifications.

2.4 Discussion and conclusion
Gender inequality in low-and- middle-income countries can lead to disproportionately
high burdens of energy poverty (e.g., time and health burdens associated with reliance on solid
fuels and unequal access to household labor saving devices) falling on women; in turn, poor
access to clean energy technologies helps perpetuate this dynamic. This is partly because
women often lack agency within the household, which likely slows household adoption of clean

energy technologies. While previous studies have implied that technology uptake and women’s
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empowerment are connected, there is limited quantitative research that systematically parses
these links at the household level across different technologies, countries, cultures, and
rural/urban divides.

Therefore, in this paper, we construct an index of women’s empowerment at the
household level that uses information on their education, employment status, relative position in
the household, mobility, access to social groups, and credit access. We then investigate how this
index is related to energy access. In general, we find a positive association between women’s
empowerment and energy access at the household level.

However, this empowerment-access pattern does not hold across all countries and
contexts. Rwanda presents the most striking divergent exception to this general pattern, partly
because even though the country scores poorly on most aspects of women’s agency, many
women participate in the labor force. In the case of Rwanda, labor force participation may be a
particularly bad measure of agency because it is correlated with poverty. Meanwhile, the positive
associations are perhaps clearest in Ethiopia and Nepal, where empowerment scores are relatively
higher. In Nepal, for example, it is entirely possible that more inclusive policies have led to more
rural banks, more community groups, and therefore perhaps more empowered women. However,
there are many facets of empowerment, including psychological, political, and social aspects, that
are omitted from our index (Das et al. 2020). If those aspects (e.g., political leadership, modern
banking) are systematically higher or lower in certain countries, these omissions could explain
some of the variation we see in energy access. It is also possible that cross-country differences are
driven by mechanisms that are not directly tied to women’s agency per se, such as the relative
cost of energy technologies. For example, in countries with high costs of energy technologies,
even high empowerment may not be enough to enable access. Unfortunately, in this case, without

many more countries and more variation in relative energy costs, we cannot clearly establish why
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some high scoring countries on empowerment do better than others. But it does suggest that
activating the virtuous cycle linking gender empowerment and energy access may require
achievement of at least some threshold level of empowerment (Das et al. 2020).

Our study has other limitations as well. First, gender is not restricted to, or defined by,
biological sex. According to one commonly used definition, gender is “the socially constructed
roles, behaviors, expressions, and identities of girls, women, boys, men, and gender diverse
persons” (Clancy et al. 2019). We focus on women mainly because the MTF datasets contain

only a binary characterization of gender.

Second, we only provide exploratory and descriptive evidence of associations between
empowerment and the uptake of improved energy technologies. We do not claim causality,
unlike some literature in this domain. Moreover, we are skeptical about causal claims regarding
empowerment-energy because of the bidirectional link between these variables (Das et al.
2020). As such, it is not surprising that several empirical puzzles (including the negative
association in Rwanda) emerge from the data.

To be sure, we need more studies of the exceptions to the mostly positive associations of
empowerment and energy access measures for some technologies and in some sub-samples.
Such studies would need to address potential reasons for this exception such as (i) low statistical
power (when the sub-sample is small and variation on key measures is insufficient), (ii)
confounding (by other factors correlated with both empowerment and energy access), or (iii)
other forms of misspecification of the complex dynamics between these variables. To some
extent, by pooling the data across countries we improve the statistical power, but pooling the
data does not necessarily address the other concerns. Additionally, the country fixed effects in

the pooled sample control for confounding by country-specific macro-level and infrastructure
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variables. Yet, these analyses fail to illuminate which of those country fixed effects are the most
important for energy access, which limits how much we can say about mechanisms by
comparing across countries. Simply put, we need many more countries that vary (statistically
speaking) along key dimensions of these higher order mechanisms to clearly establish which
ones matter (institutional or other country level factors). Further, the strength and statistical
significance of the energy-empowerment relationships also diminishes somewhat when
controlling for household wealth and size. While this is likely because of the correlation between
these controls and women’s empowerment, it suggests that other important confounders might
have been omitted.

Future work should attempt to unpack these complex causal connections, perhaps by
deploying an array of methods such as (1) before/after comparisons of the impacts of exogenous
improvements (via randomized trials or quasi-experiments) in empowerment, or (2) panel data
measuring changes in energy access.?® Such approaches are better able to account for
confounding factors, for example, households’ prior experience with different technologies.
Qualitative methods can not only better characterize empowerment but can also shed light on
complex mechanisms of change, especially when carefully mixed with the quantitative methods
discussed above.

Third, while we use a range of empowerment and access measures, future work could
consider a more complete set of metrics or alternative constructs representing either
empowerment or access. While the empowerment aspects of the MTF data are somewhat
limited, more could be done to model fuel stacking (the use of multiple sources that are both
modern and polluting) with the rich MTF data set. It is now better appreciated that most
households in low-income contexts “stack” fuels for a variety of reasons related to affordability,

reliability, convenience (of alternatives), and cultural tastes and norms. Exploring how gender
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empowerment figures into these dynamics would be a fruitful area for future research (Shankar
et al. 2020, Masera et al. 2000).

Despite these limitations, to our knowledge, we are the first to examine the associations
between multiple aspects of women’s empowerment and multiple energy access at the
household level, using observations from such a broad range of low-income African and Asian
countries. Beyond a pooled analysis of a common energy-empowerment correlation regardless
of setting, we also examine how these associations vary both across and within countries and by
technology. As such, we present a starting point for more refined future explorations of the

energy-gender nexus.
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3. Gendered time-use benefits from improved cooking
solutions: A multi-country impact evaluation

3.1 Introduction

Three billion people around the world rely on solid biomass fuels for their daily cooking,
cleaning, and heating needs (IEA et al., 2021). It is estimated that the costs of procurement of
solid biomass fuels for the global energy-poor is in the tens of millions of worker years annually
(Kammila et al. 2014). Additionally, women typically spend more time obtaining and using
cooking fuels, breathing the air pollutants from cooking with solid fuels (Lim et al. 2013, Ezzati
& Kammen 2001, Shahpar 2002), and performing other household chores (Duflo 2012). Further,
cultural norms often diminish women’s agency in household decision-making and uptake of
technologies that would reduce such burdens (Kowsari & Zerriffi, 2011). This inequality
perpetuates because low market value is placed on women’s labor and time savings that are
accrued when households have access to a variety of technologies such as efficient cookstoves,
washing machines, and refrigerators (Reddy et al. 2000). As a consequence of such low
valuations, households — with men commonly at the helm of decisions on buying appliances —
tend to underinvest in energy poverty-reducing technologies, maintaining this asymmetric burden
on women (Jagger & Das 2018. Jeuland & Pattanayak 2012).

One solution to reducing the unequal burden of fuel collection is the installation and
usage of improved cookstoves (ICS) (Barnes and Samad, 2018; Jeuland et al., 2020a). An ICS
could refer to a stove that solely relies on cleaner fuels such as electricity, LPG, biogas, or
kerosene; or a stove which burns biomass fuels more efficiently, i.e., necessitates less fuel, and
cooks food more quickly. While the sole usage of clean fuel cookstoves would fully remove the
need to collect solid biomass fuels, they are not always feasible or sensible in rural, low-income

populations due to the unavailability of certain fuel types, low electrical grid connection rates or
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adoption of electric cooking appliances, high costs which make certain fuels inaccessible to
many, and cultural norms around how food should taste and be prepared (Bensch et al., 2015;
Pattanayak et al., 2019). Additionally, cleaner fuels which cannot be collected from the
environment are often less frequently available or fully unavailable in nearby markets, which can
impede the ability of some households to switch to those fuels even if they have the means to do
so (Mobarak et al., 2012), hindering any potential time savings benefits from clean fuel
interventions. Therefore, many ICS evaluations, particularly in remote rural areas, consider the
impacts of the last category of ICS, fuel-efficient cookstoves, due to their higher uptake rates and
ease of use.

This study focuses primarily on understanding and quantifying the time, labor
productivity, and complementary impacts on the individuals who are responsible for fuel
procurement and cooking when they receive a fuel-efficient, firewood burning, ICS. We survey
3,041 households in four countries in Eastern and Southern Africa using a quasi-experimental
study design where approximately half the surveyed households receive an ICS and the other half
serve as a comparison group. Given the challenges of time use measurement in rural developing
country settings, we also include an experimental approach and deploy three different survey-
based time use elicitation methods, which allows us to test for the consistency of impact measures
to how time use is reported, and descriptively examine the relationship between different time use
elicitation methods. We consider labor productivity in terms of increases in time spent on income
generating activities, time spent on unpaid labor on one’s own farm, household income, and
agricultural output. We also examine complementary outcomes such as changes in fuel purchase
versus collection behavior.

The current literature regarding time use and its related benefits is limited relative to the

literature that studies health-impacts of the same. The results of our study add to a substantial
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literature on the benefits of decreasing usage of solid biomass fuels, but from this less frequently
studied angle of gendered time savings and labor productivity outcomes. Importantly, we use a
standardized survey methodology and analysis across all regions studied in all countries, to
ensure comparability of results and to better understand whether cookstove interventions have
different impacts based on site or household characteristics.

We find that our results do not align with many of those in the literature, in that this
improved cookstove seems to lead to minimal time savings in fuel collection, preparation, and
cooking. We do, however, see improvements in income and agricultural revenue in some
contexts, though the pattern does not hold across countries. We also find that the consistency

between different time use methods is dependent on the activity that is being measured.

3.2 Background

We begin with a review of current literature that investigates the time savings and labor
productivity benefits of fuel-efficient biomass cookstoves. Numerous studies have shown time
savings benefits from improved cookstoves of many types, including those that continue to burn
biomass. Time is primarily saved in three activities: fuel collection (Nepal et al., 2011; Burwen
and Levine, 2012; Lewis et al., 2017; Barstow et al., 2019; Pattanayak et al., 2019; Meeks et al.,
2019), fuel preparation (Thakuri, 2009; Uckert et al., 2017; Barnes and Samad, 2018; Jeuland et
al., 2020b), and cooking (Alam & Chowdhury, 2010; Jagger & Das., 2018; Jagoe et al., 2020;
Onyeneke et al., 2018), with many of the referenced papers studying a combination of those
activities. The range of time savings varies substantially due to numerous factors including the
geographical context of the intervention, population characteristics, survey methodology, and

type of cookstove (Krishnapriya et al., 2021). In this chapter, we will discuss the latter two as
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well as time reallocation. We will discuss the literature concerning geographical context and

population characteristics in Section 4.

The literature suggests that the method by which time use information is gathered yields
different estimates of time allocation to tasks such as resource collection and use. For example, a
review of the literature of time allocation in a parallel task, water collection, found substantial
heterogeneity in time estimates depending on whether time use data were collected by directly
asking respondents about time spent on specific activities (“stylized questioning”) or asking the
respondent to recount their entire day (“time diaries”) (Chandrasekaran et al. 2022). Firewood
collection time estimates behave similarly to water collection estimates, with vast heterogeneity
in time estimates across surveys that deployed different time elicitation methods. A review of the
literature in time savings from improved cookstoves found that studies which used time diaries to
calculate time savings from improved cooking technologies found an average of 43.5 min/day
saved in fuel collection, preparation, and cooking, while studies that used direct questioning
found an average time savings of 76.3 min/day. Time estimates also varied based on recall period,
for example asking about a typical day versus a recent day (Krishnapriya et al. 2021,
Chandrasekaran et al. 2022).

Existing methods for time use measurement in applied research can be grouped into five
basic categories: “stylized” time use questions and traditional time diaries, mentioned above, along
with hybrid time diaries, the experiential sampling method, and direct observation. All except the
latter rely on surveys with the individuals whose time use is being captured.

First, "stylized" time use questions focus on a limited number of specific activities of
interest and are the predominant method for time use measurement in most field studies.

Respondents are asked about the duration of the activities in question and are typically allowed to
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report this duration in different units, e.g., minutes or hours (National Research Council, 2000).
The advantage of this method is that it is relatively efficient to ask, easy to understand and
implement, and therefore cost-effective (National Research Council, 2000). However, there are
potential disadvantages. First, Hirway (2021) notes that individuals tend to overstate time spent on
socially beneficial activities when using stylized methods. For example, parents report spending
more time reading to their children with this method compared to the time diary approach (National
Research Council, 2000). Second, if there are numerous activity categories, the large number of
“stylized questions” required per activity may eliminate the relative gain in efficiency.

Second, the traditional time diary method asks respondents to document their time use
allocation across all activities over a fixed period, typically 24 hours. The diary can be completed
in real-time or retrospectively (National Research Council, 2000). To address potential ambiguities
in respondent descriptions of activities, activities are typically coded according to standardized lists
defined in a survey preparation phase. Enumerators use these codes to categorize respondents’
activity descriptions during interviews, data entry, or analysis (Belli, Stafford, and Alwin, 2009).
When done retrospectively, the approach is most often implemented by an enumerator during an
in-person interview, who begins by recording the time the respondent awoke on the previous day,
and then asks the respondent to recount each activity and its duration until the respondent says they
went to sleep. Thus, survey enumerators must be well trained and proficient in interpreting
respondents’ descriptions (Seymour et al., 2017). A time diary is fairly time intensive to administer,
especially if time use patterns of multiple household members are of interest. Additionally, its
accuracy hinges on respondents remembering their schedules and being able to translate their
schedules into minutes and/or hours.

Third, the hybrid time diary, introduced by Narayan-Parker et al., 1993 and later by Masuda

et al. (2014) is designed to help reduce the cognitive burden of traditional time diaries. It has been
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proposed as a useful, less time intensive alternative to traditional time diaries for use with low-
income, low-education respondents who may be unfamiliar with Western time conventions and
measurements. Participants allocate tokens, based on their time use during a 24-hour period, across
a pre-specified set of activities. For example, if the exercise is done with 24 (48) tokens, each token
represents one (a half) hour of time use, that can be allocated to a given activity category. The
activities are depicted using pictorial cue cards. Once all tokens are allocated across activities,
respondents can revise their allocations, with guidance provided by the enumerator. This method
both streamlines the interview process and reduces frustration due to participant exhaustion. It also
makes it relatively easy to ask about multi-tasking, since follow-up questions can probe - again
using token allocations - whether passive activities (e.g., childcare, or socializing) occurred
alongside the main activities. In a study conducted in rural India, Field et al. (2022) found that this
method was more consistent with direct observations of activities by enumerators than traditional
time diaries, but that it tended to miss short-duration activities.

Fourth, the experiential sampling method is substantively different; participants are
equipped with a pager, beeper, or adjustable wristwatch, and receive random natifications
throughout the day, asking them to report their activity at the time the alert is received. Upon
receiving an alert, participants note their activity, and may be asked follow-up questions
(Sonnenberg et al., 2012; Csikszentmihalyi and Larson, 1987). The immediate response system
reduces the likelihood of recall errors. However, the frequent and potentially intrusive alerts
(Gershuny, 2011) may deter participation among some individuals, introducing a selection bias as
certain segments of the target population might opt out of the study. In addition, if an individual is
notified during an activity that requires concentration and attention, they may not report until much

later, raising questions about what exactly was captured.
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Fifth, the final main alternative method for time use measurement is direct observation,
using enumerator observation or tools like cameras, tracking devices, and observation rooms
(Seymour et al., 2017; Weigl et al., 2009). This approach accommodates individuals who are not
literate or familiar with Western concepts of timekeeping, since they are not asked to report
anything, removing the necessity for reading, writing, or adhering to specific temporal structures
(ILO and UNDP, 2018). It can be very expensive, however, especially when human observers
must spend considerable time watching participants go about their daily activities or analyzing
camera recordings. The use of sensors, on the other hand, may reduce cost but introduce
uncertainty concerning the nature of the activities, since they typically identify where participants
go but what they were doing. Some critics additionally argue that observational methods are
prone to Hawthorne effects, in the sense that participants’ awareness that they are being observed
alters their behavior (Floro, 1995).

The appropriateness of these various time use methods is related to both their reliability
and feasibility. Regarding reliability, biases in time use measurements can vary based on the
activity in question. For instance, Seymour et al. (2017) found that while stylized time use questions
and traditional time diaries yield similar results for paid labor, their estimates diverge significantly
for activities like shopping. Juster and Stafford (1991) theorize that the frequency of an activity
influences the accuracy of different measures; more routine activities tend to produce
more consistent responses. This insight underscores the need to closely examine irregular activities,
which relate to some types of agricultural tasks as well as collection of biomass fuel from the
environment. Regarding feasibility, evaluations typically focus on cognitive challenges, which
examine the ease of recalling an activity and its duration, and the associated time and financial
implications of the elicitation technique (Seymour et al., 2017; Elssler et al., 2022). For studies

aiming to capture relatively limited time use, a few simple “stylized” questions may be deemed
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most appropriate. But particularly in the context of an evaluation of an intervention, the potential
for social desirability bias is a concern, where respondents may answer in strategic ways (e.g., to
overstate or understate the benefits obtained).

Next, time savings benefits are also dependent on the type of technology that is deployed.
Somewhat surprisingly, fuel-efficient biomass cookstove interventions suggest only slightly lower
time savings benefits than their clean fuel counterparts. In a set of 34 time savings estimates from
a broad range of improved cookstove types including fuel-efficient biomass, biogas, electric, LPG,
and kerosene cookstoves, fuel-efficient cookstoves produced an average time savings of 60.3
min/day relative to the overall average of 67.9 min/day (Krishnapriya et al., 2021). Ding et al.
(2014) compared multiple energy interventions in rural northwest China and found that daily
cooking time for those with no intervention was 1.2, 1.09, and 2 times that of those with improved
biomass burning cookstoves, solar cookers, and biogas cookstoves respectively, and that time spent
on fuel collection dropped significantly, by 127 min/day, with the use of an improved biomass
burning stove. A 2004 World Bank report on energy impacts in rural India found that the difference
in time savings in fuel collection between LPG cookstoves and fuel-efficient biomass cookstoves
was less than 1 min/day, though the time savings difference during cooking was higher at 18
min/day (World Bank, 2004).

Although clean fuels theoretically burn much more efficiently than energy-efficient
biomass cookstoves and do not require time-consuming collection of fuel from the environment,
the latter technologies may practically achieve similar time savings for several reasons. First, they
may have higher rates of uptake and prolonged usage than stoves that use clean commercial fuels,
due to both price and adaptability to user and cultural needs. Price, both of initial purchase of
clean fuel cookstoves and long term ability to continue purchasing more expensive fuels, is often

the first barrier to adoption of an improved cookstove (Bensch et al., 2015; Usmani, Steele, &
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Jeuland, 2017). While biomass fuels are often collected from the environment at no cost, cleaner
fuels require payments that often fall far out of the budget of households who survive on
subsistence agriculture. Second, it can be difficult and expensive to fix or replace broken
technologies or procure commercial clean fuels in remote, rural regions, especially those that are
only accessible during certain seasons of the year (Singh et al., 2012). Third, cookstoves that have
been well adapted to user needs and cultural contexts, for example the ability to cook large
amounts of food at once, or the particular taste of the food itself, are more likely to be adopted
and stay in-use (Simon et al., 2014; Pattanayak et al., 2019). Fourth, households using clean
technologies may simply add them to a stack of cooking technologies that they use, rather than
fully displacing less efficient technologies.

There is also relevant literature on the gendered nature of the benefits of domestic labor
saving technologies. Women spend disproportionately more time than men on fuel collection,
cooking, and other forms of unpaid labor, decreasing their ability to participate in other activities
that could improve their general wellbeing and economic status (Jagger & Das, 2018), such as
leisure (Jeuland et al., 2020b) or income generation (Winther et al., 2018; Sheikh 2014). In fact,
there is evidence that the use of improved cooking technologies is associated with gender
empowerment outcomes including access to credit, mobility, and educational attainment (Das et
al., 2023; Chandrasekaran et al., 2023). However, cultural and social norms in many regions
prevent women from making household energy decisions that could improve their ability to
participate in such activities and attain greater empowerment. Lower investment in labor and
time-saving technologies that primarily benefit women has been observed in households where
men are primarily responsible for household energy decisions (Kowsari & Zerriffi, 2011; Jeuland

& Pattanayak, 2012).
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There is also a relatively small literature that considers outcomes that are complementary
to time savings from improved cookstove interventions, for example how time that is saved is
reallocated. Some studies show time savings is primarily reallocated to rest or leisure activities,
potentially due to a lack of casual labor opportunities, lack of income generating opportunities, or
regional social norms (Jeuland et al., 2020b; Jagoe et al., 2020). There is also evidence of time
reallocation to “productive” activities when there are clear casual labor or income generating
activity options that women can participate in or already occasionally participate in. For example,
one study of a fuel-efficient cookstove intervention in Rwanda found that 74% of women
reallocated time savings to agricultural and income-generating activities (Barstow et al., 2019).
Similarly, Alam & Chowdhury (2011) studied a fuel-efficient cookstove intervention in coastal
Bangladesh where women were able to work at a shrimp culture as a secondary occupation and
found both that women reallocated time savings to their secondary occupations and therefore
were able to increase their monthly household income contribution.

Sometimes these patterns of time reallocation are more complex than simple reallocation
to casual labor or wage earning activities. For example, Meeks et al. (2019) studied a biogas
intervention in Nepal and found that savings in fuelwood resulted in less time allocated to casual
labor, which generates cash quickly. However, more time was reallocated to agricultural labor,

which ultimately yielded higher returns in their region of study, albeit over a longer time horizon.

3.3 Intervention context, study aims, and evaluation design

3.3.1 Cookstove intervention and study setting
We study an intervention model that distributes simple, easy to manufacture, fuel-
efficient cookstoves (so called “TLC rocket stoves”) to households free of charge in several Sub-

Saharan African countries. According to the company promoting this technology, the stoves have

31



a thermal efficiency of up to 34.5% and can be fueled with finger-sized sticks or crop residues
instead of logs, large branches, or charcoal. The stove is designed to suit the local environment
and cooking styles of the regions of operation, with the goal of increased adoption and prolonged
use. For example, most distributed stoves have two burners, allowing families to cook food
simultaneously, mitigating the need to use a traditional open flame stove in parallel. Additionally,
the body of the stove is made from locally sourced and manufactured mud bricks, allowing
households to more easily fix their ICS within their own communities. A metal stick shelf, stove
top, and pot skirt are provided and help direct heat to the pot and contain the flame. Figure 6

provides an image of the distributed cookstove.
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Figure 6. The distributed improved coosktove (TLC rocketstove)
To carry out the stove distribution, the manufacturing company partners with a range of
local organizations familiar to individuals in the regions where stove distribution is planned
(implementing partners). A description of the implementing partners and their operations in the

study locations is provided in Appendix Table B1. The partners differ by country and by regions
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within each country. Implementing partners generally work aiming to “saturate” target
communities; that is, partners select a village in a region of interest and attempt to convert all
households using traditional technology to users of the higher efficiency stove. This process
begins with educational sessions on the benefits of switching to the improved cookstoves. Key
community leaders are identified within villages to aid in the installation and adoption process of
the cookstoves with the goal of reaching all households in the village who reach minimum
requirements for installation (covered space for the cookstove outdoors or a standalone kitchen).
Once most interested households in the community have installed the cookstove, implementers
move to adjacent villages, with the goal of then saturating the region. Stoves are paid for using
carbon credits, which are primarily sold through the voluntary carbon market owing to the
premium benefits —improved livelihoods in addition to mitigation of climate-forcing emissions —
that the intervention claims to provide.

The study initially considered interventions by implementing partners in 4 countries:
Tanzania, Kenya, Malawi, and Zambia. However, as data collection is not complete in Kenya,
this chapter only considers the results from Tanzania, Malawi, and Zambia. Cookstove
dissemination has been ongoing in Malawi since 2018, and because of the proximity of
neighboring villages in rural Malawi, new technologies tend to rapidly spread via word-of mouth,
meaning careful consideration had to be given to sample selection to avoid risks of
contamination. Similarly, cookstove distribution has been ongoing in Zambia since 2020, though
villages are slightly more dispersed in Zambian regions of study than they are in Malawi. On the
other hand, the stove distribution program in Tanzania is more nascent and, at the time of our
surveys, concentrated in a small region of Tanzania. The differences noted above in
implementation programs in each country had influenced our sampling strategy, as discussed

further in the Treatment Assignment section below.
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3.3.2 Main study aims and evaluation design

The primary goal of this research is to quantify the time, gender, and labor productivity
benefits of the distribution of the TLC rocketstove. Specifically, this research aims to (1) identify
the time savings from the TLC rocketstove; (2) explore complementary outcomes to time savings,
such as effects on household income, agriculture output, and fuel use behaviors; and (3) pursue a
comparative assessment of 3 different methods for measuring time savings in quantitative terms,
based on a survey experiment using three specific time elicitation techniques: direct questioning,
standard, and hybrid time diaries. Notably, the methods used are consistent across all study
regions and populations.

To pursue these objectives, we selected a sample of approximately 1,000 households
across different regions of each of the three aforementioned countries for a total sample size of
3,041 households enrolled at baseline, as displayed in Table 3. In each country, approximately
half of the sample was assigned to the control group and half to the treatment group, using a
geographic approach (described in additional detail below) that accommodated the implementing
partners’ forthcoming plans and implementation . At baseline, none of the sample households had
the intervention rocket stove or contact with implementing partners. After the initial round of data
collection, the improved cookstoves were distributed to a subset of treated households. Endline
data collection then took place in all households. After endline data collection, the control group
also received the improved cookstove.

Table 3 indicates the number of households assigned to each of the treatment and control
groups by study area at baseline (intended, pre-attrition) and at endline (intended, post-attrition),
the number of households that actually received or did not receive an improved cookstove (actual,
post-attrition), and finally the number of households that fall into as-treated control and treatment

groups in our analysis (analysis groups). In practice, the implementation timeline and its fidelity
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to the original design were slower than originally anticipated and imperfect. Communication gaps
between the promoter and the implementing partner teams working on the ground resulted in
cookstoves being installed in a substantial number of control households, especially in Malawi
and Zambia, where numerous implementing partners appeared to compete over stove
installations. The exposure period was also short for some households and did not materialize for
others. While quasi-experimental studies typically have to deal with issues of these kinds, the
scale and nature of contamination and non-compliance suggests more complex statistical analysis
is needed to conclude if intervention was impactful or not.

Treatment assignment is described in more detail in Section 3.3.3. We describe the
attrition and contamination in more detail in Section 3.3.8.

Table 3. Treatment assignment, intended and actual

Tanzania [ Malawi Zambia (Total
Treatment status T C T Cc T Cc [ Al
Intended, pre attrition 498 | 503 | 489 | 543 | 507 | 501 3041
Intended, post attrition 483 | 473 | 435 | 542 | 482 | 452 (2867
Actual, post attrition 371 | 546 | 543 | 434 | 401 | 492 | 2787
Analysis groups 371 | 451 | 543 | 343 | 401 | 245 |2354

Note the difference in the totals in Table 3 in the second versus third row are due to
nonresponse to the question in the household survey that determines whether the household
actually received the improved cookstove. We run the analysis using alternative definitions for

this variable, detailed in the results section.

3.3.3 Treatment assignment
The enrolled households in each country were selected to (1) be diverse in terms of

geography, agriculture, and availability and access to fuel and (2) assigned to treatment and
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control using a geographic approach that was meant to minimize the risk of contamination
between these two groups, given the implementation approach used by the promoters. Several
logistical factors were also considered during sample selection. These included our in-country
survey partners’ logistical capabilities, inter-village relations in regions of interest, and budget
constraints that influenced both stove dissemination across new target locations as well as the
research team’s data collection costs. Enumeration costs were also impacted by rising fuel prices
and extreme weather conditions. Because of regional differences in the aforementioned factors,
sampling decisions in each country varied slightly, as detailed below.

A. Malawi

We selected 5 traditional authorities (TA) in 4 districts spanning north, south, and central
Malawi, aiming to interview approximately 200 households in each traditional authority. As the
main promoter primarily uses two local distributing institutions in the country, one through their
own outfit (“Direct”) and a second through a different private entity, the sample was constructed
to include TAs falling under the purview of each group. Villages within each expansion TA were
randomly selected for inclusion in the study.

Then, within each TA, treatment and control splits were conducted at the village level in
order to reduce the risk of contamination and inter-household hostility, while maintaining a
roughly equal a number of households in the treatment versus control samples.

B. Zambia

We selected 4 districts in the Central, East, South, and Lusaka provinces of Zambia,
aiming to interview approximately 250 households in each district. As the main promoter works
with multiple implementing partners in Zambia, we selected sample sites to include districts led

by three of these partners, all of whom had connections to these sites as promoters of cotton
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ginning and farming assistance activities. Villages within the districts where these partners were
operating were randomly selected from a village list.

In Zambia, households are typically much more dispersed across the landscape than they
are in Malawi, hence we were initially less concerned about the risk of contamination.
Nonetheless, treatment and control selection was conducted at the village level to minimize the
chances of contamination between groups while maintaining a roughly equal number of
households in treatment versus control samples.

C. Tanzania

The cookstove promoter’s operations in Tanzania are much more nascent. Because of
this, we had more limited options in terms of the geographic diversity we could accommodate in
our sample, relative to the two other countries. We thus worked with only one implementing
partner, and identified appropriate places from which we could draw our sample. Similar to
Zambia, the implementing partner has previous ties to rural populations in the region of interest
via its promotion of cotton ginning and farming assistance programming. Our final sample
includes villages from four wards within the Maswa district in the Simiyu region of Northwestern
Tanzania. We included all villages identified by the implementing partner to maximize the
diversity of our sample. Similarly to Malawi and Zambia, treatment and control selection was

conducted at the village level.

3.3.4 Sample balance

Balance tests were conducted prior to the intervention in each country to confirm the
similarity of the treatment and control samples, on a range of variables, as summarized in
Appendix Table B2 (including all imbalanced variables). We checked for balance in age and

education of primary cooks, food insecurity levels, asset counts, types of stoves used, types of
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fuels used, group and bank account access for women, household size, and baseline time spent on
fuel collection, preparation, and cooking.

Balance tests were also conducted on pre-trend variables constructed from recall data
collected at baseline, on key variables such as perceptions of changes in the relative time spent
collecting fuel in dry versus rainy season in the recent past, changes in costs of fuel in the market,
prevalence of different methods of obtaining fuel (collection vs. purchase), and changing access
to community groups. These were calculated by taking the differences in current versus previous
values of the listed variables, and then comparing the differences between treatment and control
groups. All samples are balanced on the majority of key characteristics and pre-trend variables,
with the number of statistically significant differences being consistent with what would be

obtained by random chance.

3.3.5 Household survey

The household survey was administered to the “primary cook”, defined as the individual
most often responsible for cooking for the household. While we placed no restrictions on the
gender of the primary respondent of our survey, all 3,041 respondents turned out to be women,
indicating the highly gendered nature of cooking in these study locations. Some sections of the
household survey, for example parts of the agriculture module, included spousal participation, but
importantly, time use questions were asked solely to the primary cook.

The baseline and endline household surveys included questions regarding household
demographics and characteristics including occupation, income, and education for all household
members; a fuel and stove use module that captures current usage, costs, and preferences; an
agriculture module that includes prices and costs of planting, harvesting, and selling a range of
crops specific to each country; questions regarding time use agency; and three different modules

that collect time use data including stylized questioning of respondents, a traditional time diary,
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and a hybrid or pictorial time diary. The fuel and stove use, agriculture, and occupation modules
also capture how these data points may differ in dry versus rainy season, as agriculture and
availability of certain jobs and certain fuels is highly dependent on season.

The three methods of time use data collection require more detailed description. First, we
used direct method of obtaining time use data, or “stylized” time use questions. Respondents were
asked to estimate their time spent on a list of activities on a typical day during which the activity
is completed. The activity list included fuel collection, fuel preparation, household chores,
cooking, other work in the kitchen, tending or herding of animals, work on one’s own farm, and
income generating activities. All respondents in all countries were asked to estimate their time
spent on these activities, if they participated in them, in both rainy and dry seasons. The stylized
guestions were also asked for other types of household members, for example adult men and
adolescents, but this paper focuses specifically on the primary cook’s time use. Second, we used a
traditional time diary, where respondents recounted their activities from the previous day in 15-
minute increments. Respondents were not given a list of activities to select from; rather,
enumerators classified responses into a set of activities in a pre-selected list. Third, we used a
hybrid, or pictorial, time diary. Enumerators placed pictorial representations of nine common
activity groups selected based on piloting visits in each country in front of the respondent.
Activity groups included sleep, self-care, fuel collection and preparation, cooking, other
household chores, childcare, paid labor, unpaid labor, and leisure or socialization. Respondents
then allocated 48 tokens, each representing 30 minutes, to the activity cards based on how much
time they estimated they had spent on each activity during the previous day. This module also
accommaodated multi-tasking. Specifically, respondents were asked to specify whether they had
participated in other household chores, childcare, or leisure/socialization while also completing

any primary activities other than sleep. For example, if the respondent was caring for a child
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while participating in a primary activity such as cooking, respondents would allocate childcare
specific multitasking tokens to the cooking activity card. The stylized time use module was
administered to all households at both baseline and endline. At baseline, the traditional and hybrid
time diaries were administered in a random, non-overlapping 25% of households in each country.
At endline, households again received the stylized time use module as well as the same time
diary, if any, that they had received at baseline. In households that received both the stylized time
use module and a time diary, the order in which the modules were presented was randomized.
Table 4 displays the number of respondents who completed each time use module at baseline and
endline.

Table 4. Sample assignment to time use modules

Country | “Stylized” time use | Traditional time diary | Hybrid time diary
Malawi 1021/971 280/ 261 259/ 246
Zambia 993/838 248 /228 276/ 251
Tanzania 961 /881 240/ 222 236 /215
Total 3958 / 3145 1004 / 813 1042 /845

The value on the left is the number of respondents at baseline, the value on the right is the
number of respondents at endline

3.3.6 Baseline descriptive statistics

Key characteristics of the sample are provided in Table 5. The main occupation for
respondents in all regions surveyed at baseline, and especially in Malawi, was owning or renting
a farm, often for subsistence but occasionally to sell in markets. In Tanzania, a large number of
respondents also engaged in livestock rearing. Substantial numbers of respondents in Zambia and
Tanzania were retired or not currently looking for work.

The use of solid biomass fuels and traditional methods of cooking was extremely high at
baseline, with firewood, charcoal, and crop residue making up the vast majority of fuel use in the
sample. This highlights the relevance of a fuel-efficient solid fuel ICS as a partial solution to
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inefficient cooking in the study locations. The use of clean fuels was limited and never exclusive.
Most of those surveyed obtained firewood solely via collection from the environment, with a
range of 52% in Tanzania to 94% in Zambia. A smaller but not negligible percentage of the
sample obtained at least some fuel via purchase from markets or from fuel vendors visiting their
communities. Traditional three stone stoves were the most frequently used type of stove at
baseline, though many households used a secondary stove in order to cook food more quickly,
especially larger households. This secondary cookstove was almost always a firewood or charcoal

burning cookstove, rather than a clean fuel cookstove.

Table 5. Baseline descriptive statistics

Variable | Malawi | Zambia | Tanzania
Primary occupation
Own or rent farm (Crops) (%) 58.8 (607) | 25.8 (260) [29.3 (293)
Casual/Day laborer (%) 7.2 (74) 1.1 (11) 0.5 (5)
Self-employed, non-farm (%) 10.8 (111) | 11.2 (113) | 4.0 (40)
Wage employee, farm (%) 4.0 (41) 1.2(12) | 5.1(51)
Wage employee, non-farm (%) 1.2 (12) 0.8 (8) 0.6 (6)
Job Seeker/Unemployed (%) 14.2 (147) | 39.7 (400) [10.2 (102)
Student (%) 1.2(12) | 3.2(32) 0.6 (6)
Self-employed, livestock (%) 0.1(1) 0.2(2) |(24.1(241)
Other or Retired (%) 2.5(27) |16.8(170) |25.6 (257)
Total 100 (1032) (100 (1008)|100 (1001)
Time use (Stylized)
Fuel collection/preparation (min/day) 60.7 139.3 245.5
Cooking (min/day) 145.8 111.8 110.7
Paid labor (min/day) 75.9 33.1 35.7
Unpaid labor (min/day) 89.2 62.5 112.8
Household chores (min/day) 162.0 140.8 125.7
Farm ownership
own (%) | 94.3(973) | 97.6 (984) [83.1 (832)
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Rent (%) 2.3(24) 0.3(3) [14.1(141)
Borrow (%) 3.4(35) | 1.9(13) | 2.8(28)
Total 100 (1032) (99.8 (1000)|100 (1001)
Fuel use
Firewood (%) 98.2 (1013)| 95.5 (986) [97.6 (977)
Crop residue (%) 59.5 (614) | 1.1(11) 0.4 (4)
Dung (%) 0.3(3) 0.0 (0) 0.0 (0)
Biogas (%) 0.0 (0) 0.0 (0) 0.0 (0)
Charcoal (%) 28.1(290) | 12.2 (126) |11.9 (119)
LPG/gas (%) 0.0 (0) 0.0 (0) 0.0 (0)
Kerosene (%) 0.0 (0) 0.0 (0) 0.0 (0)
Electricity (%) 0.9 (9) 0.9 (9) 0.9 (9)
Ethanol (%) 0.0 (0) 0.0 (0) 0.0 (0)
Stove use
3-stone fire (%) 86.9 (897) | 95.4 (985) |97.0 (971)
Other traditional (%) 11.7 (121) | 9.6 (99) | 8.0 (80)
Other improved (%) 5.6 (58) 0.1(1) 4.2 (42)
CQC stove (%) 0.0 (0) 0.0 (0) 0.0 (0)
High efficiency biomass (%) 0.0 (0) 0.0 (0) 0.0 (0)
Manufactured, not high efficiency (%)| 1.9 (20) 0.2(2) 0.0 (0)
Gas (%) 0.0 (0) 0.0 (0) 0.0 (0)
Electric (%) 0.3(3) 0.0 (0) 0.0 (0)
Kerosene (%) 0.0 (0) 0.0 (0) 0.0 (0)
Ethanol (%) 0.0 (0) 0.0 (0) 0.0 (0)
Fuel acquisition

Collect (%) 68.7 (709) | 94.1 (949) |52.3 (524)
Purchase (%) 15.4 (159) | 1.8 (18) ([21.9(219)
Collect and purchase (%) 14.2 (147) | 2.3(23) |23.7 (237)
Pay someone to collect (%) 0.0 (0) 0.3(3) 0.0 (0)
Total 98.3 (1015)| 98.5 (993) [97.9 (980)
Household size 5.6 5.4 6.8

Notes:

For %, the parentheses indicate the number of households reporting affirmatively.
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3.3.7 Comparison of time use methods

In Figure 7, we compare time use in 5 different activities across countries and methods,
using the same baseline data. As shown, there are major differences recorded across the different
time use elicitation methods, but the cooking time estimates appear relatively more consistent, in
all four countries. This higher consistency may be related to the fact that the survey respondent
was always the primary cook in the household, who would therefore be expected to have fairly
precise knowledge of this activity. Another reason for the greater concordance in reported
cooking time across elicitation methods could be the fact that preparing meals is a frequent and

regular part of daily life in these rural locations, that likely varies less than other activities.
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Baseline Time Spent on Fuel by Country Baseline Time Spent on Chores by Country
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Figure 7. Baseline time use by elicitation method

In contrast, for activities that are less frequent or regular, or for which the division of
labor is less clear, such as fuel acquisition and preparation (less regular and potentially a shared
responsibility) or even unpaid and paid work (less regular, especially for the primary cook), the
approaches produce less consistent patterns. One plausible explanation for this is recall error.
Infrequent activities are more susceptible to memory biases, leading individuals to possibly
misremember or overestimate the time they spend. Another possibility is that seasonal variation
may lead to differences between what is seen as a typical day relative to the diary measures of the

previous day - this could be particularly relevant for labor allocation and fuel collection. They
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may also overestimate the frequency of engagement in the activity, which would result in our
estimating greater time spent per day on an infrequent activity. Another noteworthy finding is the
higher reported time spent on household chores in the hybrid diary when passive time use is
included, compared with other time use methods. On the one hand, the hybrid diary may be
subject to psychological biases, given that domestic chores tend to be unappealing to most
individuals. On the other hand, the hybrid time diary is also the only approach that directly
captures multitasking, which may lead to higher reporting of chores, since these may be more
commonly completed in a multi-tasking environment. Indeed, women often juggle multiple
responsibilities simultaneously, such as tending to household chores while also caring for infants
or young children.

Next, we examine the simple pairwise correlations (and their statistical significance)
between the time use captured by the "stylized" time use questions that all respondents
completed, and the traditional or hybrid time measures, that were completed by separate random
25% subsamples, in households which completed more than one time use survey method. We do
not expect perfect correlation, for several reasons. First, for activities that do not happen daily
(such as fuel collection), recall over the prior day, as occurs in the traditional and hybrid diaries,
will yield a mix of zeros and larger time amounts, relative to the frequency-adjusted estimates
derived from a typical day when the respondent engages in the activity. Second, the prior day
may be quite different from a typical day. Finally, as noted in the literature review above, each of
these measures are affected differently by recall bias as well as measurement error, that has to do
with how people think about time, as well as the frequency of their engagement in the activities
being discussed. We expect that correlations will be stronger for a) daily or frequent activities and
b) activities for which the respondent of the time use modules, the primary cook, is likely

responsible, such as cooking or domestic chores.
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Table 10 presents the pairwise correlations between the “stylized” time use questions and
the traditional time diary and hybrid time diary, for each of the two sub-samples that completed
the latter. The correlations are shown across each of the five main activities and by country:
Malawi, Zambia, and Tanzania, as well as for the overall “pooled” cross-country sample. Nearly
all of the correlations are positive, but not all are statistically significant, and the correlations
range from weak to moderate, never exceeding 0.5.

Table 6. Pairwise correlations of stylized time use questioning with each time diary

Country | Activity Traditional time diary | Hybrid time diary
Fuel preparation and acquisition 0.01 0.15***
Cooking 0.11%** 0.18***
Malawi Household chores: Inc. passiye 0.06 0.35***
Household chores: Exc. passive n.a. 0.17***
Unpaid work 0.05 0.10**
Paid work 0.35%** 0.19***
Fuel preparation and acquisition 0.22*** 0.18***
Cooking 0.20*** 0.21%**
Zambia Household chores: Inc. passiye 0.05 0.33***
Household chores: Exc. passive n.a. 0.13***
Unpaid work 0.16*** -0.13
Paid work 0.19%** 0.26***
Fuel preparation and acquisition 0.05 0.17***
Cooking 0.15*** 0.09*
Household chores: Inc. passive 0.04 -0.02
Kenya Household chores: Exc. passive n.a. 0.12**
Unpaid work 0.50*** 0.17***
Paid work 0.38*** 0.29***
Fuel preparation and acquisition 0.17*** 0.19***
Cooking 0.10* 0.02
Tanzania Household chores: Inc. passiye -0.13** 0.11**
Household chores: Exc. passive n.a. 0.11**
Unpaid work -0.24*** -0.04
Paid work 0.42%** 0.35***
Fuel preparation and acquisition 0.17*** 0.19***
Cooking 0.15%** 0.15***
Pooled Household chores: Inc. passiye 0.16*** 0.22***
Household chores: Exc. passive n.a. 0.13***
Unpaid work 0.08*** 0.05**
Paid work 0.32%** 0.26***
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The pooled sample, which has the greatest statistical power, shows the most consistent
positive and significant correlations between the stylized question measures and each of the
diaries. The weakest correlations are with the stylized measures and each of the diary measures of
unpaid work, where the correlations are below 0.1. In the pooled sample, the correlations are
greatest for paid work. Thus, the apparently greater agreement in the average time spent on
cooking (discussed previously with respect to Figure 7) does not extend to correlation of the
variation in cooking time that is reported across different sample respondents; in fact, the
correlations across measures for the more divergent fuel collection and preparation activity in
Figure 7 are actually higher than those for cooking here.

The degree of correlation for different activities also varies across countries. For fuel
preparation and acquisition, the correlations are all positive, but their significance varies. These
can only be judged as moderate in Zambia and Tanzania for both diaries, and in Malawi for the
hybrid time diary. Cooking times show positive correlations, but the correlation is weak with both
diaries in Tanzania. Across the board, the correlations are most consistently positive for paid
work, for which time use may be particularly salient because of its link to income generation. The
measures are perhaps most inconsistent for unpaid (own farm) work and for domestic chores,
which may be due to different conceptions among respondents of what activities constitute each
of these categories of tasks or are spread throughout the day such that time estimation would

require summing multiple tasks and time frames together.

3.3.8 Attrition and contamination

Concerning attrition, of the 3,041 households surveyed at baseline in Tanzania, Malawi,
and Zambia, 176 (5.7%) had either moved away, could not be contacted, or did not consent to the
household survey during endline data collection. We compared this group of attritors with those

who stayed in the survey across the same variables used to conduct balance tests at baseline and
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did not find any significant differences, implying that attrition, at least, appears random. Thus, we
conclude that attrition may affect generalizability of our findings for highly mobile populations,
but that there is little risk of it biasing our study results.

Contamination, on the other hand, is a more substantial concern. Table 3 above displayed
the intended treatment assignment and actual treatment assignment for each country in which data
collection had concluded. There is contamination in all three countries, to differing degrees, with
the most severe contamination occurring in Malawi, followed by Zambia. In Tanzania, though not
all targeted households adopted the intervention stove, the number of control households
obtaining it is small. Balance tests conducted on the Actual treatment and Actual control groups
further suggest that this contamination is non-random. Tables B3-B5 in the Appendix display the
differences in imbalanced variables (using baseline data) between the actual treatment and control
groups in each of the three countries in which endline data collection had concluded at the time of
writing this report. Tanzania has minimal imbalances, suggesting contamination may be random.
Zambia and Malawi have 7 and 8 imbalanced variables respectively. This contamination is

considered in our econometric analysis.

3.4 Econometric Analysis
3.4.1 Identifying time savings

Our first aim is to estimate the time savings resulting from the take up of the TLC
rocketstove. We use a difference-in-differences (DiD) estimator to do so.
Yit = a + c*Post; + d*Treatedi*Post; + fi*Xik: + FE; + eit 1)

Above, Yi is time use in fuel collection and cooking for the primary cook in household i
at time t. We include time use data collected from the stylized time use questioning and both time

diaries, but we do not include passive time use gathered from the multi-tasking portion of the
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hybrid time diaries. Next, a is a constant, and Treated; is an indicator variable that is equal to 1 if
household i is in the treatment group. The results presented in the main analysis use the as-treated
indicator to represent treatment, i.e., whether households actually received the improved
cookstove or not (row 3 in Table 3). We separately estimate intent-to-treat results. Post; is an
indicator that is equal to 1 if the time period is endline, Xix is a vector of time-varying controls k
selected based on prior work and piloting visits, and we include household fixed effects FE;.
Then, d is our DiD estimator for the dependent variable of time saved: the change in Y for treated
units less the change in Y for control units. In our base specification, we omit controls and cluster
standard errors at the village level.

We also present results from an alternative measure of fuel collection time and fuel
purchase time for the primary cook, taken from a separate module in the household survey. The
alternative line of questioning is similar to the stylized questioning module, where we directly ask
respondents to estimate how many minutes they spend on a single round trip to collect or

purchase fuel, and how frequently they make those trips.

3.4.2 Complementary outcomes

Our second aim is to identify changes in time use in other activities, as well as related
outcomes such as income generation or agricultural output. Table 7 defines each time use
outcome from each time use elicitation method in the survey.

First, we test for changes in time spent on income generating activities and/or unpaid
labor on one’s own farm as a result of uptake of the improved cookstove. The definitions of
unpaid and paid labor are not perfectly identical across methods of time use elicitation due to the
nature of how each survey are phrased, but we attempt to define them as closely as possible.
When considering the stylized time use questions, we use the “income generation” category to

represent paid labor, and the “work on own farm” and “tending or herding of animals” categories
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to represent unpaid labor. When considering the traditional time diary, we use classifications
“working on other’s farm” and “other paid work” to represent paid labor and “working on own
farm”, “gathering vegetables from own farm”, and “animal care” to represent unpaid labor.
Finally, when considering the hybrid time diaries, we simply use “paid labor” to represent paid
labor and “unpaid labor’ to represent unpaid labor.

We again use the DiD estimator shown in equations 1 to examine the changes in time
spent on income generating activities and on unpaid labor. Now, Yi;: represents one of j time use
activities - for income generating activities and for unpaid labor — by primary cooks in household
i at time t, where all other terms are as previously defined. We similarly look for changes in time
spent on household chores.

Second, we test for changes in monthly household agricultural output and/or monthly
household income as a result of uptake of the fuel-efficient ICS. We use agricultural revenue to
proxy for agricultural output. For household income, the survey elicited estimates of the income
earned by each member of the household from their main occupation in both the rainy and dry
seasons. Monthly household income was then calculated by aggregating the incomes earned by
all household members together. We use a DiD estimator to separately test for changes in income
and in agricultural output. The equation is identical to equation 1 above; except that Yi: is monthly
household income, and agricultural revenue — in household i at time t, and all other terms are as
previously defined.

Finally, we examine changes in the percentage of respondents who purchase versus
collect firewood, since a change in the amount of fuel required for cooking (given a more
efficient stove) could affect fuel procurement decisions. Respondents were given 4 options when
asked how they acquire firewood: 1) Collection, 2) Purchase, 3) Collect and Purchase, and 4) Pay

someone to collect. Individuals who selected 1 or 3 were defined as “collectors” and individuals
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who selected 2, 3, or 4 were defined as “purchasers”, hence there is overlap between these two
groups. We again use the DiD estimator in equation 1 to test for changes in the percentage of
respondents who collect or purchase fuel.

Table 7. Mapping of time use categories to time use modules

Time use measure Stylized Traditional Hybrid
Fuel collection and -Fuel collection and -Collecting firewood -Fuel collection
preparation acquisition -Collecting other fuel

-Fuel preparation
Cooking -Cooking -Making tea or boiling water -Cooking
-Cooking for household (using
cookstove)

-Preparing food for household
(not using cookstove)

Unpaid labor -Working on own -Working on own farm -Unpaid labor
farm -Gathering vegetables or items
-Tending and herding | from own farm
of animals -Animal care (grazing, herding,
feeding)
Paid labor -Income generation -Working on others’ farm -Paid labor
-Other work for money
Household chores -Household chores -Sweeping/cleaning home -Household
-Washing utensils/plates chores

-Dung cleaning/sanitation
-Washing clothes
-Collecting water

-Other household chores

3.4.3 Contamination modeling of time use and complementary outcomes

As previously noted, there was substantial contamination whereby some households
originally assigned to the control group were also targeted and took up the intervention stove.
This non-compliance was most severe in the two countries with widespread stove dissemination
activities (Malawi and Zambia). Since we do not have a detailed understanding of what specific
factors drove this non-compliance (though we speculate in section 3.3.2), we model the

contamination using propensity score matching.
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In the first stage logit for each country and pooling countries together, we regress the
imbalanced variables (see section 3.3.8) on the as-treated indicator and use these to generate
propensity scores. Results of the first stage logit are presented in Appendix tables B6-B8. In
Malawi, first stage results suggest that treatment status is related to characteristics of the primary
cook and shocks experienced. For example, treatment status is correlated with lower education
and higher age of the primary cooks, though the magnitudes of these associations are small. There
is also positive relationship between treatment status and households that experienced more
shocks, suggesting that those households were either targeted to receive cookstoves or more
likely to accept installation of cookstoves. In Zambia, there is a similar relationship between
households that experienced shocks and treatment status, and a negative relationship between
asset ownership and treatment status. That is, households with fewer assets were more likely to be
treated. Again, it is possible these households were targeted, or that these households were more
likely to accept installation.

In the second stage, we conduct kernel matching based on the generated propensity
scores between as-treated (“Actual”) control and treatment groups and run the DiD estimator as in

equation 1 on the matched sample.

3.5 Results

Here we describe the results from Tanzania, Malawi, Zambia, and pooling the three
countries together. We present results for time use in fuel collection, preparation, and cooking;
paid and unpaid labor; and household chores. We also include results for household income,
agricultural revenue, percentage of respondents who collect, and percentage of respondents who
purchase. Fuel collection time and fuel purchase time results from the alternative measure are

labeled as “Fuel purchase time — alt” and “Fuel collecting time — alt”.
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Table 8 presents these results using our as-treated control and treatment samples with

household fixed effects. Outcome variables have been winsorized at 2.5% to remove outliers and

time varying controls are not included, though we conduct robustness checks that include

controls. The results below pool time use data from all methods of time use data collection in the

household survey, excluding passive activities from the hybrid time diaries. Intent to treat results

of the same are available in Appendix table B9.

Table 8. As treated results, fixed effects

‘ Malawi ‘ Zambia ‘ Tanzania ‘ All
Time use
Cooking 0.386 17.036 -5.081 4.124
(min/day) (7.686) (18.268) (6.287) (6.339)
2659 1936 2255 6850
Fuel 3.227 -8.893 3.702 6.526
collection (10.106) (6.846) (22.478) (10.935)
(min/day) 2674 1985 2323 6982
Unpaid -8.396 -22.911 -17.341 -20.823
labor (17.819) (18.973) (30.544) (19.105)
(min/day) 2674 1985 2323 6982
Paid labor -25.847 -3.103 -18.021 -12.742
(min/day) (16.724) (15.642) (14.736) (10.53)
2659 1936 2255 6850
Chores 19.015 13.247 3.972 13.459
(min/day) (14.345) (30.373) (15.062) (10.59)
2659 1936 2255 6850
Fuel 2.738 2.246 0.330 1.269
p.umhas‘; (4.766) (3.311) (16.075) (5.919)
time — alt 1772 1292 1644 4708
(min/day)
Fucl 0.573 16.295* 2.969 6.319
C.Ollecnoln (17.097) 9.3) (21.944) (10.794)
time — alt 1772 1292 1644 4708
(min/day)
Other outcomes
Agricultura -8.003 -324.002** 7.641 -49.953
| revenue (21.89) (134.205) (11.964) (64.213)
(USD) 1771 1292 1640 4703
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Income -30.987 30.251 2171 -0.783
(USD) (19.376) (20.784) (3.834) (9.908)
1772 1292 1644 4708
Purchasers -0.038 -0.011 0.068 0.025
(.038) (.056) (.081) (.041)
1772 1292 1644 4708
Collectors -0.041 0.025 -0.059 -0.030
(.036) (.046) (.063) (.028)
1772 1292 1644 4708

Standard errors are in parentheses in the second row of each cell. N is in the third row of each cell.

Turning first to the results in time spent on cooking and fuel collection, we find a time
savings of ~16 min/day in fuel collection in Zambia when we use the alternative measure of time
use, though we do not find the same result in Zambia using the measures from the three time use
modules. Setting aside statistical significance, there are no clear trends in fuel collection time
across countries. For example, changes in time use in fuel collection are positive in Tanzania and
Malawi but negative in Zambia. Somewhat surprisingly, time spent on paid labor and unpaid
labor decreases in all countries, though we do not have statistically significant results in any
country or in our pooled results. Turning to the results on other outcomes, we estimate a
significant and large decrease in agricultural revenue in Zambia. Again, these patterns do not hold
across countries.

Table 9 displays the same results after removing households in villages where over 50%
of the sample was contaminated. That is, villages were excluded if over half the sample in a
control village received the improved cookstove, or over half the sample in a treatment household
did not receive the improved cookstove. In Malawi, we drop 7 villages, and in Zambia we drop 8
villages. Because we drop a large set of households in Malawi and Zambia in this process, we
lose statistical significance on the alternative measure of time use in fuel collection. However, we
estimate a significant decrease of ~16 min/day in fuel collection in Zambia using the data from
the three time use modules. The substantial decrease in agricultural revenue in Zambia is still

statistically significant and larger in magnitude than in Table 8.
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Table 9. As-treated results, fixed effects, removing villages with over 50%
contamination

| Malawi | Zambia | Tanzania | All
Time use
COOking -3.489 15.845 -5.081 1.310
(min/day) (9.649) (21.662) (6.287) (6.92)
1856 1243 2255 5354
Fuel 5.993 -16.065* 3.702 5.556
collection (13.788) (8.795) (22.478) (13.192)
(min/day) 1868 1276 2323 5467
Unpaid labor -8.97 -29.972 -17.341 -28.102
(min/day) (22.109) (25.6) (30.544) (22.259)
1868 1276 2323 5467
Paid labor -19.157 0.98 -18.021 -9.915
(min/day) (19.626) (16.945) (14.736) (11.379)
1856 1243 2255 5354
Chores 23.832 8.479 3.972 12,575
(min/day) (18.021) (41.538) (15.062) (12.444)
1856 1243 2255 5354
Fuel
purChase 6.647 5.449 -0.33 3.079
time — (5.454) (4.64) (16.075) (7.298)
module 4 1232 832 1644 3708
(min/day)
Fuel
collection -1.746 -17.721 -2.969 -6.14
time — (21.9) (13.122) (21.944) (12.864)
module 4 1232 832 1644 3708
(min/day)
Other outcomes
Agricultural -15.653 -463.553*** 7.641 -75.943
revenue (25.985) (149.246) (11.964) (68.486)
(USD) 1231 832 1640 3703
Income -30.334 33.508 2.171 -0.21
(USD) (25.453) (23.75) (3.834) (10.906)
1232 832 1644 3708
Purchasers -0.01 0.021 0.068 0.046
(.046) (.076) (.081) (.049)
1232 832 1644 3708
Collectors -0.043 -0.02 -0.059 -0.045
(.043) (.055) (.063) (.032)
1232 832 1644 3708

Standard errors are in parentheses in the second row of each cell. N is in the third row of each cell.
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Table 10 presents results using the previously described Kernel PSM method to control
for contamination. Turning first to time spent on fuel collection and cooking, we again find a
significant decrease in time spent on fuel collection and a significant decrease in agricultural
revenue in Zambia. We additionally find a decrease of 10 min/day in time spent cooking in
Tanzania. Changes in time spent on unpaid labor, paid labor, and household chores are similar to
those in Table 8, but the decreases in time spent on paid labor in Malawi (26 min/day), Tanzania
(23 min/day), and the pooled model (25 min/day) are statistically significant. The results on
agricultural revenue and household income are also similar in magnitude to those in Table 8,
where we have a large decrease in agricultural revenue and slight increase in household income in
Zambia. Lastly, we estimate a negative, significant change in income and decrease of 6% in

respondents who choose to purchase firewood in Malawi.
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Table 10. As-treated results, fixed effects, Kernel PSM

‘ Malawi ‘ Zambia ‘ Tanzania ‘ All
Time use
COOking 6.089 12.597 -10.509* 3.428
(min/day) (7.256) (9.280) (5.418) (5.740)
2433 1758 1918 6079
Fuel collection 13.754 -6.458 6.422 5.552
(min/day) (10.253) (6.221) (19.922) (8.325)
2461 1818 1974 6258
Unpaid labor 2.386 -20.719 -9.132 -11.431
(min/day) (16.837) (19.016) (22.903) (15.885)
2443 1807 1990 6231
Paid labor -25.718% -1.381 -22.958%* -24.764%**
(min/day) (14.925) (13.647) (11.887) (9.278)
2433 1757 1912 6091
Chores (min/day) 15.740 -8.033 -3.237 13.979
(12.026) (11.999) (12.774) (10.664)
2423 1922 1931 6137
Fuel purchase 2.699 2.099 -0.890 1.327
time — module 4 (3.860) (2.290) (11.363) (3.641)
(min/day) 1772 1292 1644 4708
Fuel collection 6.338 -15.426%* -2.337 -2.928
time — module 4 (13.313) (6.475) (16.535) (7.742)
(min/day) 1772 1292 1644 4708
Other outcomes
Agricultural 6.742 -311.646%** 7.933 -82.325
revenue (USD) (13.985) (107.020) (8.481) (49.622)
1771 1292 1638 4701
Income (USD) -31.115%* 27.402%* 0.890 -3.809
(12.626) (14.246) (2.417) (7.188)
1772 1292 1644 4708
Purchasers -0.058* 0.010 0.066 -0.006
(0.031) (0.041) (0.057) (0.028)
1772 1292 1644 4708
Collectors -0.004 0.024 -0.050 -0.009
(0.028) (0.033) (0.046) (0.021)
1772 1292 1644 4708

We additionally considered modeling the time between installation of the cookstove and
endline data collection, in case the lack of significant results was due to too short a time frame

between installation and endline surveys. However, initial scoping of the relationship between the
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time since installation and time savings suggests little if any correlation between these variables,

as shown in Appendix figures B1-B4.

3.6 Discussion

This chapter described an impact evaluation of a fuel-efficient biomass burning
cookstove distributed in Eastern and Southern Africa, a region of the world where the use of solid
biomass fuels is high, leading to numerous negative effects including health, environmental, and
economic impacts. Importantly, impacts of such interventions would be expected to be highly
gendered, given that women are disproportionately impacted by the use of solid biomass fuels in
the home. Our evaluation had three main objectives. First, we compared measures of time use
within households across different methods of elicitation. Second, we wanted to identify the
causal impacts of the ICS intervention on time spent on fuel collection and cooking, especially for
women primary cooks. Third, we analyzed the impacts of switching to ICS on other outcomes
that might respond to cooking and fuel collection time savings, including time use in other
domains, increases in income and agricultural revenue, and changes in firewood purchasing or
collecting behavior.

At baseline, we sampled 3,041 women in Tanzania, Malawi, and Zambia, none of whom
had access to the improved cookstove. The cookstoves were then distributed to the treatment
villages, comprising approximately 50% of our sample in each country. We use a difference-in-
differences estimator to study changes over time in treated and control households on a series of
outcomes. These include time use allocation to fuel collection and preparation, cooking, paid and
unpaid labor, rest and leisure, and potentially related outcomes: household income, agricultural

revenue, and the percent of households who purchase versus collect firewood.
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When we compare measures from different time use elicitation methods, we find that
there are significant differences in time use that is recorded across these methods. Those
differences appear smallest for average reported cooking time, while the time use measured by
the three different time use tools for 4 other important activities (fuel collection and preparation,
household chores, unpaid (own farm) work, and paid work) are more divergent. One likely
explanation is that misreporting of the frequency of an activity would lead to considerable bias in
stylized questions, where we obtain average time use by multiplying the time spent on a typical
day when the activity occurs by that frequency. Another likely explanation is recall bias, which is
suggested by the divergence in average time use recorded on these activities across the two types
of diaries, which may be affected in different ways: a) imprecise recall of the specific duration of
a task recorded in the traditional diary, and b) imprecise recall of relative time allocations to
different activities in the hybrid diary. Notably, the reported time spent on household chores as
measured in the hybrid time use diary is much longer than that obtained from the other time use
tools, at both baseline and endline, when passive time use is accounted for. Since chores can be
done in a multi-tasking environment, other time use elicitation methods may fail to capture this
sort of passive time use.

Beyond the average time use reports, we also examined correlations within households of
the measures, among those who also completed one of the two diaries, traditional or stylized. The
pairwise correlations are mostly positive and statistically significant, especially in the full multi-
country sample, but are modest, generally ranging between 0.1 and 0.3, and never exceeding 0.5.
For some time use activities in some countries, the correlations are zero or very small, however,
suggesting that respondents may misinterpret or misclassify activities when these are open to
interpretation (as is the case with the hybrid diaries and stylized questions, in contrast to the

traditional time diary where the enumerator identifies the activity type). Of course, enumerator
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recording error is also possible, for the traditional time diary. Finally, it should be highlighted that
higher correlation across time use measures does not necessarily imply greater accuracy, as it
only provides insight on the relative agreement of the within sample variation, across different
measures, in other words, whether a respondent reporting higher time use than others in a given
category with one measure also reports similarly higher time use than others in that same
category with a different measure.

One limitation in our comparison of time use methods is the time frame in which each
method was asked. Stylized questioning asked respondents about time spent on a set of activities
on a typical day, while the time diaries ask about yesterday. Direct comparison of time use from
the stylized questioning against each time diary is likely hindered by the difference in time
frames, as the potential for recall bias may be larger when asking about a typical day than asking
about yesterday. Another limitation in comparing time use across methods is that the hybrid and
traditional time diaries are bounded to 24 hours by construction, but the stylized time use
guestioning is unbounded. That is, because some activities are not performed daily and we ask
about the typical day, it is possible for the sum of time spent on the activities in question to be
greater than 24 hours.

To our knowledge, this is the first split-sample study of multiple time-use methods. As
such, it contributes to the knowledge base on best use cases for direct methods of obtaining time
use information, and standard and pictorial time diaries. For example, stylized or direct methods
were by far the easiest to perform and implement in the field, and easiest to explain to
respondents. Based on this study and field experience, they are also potentially more appropriate
when respondents are not the only party primarily responsible for the activity of interest (since
the time diaries only capture respondents’ time), i.e., the primary cook is still able to estimate

other household members’ time use, or a head of household would be able to estimate how much

60



time it takes to cook each day. However, these methods may not perform as well for activities
that add up throughout the day or have multiple sub-activities that might fall into a larger activity
category, such as self-care or leisure. Self-care, for example, may occur in small increments
throughout the day and require respondents to add together multiple sub-activities like bathing,
brushing one’s hair, brushing one’s teeth, enjoying a cup of tea, etc. Traditional time diaries, on
the other hand, would perform better in terms of such incremental activities, since the respondent
simply walks through their entire day activity by activity and is not required to perform
calculations or think through a list of activities that may qualify as “self-care”. Additionally,
because traditional time diaries are generally incremented into smaller time frames (in our case,
15 minute increments), they perform better in capturing shorter activities than stylized methods
and hybrid time diaries, where smaller increments would require a larger number of tokens that
could be difficult to implement in practice. Importantly, traditional time diaries are also the only
of the three methods which capture both the order in which activities are performed and the time
at which activities are performed.

Pictorial time diaries have obvious benefits with populations that are less literate or do
not regularly think of time in terms of minutes and hours. For example, during traditional time
diaries, numerous respondents would tell enumerators they woke up “at sunrise” but were unsure
what the exact time was. That is, even if respondents could not articulate the exact time spent on a
given activity, hybrid time diaries allow respondents to estimate time spent on a given activity
relative to time spent on another activity. We witnessed respondents changing the number of
tokens on a given activity card because they realized there were more tokens on a different
activity card that they knew they spent less time performing. Lastly, hybrid time diaries were by
far the most interesting to participants. Participants were more engaged with the physical action

of placing tokens on cards more so than answering time related questions out loud. This is
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potentially an important consideration for lengthier surveys where participant interest is more
likely to decline throughout.

Next, we turn to our econometric results. For the most part, our econometric results do
not align with existing literature, which suggests that fuel-efficient improved cookstoves
contribute to significant decreases in time spent on cooking and fuel collection and preparation,
and potentially, corresponding increases in time spent on (un)paid labor and rest and leisure
activities. In Zambia, we do find a consistent decrease in time spent on fuel collection across
models, though the pattern does not hold across countries or in our pooled results, and in
Tanzania, we find a decrease in time spent cooking when we use matching techniques. Other
significant changes in time use we do find are, for the most part, the opposite of what is suggested
in the literature, e.g., our results in Malawi and Tanzania that suggest decreases in time spent on
paid labor. Overall, we do not have a consistent picture for whether and where time was saved, or
the activities to which activities those time savings were reallocated.

Turning to complementary outcomes, one result that is consistent across all models is a
decrease in agricultural revenue in Zambia. We do not find consistent patterns in other
complementary outcomes, such as agricultural revenue, income, and percent of respondents who
choose to collect versus purchase fuel, across countries. While our pooled model does not show
changes in income, we see contradictory results in changes in income by country - a decrease in
income in Malawi, which is also corroborated by a decrease in time spent on paid labor, and an
increase in income in Zambia.

Though we do control for contamination, a number of implementation challenges might
explain some of our more puzzling results (or lack thereof) whereby households assigned to the
treatment to control group actually ended up in the opposite category. Implementation in each of

the study sites in Tanzania, Malawi, and Zambia involved a complex set of variables and
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constraints. The partner cookstove promoter, C-Quest Capital, works with an array of local
organizations (or “implementing partners”) when they distribute cookstoves. These implementing
organizations and their familiarity with the local context are critical to reaching households in the
intervention zones and to installing the stoves in as many households as possible. We observed
communication gaps between C-Quest Capital and these implementing partners, however, which
led to cookstoves being installed in control households (primarily in Malawi and Zambia), and to
cookstoves not being installed in treatment households (primarily in Tanzania). Despite the
promoter claiming prior success with its “saturation model” of dissemination, we had anticipated
that universal adoption would not be realized in the treatment group, given our prior knowledge
of similar stove dissemination programs. In Malawi and Zambia, where the cookstove promoter
has been operating for a long time and collaborated with several implementing partners who were
somewhat in competition, the degree of contamination in control areas was surprising.

Another issue that was faced especially in Tanzania is that the cookstoves may not have
been fully installed or had only recently been installed among households, rendering the exposure
period very short. Of the group that did have the stove installed, about 10% indicated that it had
only been installed within the last week, and 20% claimed the stove had been installed roughly in
the past month. However, a correlational analysis of time savings in fuel collection with time
between stove installation and endline data collection does not suggest a strong relationship
between the two variables.

We plan to further investigate further outcomes from our datasets and perform robustness
checks on results presented above. First and especially relevant to Tanzania and Zambia, we plan
to test alternative definitions of “treatment” that better represent whether the cookstoves were
fully installed and in use during endline interviews. Second, we will include results from Kenya.

Because of the delayed installation issues in Tanzania and Zambia, we are being cautious about
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the timeline for endline surveys in Kenya, and conducting phone interviews to assess whether and
when cookstoves are installed in treatment villages prior to our endline surveys. Note that the
addition of results in Kenya will change our pooled results as well. Third, we plan to study further
outcomes. For example, we plan to check for changes in time use patterns of other household
members, and to look for changes in amount of fuel purchased and amount of fuel collected, since
it is possible that individuals are walking to forests or markets the same amount pre- and post-
receiving the improved cookstove but are procuring a lower quantity of fuel per trip. Finally, we
will also conduct sub-sample analyses based on sample remoteness, household size, and other
potential sources of heterogeneity. As we proceed through these steps, it is possible for the main
results of this paper to change to reflect more nuance based on the further analyses conducted.

A Bayesian linear analysis of the time savings outcome, presented in the next chapter,
uses many of the above pieces of information — that we have large differences by elicitation
method, and likely by other unexamined household characteristics, and that our time savings

results do not match those in the literature — to draw more insight into the validity of our findings.
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4. A Bayesian approach to time savings from an improved
cookstove distribution program in rural East Africa

4.1 Introduction

Development impact evaluations often focus on the internal validity of their findings, that
is, the ability to claim that the outcomes of a given intervention are a result of that intervention
and hold true within the study sample. In this paper we are interested in the external validity, or
ability to generalize the results, of a specific impact evaluation, though the methods used are
applicable to a range of development interventions.

Most attempts at generalizing the results of an impact evaluation rely on comparison of
intervention results to results of previous studies of the same intervention using systematic
literature reviews, or meta-regression models to then use a benefits transfer approach to estimate
the result in a different context. These methods are not always feasible or sensible in developing
contexts, especially as they necessitate that previous literature exists that considers the same
technology and the same outcomes. Especially in developing contexts, where budgets can be
small and technologies are deployed experimentally, it is often the case that there are not
numerous studies conducted on the impacts of a given technology, or if there are, the studies
might examine different outcomes. It could also be the case that the technology has only been
deployed to a small sample, where the sample was selected for its ease of access or other specific
characteristics. Then, the lack of variation within the sample will require practitioners to perform
larger amounts of guess work within a predictive analysis.

Bayesian methods could be especially useful in these settings because they 1) allow us to
consider external validity without the constraint that prior knowledge must have extremely
similar characteristics to that of the new study, by utilizing variation and result patterns between

studies, and 2) even when guess work is required, allow us to mathematically input how confident
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we are in those guesses. Instead of providing an expected impact in a new context, the methods
used in this paper provide bounds as to how the impacts of a given policy intervention will likely
change based on changing population and study characteristics, producing a more nuanced
predictive results.

In this paper, we examine the external validity of our findings from an ICS impact
evaluation. There is evidence that adoption and use of clean energy technologies such as ICS,
including fuel-efficient cookstoves, can reduce the time spent on fuel collection, preparation, and
cooking (Nepal et al., 2011; Burwen & Levine, 2012; Lewis et al., 2017). However, the estimated
time savings vary widely across studies, ranging from 2 to 190 minutes/day saved on fuel
collection and related activities from the uptake of a range of improved cookstoves (Jeuland et al.
2018, Krishnapriya et al. 2021). Given the limited evaluation and characterization of this
variation, it is difficult to know the extent to which that wide variation is due to differences in
methods (e.g., direct questioning or time diaries), technologies deployed (e.g., stove efficiencies
or fuel requirements), household preferences and characteristics (e.g., ownership of land, or
household labor supply), or contextual variables (e.g., local biomass availability or access to
markets). Therefore, it is difficult to predict the impacts of a given intervention under different
population or regional conditions than those it was initially studied in. That is, an ICS
intervention that produces favorable time savings outcomes in one region of Zambia may not
produce the same favorable outcomes in a different region of Zambia. Additionally, these sources
of variation themselves may have differing impacts in different contexts. For example, household
proximity to markets may be more vital to accruing time savings in wealthier countries than in
poorer ones, since individuals would need enough money to purchase firewood from markets in

the first place.
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In this paper, we use Bayesian linear regression modeling and Bayesian model
comparison methods to 1) select the population and study characteristics that affect the estimates
of time savings in fuel collection and preparation stemming from an ICS intervention in Sub-
Saharan Africa; and 2) quantify the magnitude and direction of change in time savings that is
attributable to those population and study characteristics. From these outputs, we can predict the
conditions under which time savings benefits following an ICS intervention are more likely.

We leverage primary data collected from about 3,000 rural households in Tanzania,
Malawi, and Zambia during a quasi-experimental impact evaluation of a fuel-efficient improved
cookstove as out sampling dataset. To specify the prior, we draw on a set of 34 time savings
estimates from 24 peer-reviewed studies that provide time savings estimates from different ICS
interventions in Sub-Saharan Africa and South and Southeast Asia. We consider how the
estimates vary according to the following variables, and their interactions: 1) country, 2) level of
remoteness, in terms of urbanity, distance to markets, village infrastructure, access to
information, etc., 3) how time use is elicited, 4) household wealth, 5) household size, 6) change
in household size, and 7) education level of the respondent. Future versions of this paper will test
further sample characteristics.

The remainder of this chapter is organized as follows. In the next section, we
contextualize this study in the current literature of time use and time savings in LMIC and
provide examples of Bayesian linear regression modeling and model comparison in developed
and developing contexts. In Section 4.3, we describe the context in which primary data was
collected, present the quasi-experimental design used to measure time allocated to firewood
collection, and present sample descriptives at baseline. We also describe the literature that
provides our prior, drawn from 34 time savings estimates from different ICS interventions.

Section 4.4 describes the construction of variables from all datasets used in the statistical models.
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Section 4.5 then presents the Bayesian methods and framework applied to the sampling and prior

data. Section 4.6 includes the main results followed by a brief discussion.

4.2 Background
4.1.1 Variation in time savings estimates

We begin with a review of the literature on time savings benefits of ICS, and then briefly
discuss how Bayesian methods have been applied to similar problems in low-income contexts.
Numerous studies have shown time savings benefits from ICS of many types, including those that
burn biomass more efficiently. In this study, we only consider time savings in fuel collection and
preparation, but the literature suggests that time is primarily saved in three activities: fuel
collection (Nepal et al., 2011; Burwen and Levine, 2012; Lewis et al., 2017; Barstow et al., 2019;
Pattanayak et al., 2019; Meeks et al., 2019), fuel preparation (Thakuri, 2009; Uckert et al., 2017;
Barnes and Samad, 2018; Jeuland et al., 2020b), and cooking (Alam and Chowdhury, 2010;
Jagger & Das., 2018; Jagoe et al., 2020; Onyeneke et al., 2018), with many of the referenced
papers studying a combination of those activities. The range of time savings varies substantially
due to numerous factors including the geographical context of the intervention, survey
methodology, type of cookstove and/or fuel being used, and also household or individual stove

users’ characteristics (Krishnapriya et al., 2021).

First, time savings benefits appear to vary by intervention region. Impacts of owning an
ICS are greatest in regions where the use of solid biomass fuels remains high, i.e., in rural regions
of Sub-Saharan Africa and some countries in South and Southeast Asia, with further variation
between regions within a given country (Krishnapriya et al., 2021). Regional variation is partially
dependent on proximity to markets and levels of forest cover, likely because access to freely
available biomass fuel such as firewood impacts household fuel decisions, willingness to adopt
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certain technologies, and related time use in fuel collection (Bailis et al., 2015). For example,
Foley et al. (1997) found that level of urbanization was a key component to switching from
collecting to purchasing fuels, since markets allowed for the buying and selling of firewood. They
also found that establishing and running these markets was time intensive at first, but eventually
led to time savings, especially to women. However, individuals do not always choose markets,
even though they may be more convenient, when free biomass is available. A study in Malawi
found that when forest cover was high, individuals were more likely to elect to collect firewood
from the environment rather than purchase from markets, even though markets were closer to
villages than forests were (Jagger & Perez-Heydrich, 2016). Similarly, Dendup & Arimura (2019)
found that household distance from the forest was not a key consideration to the decision to take

up clean fuel technologies in Bhutan, because forest cover was so high in the region of study.

Equally relevant to the regional variation we see in time savings are the climate and
terrain of the region of intervention. For example, Meeks et al. (2019) looked at the impacts of a
biogas cookstove intervention on fuel collection time in two regions of rural Nepal, one colder
and hilly and one warmer and flat. They found that time savings in fuel collection were lower in
the colder region, as individuals switched to biogas for cooking purposes but could not switch to
biogas for heating purposes, because there was not enough of a supply of biogas for both
activities. Individuals in the warmer region who did not need to use fuel for heating were able to
more frequently rely exclusively on biogas.

Second, the literature suggests that the methods by which time use data is collected make
a difference in estimates of time that is allocated to tasks such as resource collection and use. For
example, studies using time diaries to calculate time savings from improved cooking technologies

have found an average of 43.5 min/day saved in fuel collection, preparation, and cooking, while
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studies that use direct questioning have found an average time savings of 76.3 min/day. Time
estimates also vary based on the type of recall period, for example asking about a typical day
versus a specific recent day (Krishnapriya et al., 2021, Chandrasekaran et al., 2022).

Another approach to time use data collection relevant to this study is a “hybrid time
diary”, which combines elements of stylized questioning and standard time diaries. An
enumerator helps the respondent reconstruct a reference day to understand both primary activities
and multi-tasking activities using images that represent specific categories of time use, which are
placed in front of the respondent. Respondents are asked to then allocate tokens across those
categories based on the time spent on activities represented by each category (Narayan-Parker et
al., 1993; Masuda et al., 2014). One study found that hybrid time diaries perform similarly to
standard time diaries for activities that are 60 minutes or longer, and that the time use elicitation
procedure is less time and energy intensive than conventional time diaries (Field et al., 2022).
Moreover, they more easily provide information on multi-tasking, that is, performing a second,
passive activity while performing a primary activity (Field et al., 2022). Notably, however, no
previous published studies appear to have estimated time use in fuel collection using this hybrid
time diary approach.

Third and as noted in Section 3, time savings benefits depend on the type of technology
improvement. Somewhat surprisingly, ICS interventions deploying fuel-efficient biomass
cookstoves (which do not eliminate the need for biomass collection) suggest only slightly lower
time savings benefits than their clean fuel counterparts (which theoretically could eliminate the
need for biomass collection, since clean fuels are purchased). For example, a study of time
savings estimates that considered a broad range of ICS types including fuel-efficient biomass,
biogas, electric, LPG, and kerosene cookstoves, found that fuel-efficient biomass cookstoves

produced an average time savings of 60.3 min/day relative to the overall average of 67.9 min/day
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(Krishnapriya et al., 2021). Similarly, a 2004 World Bank report on energy impacts in rural India
found that the difference in time savings in fuel collection between LPG cookstoves and fuel-
efficient biomass cookstoves was less than 1 min/day, though the time savings difference during
cooking was higher, at 18 min/day (World Bank, 2004).

Finally, literature that directly quantifies the impact of how population characteristics like
number of households members, household wealth, and education levels may impact time savings
is limited, but we describe the literature on how these characteristics inform take up of improved
cooking technologies below. The findings are often at odds with one another. Starting first with
household size, in general, larger household size is linked to both increased firewood
consumption and increased laborers available to collect firewood (Liu et al. 2003, Carr et al.
2005). Nnaji et al. (2012) found that the vast majority of households with relatively large
household size chose firewood over other fuel sources in rural Nigeria, and similarly, Dendup &
Arimura (2019) found that larger households were less likely to adopt clean cooking technology
in Guatemala; both of these findings suggest that larger households are less likely to obtain time
savings from ICS technologies. A potential explanation is that cooking labor scarcity (i.e., smaller
households) translates to a higher opportunity cost of collecting firewood (Heltberg 2005), or that
clean fuels are too expensive for large families to consistently purchase. However, another study
finds that the probability of a household adopting a clean fuel technology, specifically biogas in
Uganda, increases with household size (Walekhwa et al 2009).

The literature on the relationship between education and the potential to realize the
benefits of switching to ICS technologies is more straightforward. More educated households are
more likely to take up these technologies and therefore save time, especially in more urban
contexts (Mekonnen & Kohlin 2008, Gebreegziabher et al. 2012, Farsi et al. 2007). Similar

findings were found in rural contexts in eight developing countries (Heltberg 2004). Pandey &
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Chaubal (2011) found that both the number of educated females in the household and the
household’s average level of education was significant and positively correlated with decisions to
switch to cleaner cooking technologies. El Tayeb Muneer and Mohamed (2003) showed the
converse, that ICS adoption was much slower in households where women had lower levels of
education. One study was contradictory, showing that while use of improved cooking
technologies was positively correlated with education in urban households, the opposite was true
in rural households in northern Nigeria (Oyekale 2012).

Concerning household wealth, while we would expect wealthier households to be more
likely to take up clean cooking technologies (Bansal et al. 2013, Chaudhuri & Pfaff 2003, Nlom
& Karimov 2014, Arthur et al. 2010), the literature is limited on the impact of relative wealth on
the take up of fuel-efficient ICS technologies that still burn biomass. Nonetheless, one study finds
that household income and cookstove price influence household adoption of biomass cookstoves
(Beyene & Koch 2013). Interestingly and later pertinent to this study, the same study finds that
the availability of an electric cookstove hindered the household’s decision to adopt the biomass

cookstove, regardless of household wealth (Beyene & Koch 2013).

4.1.1 The relevance of Bayesian methods to this problem

Above, we discussed the different sources of variation (i.e., region, method of gathering
time use data, population characteristics, technology deployed) that might impact time savings
based on suggestions from the prior literature. Now, we want to be able to specifically describe if
and how those sources of variation are likely to affect the time savings results from a specific ICS
intervention. Bayesian approaches allow us to utilize prior knowledge (e.g., from secondary
datasets or in our case, literature) more formally along with new data, to better contextualize new
findings - that is, once we have new results that are internally valid (i.e., causal), what can we say

about how those results will translate across different conditions? Here we discuss two Bayesian
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approaches that are most relevant to the analysis conducted in this paper: Bayesian multivariate
linear regression modeling and Bayesian model selection. These two techniques often go hand-in-
hand and are used to first select population and study characteristics that most affect key
outcomes and second describe how those population or study characteristics modify the
magnitude of those outcomes in consistent ways. The models yield updated estimates of those
outcomes, and the likelihood, direction, and magnitude of those outcomes change by key
characteristics, conditioned by prior information.

Most examples of Bayesian linear regression modeling and model comparison come from
applications relevant to high-income or Western populations. For example, these approaches have
been widely utilized in health sector studies, conducted in wealthy countries, of disorders where
outcomes vary widely by patient characteristics. For example, they have been used to investigate
the relationship between vision outcomes and characteristics of patients with ocular hypertension
(Russell et al. 2012), the relationship between pain-related symptoms of patients with
fibromyalgia syndrome and their other health characteristics (Cigaran-Mendez et al. 2022), or
how different post-traumatic stress disorder coping mechanisms impact the prevalence of post-
traumatic stress symptoms in college students (Viana Machado et al. 2020). They have also been
applied in other, non-health settings, for example to select the environmental and social variables
that most impact math and reading test scores in fourth graders (Kowal et al. 2021), or to
calculate the magnitude of factors associated with the resilience of urban transportation systems
in China (Tang et al. 2020).

Especially in transportation modeling, Bayesian linear regression modeling and model
comparison techniques have been applied to approximate outcomes in conditions outside of those
that were studied (i.e., predictively). Two such applications include predicting actual travel times

during peak traffic hours in medium to large central business districts (Frechette & Khan 1998),
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or traffic saturation based on city characteristics like pre-timed signal design or use of different
modes of transportation (Sugiarto et al. 2021). These models are also used in the agricultural
sector, for example to predict agricultural yields based on crop performance metrics over a long
time horizon (Wang et al. 2012).

While less common, there are examples of such model applications to problems in low-
and middle- income countries, highlighting the value of leveraging findings from prior
information in contexts where data is less readily available. Bayesian approaches appear to be
most used in health sector studies in LMICs. For example, Kefale et al. (2021) applied Bayesian
linear regression and model comparison to study the determinants of diarrhea in children below
the age of 5 in the Oromia region of Ethiopia and concluded that improved drinking water and
expanded education on the benefits of vaccines are the most impactful ways to reduce diarrheal
incidence. Kumar et al. (2020) used similar methods in a time-series framework to identify and
describe climate related variables that predict increased incidence of malaria in Odisha, India.
Amorim et al. (2020) applied these methods to identify characteristics that predict early mortality

from traumatic brain injuries in Brazil.

4.3 Study application and data
4.3.1 Cookstove intervention

We utilize primary data that is described more fully in Section 3 but provide a brief
overview of its most relevant features below. We study an intervention model that distributes
simple, easy to manufacture, fuel-efficient cookstoves to households free of charge in several
Sub-Saharan African countries. According to the company promoting this technology, the stoves
have a thermal efficiency of up to 34.5% and can be fueled with finger-sized sticks or crop

residues as well as larger logs, or large branches. The design is adapted to suit the local
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environment and cooking styles of the regions where the stoves are promoted, which is key to
adoption and prolonged use of improved cookstoves (Lewis et al. 2015). Most of the stove
models that are distributed have two burners, allowing families to cook multiple dishes
simultaneously, mitigating the need for a traditional open flame stove to be used in parallel. The
body of the stove is made from locally sourced and manufactured mud bricks. Additionally, a
metal stick shelf, stove top, and pot skirt are provided; these help direct heat to the pot and
contain the flame.

To distribute the stoves, the manufacturing and promoting company partners with a range
of local organizations familiar to individuals in selected intervention regions. These partners
differ by country and by regions within each country. Implementing partners are generally taught
to “saturate” target communities; that is, partners select a village in a region of interest and
attempt to convert all households using traditional technology to users of the higher efficiency
stove. This process begins with educational sessions on the benefits of switching to the improved
cookstoves. Key community leaders are identified within villages to aid in the installation and
adoption process of the cookstoves with the goal of reaching all households in the village who
reach minimum requirements for installation (covered space for the cookstove outdoors or a
standalone kitchen). Once the interested households in the community have installed the
cookstove, implementers move to adjacent villages, with the goal of saturating the broader region.
Stoves are paid for using carbon credits, which are primarily sold through the voluntary carbon
market owing to the premium benefits — in terms of improved livelihoods — that the intervention

provides.

4.3.2 Study context and design
The study context, design, and treatment assignment are described in sections 3.3.1 to

3.3.7 in the previous chapter.
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4.3.4 Contamination and attrition

Some households could not be located or did not consent to participate on the day of the
endline interview, mostly because they had permanently relocated or were unavailable. Of the
3041 households surveyed at baseline in Tanzania, Malawi, and Zambia, 174 (5.7%) had either
moved away, could not be contacted, or did not consent to the household survey during endline
data collection. We compared this group of attritors with those who stayed in the survey across
the same variables used to conduct balance tests at baseline and did not find any significant
differences, which suggests that attrition is random. Thus, we conclude that there is little risk of
attrition biasing our study results, though findings may not generalize to more mobile members of
the sample populations.

Contamination, or non-compliance with the original treatment assignment, is a substantial
concern to the internal validity of results shown in Chapter 3, where we look at population level
changes in time use from take up of the improved cookstove. Table 11 displays the intended and
actual treatment numbers of households for each country. The first row displays the intended
control-treatment split of all households who were interviewed at baseline, while the second row
displays the same intended control-treatment split for all households who were re-interviewed at
endline, leaving out those who attrited. The third row “actual” numbers refer to the actual split of
households who obtained or did not obtain the TLC Rocket stove between baseline and endline,
and who were interviewed at endline. Because we do not have this information for every
household in row 2, the third row total is slightly lower, at 2,787 households. Note that because
this analysis utilizes within-household time savings, as opposed to a difference-in-difference
estimator like that in Chapter 3, we can only utilize the households that provided time spent in
fuel collection and preparation at both baseline and endline. These households are displayed in

the fourth row.
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Prior to the econometric analysis, we model the contamination in our samples by
calculating and controlling for a propensity score in the linear regressions below. Using a logit
model for each country, we regress the imbalanced variables on the as-treated indicator and use
these to generate propensity scores.

Table 11. Treatment and controls samples, intended and actual.

Tanzania [ Malawi Zambia (Total
Treatment status T Cc T Cc T Cc [ Al
Intended, pre attrition 498 | 503 | 489 | 543 | 507 | 501 |3041
Intended, post attrition 483 | 473 | 435 | 542 | 482 | 452 | 2867

Actual, post attrition 371 | 546 | 543 | 434 | 401 | 492 (2787
Provided required time | 290 | 421 | 496 | 408 | 336 | 421 (2372
data

4.3.5 Sample descriptives

Key characteristics of the selected regions are provided in Table 5 and described in
section 3.3.6. Relevant to this chapter, the vast majority of households used a 3-stone fire as their
primary cookstove at baseline and almost all households used firewood, with some households
also relying on crop residue or charcoal. Time spent collecting fuel ranged widely between
countries, from 60 min/day in Malawi to 245 min/day in Tanzania. Most households chose to
collet fuel from the environment, though in Malawi and Tanzania, a substantial percentage

purchased fuel from markets.

4.3.6. Household survey and time use elicitation methods.

The majority of the household survey was administered to the primary cook, defined as the
individual who most frequently cooked meals, of each surveyed household. While we did not
constrain the gender of the primary cook, all interviewed primary cooks were women. The
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baseline and endline surveys included 9 modules. Data collected in the bolded modules are

utilized in this analysis.

1. Household demographics and characteristics

2. 3 time use modules, detailed below.

3. Stove and fuel use and behaviors including current usage, costs, preferences, etc.
4. A discrete choice experiment to elucidate fuel acquisition preferences.

5. Agriculture, including prices and costs of planting, harvesting, and selling a range of
crops and livestock.

6. Socioeconomic status, including access to electricity, water, assets, and expenditures
in major consumption categories.

7. Empowerment, including questions on access to credit, access to groups, safety and
mobility, agency, and domestic violence.

8. A bargaining game played between spouses.

9. An implementation module, asking about the stove promoter’s efforts in the community.

The three methods of time use data collection were described in detail in Section 3.3.7.
Figure 7 in Section 3 displays time spent on a set of selected activities at baseline using data from
each time use method described above. Relevant to this chapter, the mean time spent on fuel
collection and preparation, in the top left corner, shows substantial divergence across elicitation
methods. In Malawi and Tanzania especially, mean time use in fuel collection and preparation
obtained from stylized (or “direct”) questioning is much higher than the mean obtained using the
other two methods. In Zambia, however, time use in fuel collection is greatest when elicited using

hybrid time diaries.

4.3.7 Prior knowledge
Prior knowledge is specified based on a detailed literature review that is described in

Krishnapriya et al. (2021). We searched for papers estimating time savings in either fuel
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collection time, preparation time, and/or cooking time, following ICS promotion interventions.
The studies all considered a switch from a traditional biomass stove to one of a variety of ICS
technologies, including fuel efficient biomass-burning, biogas, gas/kerosene, electric, and LPG
options. We identified 24 published academic papers and reports that provide time savings
estimates resulting from ICS interventions in developing countries in Asia, Africa, and Latin
America. From these 24 papers, we extracted a total of 34 distinct estimates, as some papers
considered multiple interventions or regions. Thirty of the estimates were from rural settings, and
most (27) of them were at least partly derived from self-reported measures.

Estimates of time savings in this literature vary substantially across contexts, fuel and
technology deployed, socio-economic variables, and how time savings are measured. The
estimates ranged from about 1 min per day to nearly 190 min/day, with an overall mean of 67.9
min/day. Figure 8 is organized to illustrate the variation in average time savings across different
types of ICS. Nearly two thirds of the estimates consider a shift to a fuel-efficient biomass
burning ICS. There are both low and high estimates for many technologies, however, suggesting
that the variation does not only arise from the type of alternative cookstove considered.

The estimates come from various methods of collecting time use information. Among the
reviewed studies, some did not even measure time use, but rather asked respondents to directly
report time savings (Nepal Environmental and Scientific Services, 2011; Christiaensen and
Heltberg, 2014), while others inferred time savings from stylized questioning about time use
during a “typical day” (Meeks et al., 2019; Jeuland et al., 2020a). A third group calculated time
savings to be proportional to more “objective” measures of fuel savings or even pollution
reductions (Thakuri, 2009; Ding et al., 2014, Malla et al., 2011) or used monitoring devices to
track usage (Damte et al., 2012). Relevant to the three methods we compare in this study, among

the 6 estimates that come from traditional time diaries to deduce time savings, the average

79


https://www.sciencedirect.com/science/article/pii/S0140988321003431#bb0250
https://www.sciencedirect.com/science/article/pii/S0140988321003431#bb0065
https://www.sciencedirect.com/science/article/pii/S0140988321003431#bb0065
https://www.sciencedirect.com/science/article/pii/S0140988321003431#bb0235
https://www.sciencedirect.com/science/article/pii/S0140988321003431#bb0175
https://www.sciencedirect.com/science/article/pii/S0140988321003431#bb0325
https://www.sciencedirect.com/science/article/pii/S0140988321003431#bb0115
https://www.sciencedirect.com/science/article/pii/S0140988321003431#bb0225

savings estimate is only 43.5 min/day. Time savings measured via stylized questions are higher,

at 76.3 min/day. Note that no prior study provides an estimate of time savings using hybrid time

diaries.
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Please refer to Table Al to map numbers to studies.
*Standard errors were not found for these papers.

Figure 8. Time savings from the literature
There is also variation in the geographical context in which the time-use data was
collected. When we compare studies from Sub-Saharan Africa versus those from South Asia, we
find an average of 87.1 min/day saved and 55.0 min/day saved respectively. Somewhat
surprisingly, the averages for urban and rural settings appear similar, at 67.1 and 68.0 min/day,
respectively. However, there are only 4 urban estimates from 2 unique studies, and one of these

four appears to be very high relative to the rest of the sample (168.5 min/day saved).
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4.4 Variable construction and descriptive statistics

In what follows, we formally consider seven sources of variation. While there are many
potential population and study characteristics that may affect time savings, these serve as a
starting point for a linear Bayesian analysis. We selected this set based on their availability in our
primary data, consideration in the prior literature, and our own observations in the field. The
nature of the models described below allows us to easily check the impacts of other sources of
variation, which we can pursue in further iterations of this work. The first source of variation,
which captures institutional, cultural, and macroeconomic-level variation, is a country indicator.
Second, we use polychoric principal components analysis to construct a remoteness index, which
reflects characteristics such as village infrastructure and population, paved road access, access to
information, and distance to markets. The index is normalized to range from 0-10 to allow for
ease of interpretability. Third we have a time use elicitation method indicator. We distinguish
between direct (stylized time use) questioning, traditional time diary, and hybrid time diary
elicitation methods. Fourth, we include household size to control for potential variation in both
labor supply for household production, and demand for cooking energy. Fifth, because the former
may vary significantly over time including over the time frame of our evaluation, we also include
the change in household size from baseline to endline. Sixth, we use polychoric principal
components analysis to create a wealth index. The variables included in the wealth index are: the
number of functional household assets and devices owned, the number of functional farm
equipment owned, the number of livestock owned, acres of land owned, an indicator for whether
the household has access to an improved water system or not, and the number of rooms in the
household. The index is then normalized between 0 to 10, to allow for ease of interpretability.
Seventh, we include the education attainment of the survey respondent, who would also be the

individual using the cookstove most frequently. The construction of each variable using the
81



primary data is summarized in Table 12. Table 13 displays the descriptive statistics for these
variables as measured at baseline. Due to the nature of our linear regression model and Bayesian
linear regression model, we exclude households that did not provide fuel collection time use
estimates at endline, hence these values are not identical to those in Figure 7. Table 14
summarizes the relevant information from the studies used to characterize prior knowledge.

Table 12. Variable construction in the primary data

Variable Construction — Primary Data

Source of

variation

Country Binary indicator. The survey was administered in
Tanzania, Zambia, and Malawi

Remoteness Continuous. The remoteness index is calculated using a

index normalized polychoric PCA index that ranges from 0 to
10, at baseline.

Time use Binary indicators. The household survey includes three

elicitation methods of time use elicitation: direct questioning,

method standard time dairies, and hybrid time diaries.

Change in Integer-valued. The number of individuals who live in

household size the household at endline less the number of individuals
that live in the household at baseline.

Household size | Integer-valued. The number of individuals that live in the

household.

Wealth index Continuous. The wealth index is calculated using a
normalized polychoric PCA and ranges from 0 to 10, at
baseline.

Education The education of the primary cook at baseline.
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Table 13. Constructed variables at baseline

Malawi Zambia Tanzania Pooled
Primary Primary Primary Primary
N =904 N=757 N=711 N=2372
Remoteness index 8.8 9.5 9.0 9.1
(0.7 (0.6) (0.9) (0.8)
Stylized time use 56.6 37.6 153.8 81.8
(min/day) (50.7) (37.3) (175.6) (117.6)
Traditional time diary 56.3 38.5 150.9 66.5
(min /day) (52.9) (38.1) (178.1) (95.5)
Hybrid time diary time 58.4 40.7 149.2 107.4
use (min/day) (53.2) (33.6) (167.6) (78.1)
Change in household size -0.3 -0.6 -0.1 -0.4
(1.3) (3.6) (1.3) (2.3)
Household size 5.7 5.4 7.0 6.0
(2.2) (2.6) (3.5) (2.9)
Wealth index 2.4 2.4 2.3 2.4
(1.5) (1.4) (1.4) (1.4)
Education 2.2 1.7 2.2 2.1
(1.3) (1.5) (1.5) (1.4)
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Table 14. Information from prior literature

Tmproved earthen stoves in coastal areas in Bangladesh: Fconomic, ecological and socio-cul ural
Alam, Chowdhury 2010* 1 evaluation Bangladesh Fuel Efficient Direct/Stylized All household members 450
Christiaensen. Heltberg 2013 2 Greening Chum's rural energy: new insights on the potential of smallholder biogas Clina Biogas Direct/Stylized All household members 166.7
|Ding 2014* Sa Impacts of rerewable energy on gender in rural communities of nortlrwest China Clina Biogas Direct/Stylized Primary cook 387
|Ding 2014* b Tmpacts of renewable energy on gender in rural ities of north-west China Clina Fuel Efficient Direct/Stylized All household members 208
Ding 2014* Sc Impacts of renewable energy on gender in rural communities of north-west China China Solar cooker Direct/Stylized All household members 300
Gebreegziabler 2007 19 Household fire] consumption and resource use in mral-urban Ethiopia Etliopia Fuel Efficient OtherMonitored All household members 158 22
Burwen, Levine 2012 1 A rapid assessment randomized-controlled trial of improved cookstoves in rural Ghana Ghana Fuel Efficient Direct/Stylized All household members 673 00
| Biogas Stoves Reduce Firewood Use, Househiold Air Pollution. and Hospital Visits in Odisha,
Lewis et al 2017 4 India India Biogas Direct/Stylized All household members 90.0 2549
Jeuland ef al. 2020 14 Adoption and impacts of improved biomass cookstoves in rural Rajasthan India Fuel Efficient Direct/Stylized Adult women M2 106
Energy and Women's Economic Empowernent: Rethinking the Benefits of Improved Cookstove
Sheikh 2014 20 Use in India India Fuel Efficient Traditional time diary ~ Primary cook 30 07
Bames, Sen for World Bank 2004* 18a ‘The Impact of Energy on Women's Lives in Rural India India Fuel Efficient Traditional time diary ~ Primary Coock 174
Pattanayak. Jeuland, Lewis 2019 22 Experimental evidence on promotion of electric and improved biomass cookstoves India Fuel Efficien/Electric Direct/Stylized All household members 408 143
Bames, Sen for World Bank 2004* 18b The Impact of Energy on Women's Lives in Rural India India Kerosene Traditional time diary ~ Primary cook 156
Brooks, Jeuland, Pattanayak 2015 23 How much do altenmtive cookstoves reduce biomass fiel use? Evidence from North India India LPG Traditional time diary ~ Primary cook 106.0 300
Bames, Sen for World Bank 2004* 18¢ The fpact of Energy on Women's Lives in Rural India Tndia 1PG Direct/Stylized All household members 36.0
Sharing the burden: Shifts in family time use, agency and gender dynamics
Jagoe et al. 2020 % after introduction of new cookstoves in rural Kenya Kenya Fuel Efficient OtherMonitored Primary cook 1093 298
Applying global cost-benefit analysis methods to indoor air pollution mitigation inferventions in
[Malla et al 2011* 16b Nepal, Kenya and Sudan: Tnsights and challenges Kenya Fuel Efficient/ PG~ Other/Monitored All household members 168.5
Subedhi 2015 1 Domestic Biogas Production and Use in Nepal Nepal Biogas Direct/Stylized All househiold members 176.5
Thakun 2009 15 Revisiting the need of improved stoves: Estimating health, time, and carbon benefits Nepal Fuel Efficient Direct/Stylized All household members 0.6 1787
| Applying global cost-benefit analysis methods to indoor air pollution mitigation inferventions in
Malla etal 2011* 16a Nepal, Kenya and Sudan: Insights and challenges Nepal Fuel Efficient Other/Monitored All househiold members 386
Nepal, Nepal, Gnmsmud 2011* 21 Unbeligvable but improved cookstoves are not belpful inreducing firewood demand inNepal ~ Nepal Fuel Efficient Direct/Stylized All housebiold members 15
Nepal, Nepal, Grimsud 2011 21b Unbelievable but improved cookstoves are not belpful inrecucing firewood demand in Nepal ~ Nepal Kerosene Direct/Stylized All household members 25.8 59.6
Meeks, Sims, Thonpson 2018~ 6b Waste Not: Can Household Biogas Deliver Sustainable Develop Nepal Biogas Direct/Stylized All housebold members A1 6.2
Nepal Biogas Users Swvey 2010° 3b Ammual Biogas Users' Survey 2009/10 Nepal Biogas Direct/Stylized Adult women 107.5
\Meeks, Sims, Thompson2018 62 Waste Not: Can Biogas Deliver inable Develop: Nepal Biogas Direct/Stylized All household members 14.5 6.4
INepal Biogas Users Survey 2010* 3a Amual Biogas Users' Survey 2009/10 Nepal Biogas Direct/Stylized Adult women 1334
Tmpact of adoption of improved cook-stove on different components of household welfare in mral
Onyeneke, Amadi 2017 8 communities in Nigeria: The case of Save80 cook-stove in Kaduna Nigeria Fuel Efficient Direct/Stylized All household members 1.7 205
Exploring the impact of a liquefied petroleum gas intervention on time use in rural Pem: A mixed
Williams et al. 2020 A wmethods study on perceptions. use, and implications of time savings Peru LPG Other/Monitored Adult women 140.0 1138
A cost-benefit amalysis of livelihood, environmental and health benefits of'a large scale water
(Barstow, Thomas 2019* 7 filter and cookstove distribution in Rwanda Ruanda Fuel Efficient Other/Monitored Al household members 1894
Jagger et al 2019* 13 Eatly Adoption of an Improved Household Energy System in Urban Rwanda Rwanda Fuel Efficient Direct/Stylized Primary cook 4.7
The intensive margin of technology adoption— Experimental evidence on improved cooking
|Bensch. Pefers 2015 10 stoves in rural Senegal Senegal Fuel Efficient Direct/Stylized All household members 94.4 253
Applying global cost-benefit amalysis methods to indoor air pollution mitigation inferventions in
Malla etal 2011* 16¢c Nepal, Kenya and Sudan: Iisights and challenges Sudan Fuel Efficien/LPG  Other'Monitored All household members 196
Fanner innovation driven by needs and understanding: building the capacities of farmer groups for
Uckert, Sieber 2017* 17 improved cooking stove construction and contined adaptation Tanzania Fuel Efficiert Other’Momifored Al household members 350
ngoe et o, 2020° 9 Effects on gender-related outcomes after the introduction of improved cookstoves in mral Zambia Zanlia Fuel Efficient DirectStyized Primary cook 053




4.5 Methods

There are three steps in this econometric analysis. First, in order to estimate how our
selected sources of variation impact time savings, we create a dependent variable for time
savings. We model time savings as a function of treatment status, accounting for contamination,
the other sources of variation that were described above, and interactions between those sources.
Second, we use Bayesian model comparison with an uninformative prior to compare all potential
combinations of covariates to include in the model, where each model is a combination of a
subset of sources of variation. We select the model that fits best based on the Bayes factor. Third,
we inform the selected model with the priors specified in Table 15.
Step 1. Multivariate normal linear regression model of time savings

We use a multivariate linear regression to regress time savings against the previously
described sources of variation and their interactions, an indicator for as-treated status, and a set of
propensity score weights (which correct for selection into actual treatment based on observable
household characteristics).

Yi = Xo + fmiXimi T Bm2 Xim2 + fe1 Xi,ct + fcoXi,c2 + f3 Xiz +fa Xia + Ps Xis + Pe Xie + PrXiz +
Prreatreati + Bos PSi + Pmict Xim1™* Xi, c1 + Bmicz Xim1 ™ Xi c2 + ... + Prreatps treati* psi + &i Q)

In equation 1, Y; is time savings, calculated by subtracting time use in fuel collection at
endline for household i from time use in fuel collection at baseline, for household i. Xim1 and Xim2
are indicators for each time use elicitation method: stylized time use and traditional time diaries,
where hybrid time diaries serve as the omitted reference elicitation method. Xic1, and Xic. are
indicators for the country the data point is from; Malawi and Zambia respectively, where
Tanzania serves as the reference country. xisis the wealth index, Xiis the remoteness index, Xisis

household size, xie is the change in household size from baseline to endline, and x; - is the
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education level of the respondent. treat; is the treatment indicator and psiis the propensity score.
Prreat 1S then the difference in time savings for the treated group versus the control group, and Sireat
+ fo is the average time savings for the group that received the ICS. We then interact all terms
that we believe might impact one another. This excludes interacting the method of elicitation with
other methods of elicitation, and a given country indicator with other country indicators (i.e., we
create interaction terms for each elicitation method with each country, but not with other
elicitation methods, since each time savings estimate can only come from one elicitation method).
The vector of covariates (including interaction terms) is denoted as X, and the vector of their

coefficients as g. ¢ is then the error term.

Note that E[Y|x], that is, the expectation of the sample time savings outcome conditional
on X, is then defined differently at the two treatment levels as some terms will drop out if treat; =
0 (control group). The normal linear regression model specifies that in addition to E[Y|x] being

linear, the sampling variability around the mean is an i.i.d. normal distribution:
€1....6n ~ i.i.d. normal(0, ) 2
Where n is the number of households. To write equation 2 in matrix form:

Yi = BTxit & 3)

The joint probability density of observed data Ys, . . ., Y, conditional upon X, ..., X, and values

of g and ¢ is then:

[ [peritzp.0%)
i=1
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And can be written as a multivariate normal distribution:

{yIX, B, ¢}~ multivariate normal(Xg, ¢*1) (4)

where yis (Y1, ..., Ya)T, X is the n*p matrix where p is the number of covariates and the i" row is
xi. | is the p*p identity matrix. This model will be updated using the Bayesian regression in steps

3-5, where we add in priors for g and ¢°.

Step 2. Bayesian multivariate regression model of time savings, uninformative prior and model

selection

Next, we begin incorporating prior information into our multivariate normal linear
regression, starting with an uninformative prior. We use the common uninformative prior for
Bayesian normal linear regression, the g-prior, for # and ¢ Below, g = n, vo = 1, 60°= ¢ oLs* from
the output of the linear regression in the previous step, and focs is also from the linear regression

output in the previous step. The Monte Carlo approximation for y and £ is as follows:

1. Sample 1/o*~gamma ([vo +n]/2/2, [vooe® + SSRq]/2)

2. Sample g~multivariate normal ([9/(g+1)]*f ois. [g/(g+1)]*[X"X] ™)

Where we run 1,000 independent Monte Carlo samples and output the updated distributions

of g and &°.
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We next test all combinations of covariates using the uninformative g-prior on g and on oo.
We use the model selection process to select which other interaction terms and non-interacted

sources of variation to keep. That is:

Yi = ZoXo + Zm1iPm1Xim1 + Zmafm2 Xim2 + Zeifet Xi, c1 + Zeof coXi, 2 + 2333 Xi3 +Z4fa Xia + Z5fs Xis +
ZGﬂG Xi,6 +27 ﬂ7xi,7 + Ztreaﬁtreattreati + Zpsﬁps psi + Zmlclﬂmlcl Xi,ml* Xi, c1 + Zmlczﬂmlcz Xi,ml* Xi, c2 + ...t

Zireat,psPtreat,ps treati* psi + & (5)

Where z, defined as (2o...zweatps) is the indicator variable that takes a value of 1 when a covariate is
included in the regression, and 0 when a covariate is excluded from the regression. z will take the
value of all possible combinations of Os and 1s, from (0, ....,0), (1, 0, 0, ...., 0), (0, 1, ....., 0), ...,

(1,..., 1). In order to compare models, we compute the posterior odds ratio, or Bayes Factor, for

each model in z:

(M

9 2 2 YO 2b (n+1
1’(7.7/|X.21,) —/( { “]wp s —Pza)/2 i:’ % ;‘Lﬂ\!ff
p(y| X, zp) 8%, sz + SSR ;e
(6)
Above, p is the number of covariates included in a given model z, n is the number of households,
g =n, and s,” = o oLs’ of the model z, when run in a linear regression framework as in step 1. The
larger the Bayes factor in equation 6, the more the data favors model z, over model z,. Note that we

force covariates of the form treatix, to remain in the model. That is, we select the model with the

highest Bayes factor that includes all terms of the form treatx,.

Step 3. Bayesian multivariate regression model of time savings, informed priors
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After covariate selection in Step 2 we begin to inform our coefficients with the informed
priors in Table 15. We do so using the conjugate multivariate normal prior distribution for g and

the semi-conjugate inverse-gamma distribution for ¢%. Defining y as 1/¢*:
p ~ multivariate normal (8o, 2o) (7
y~gamma (vol2, voool2) (8)

We select initial values for (0%, vo) and (fo, Zo) to input into equations 7 and 8 based on
what each of our prior specifications, detailed in Table 11, tell us about the mean and variance of
the multivariate normal distribution in equation 4. We then use Gibbs sampling to approximate the
joint posterior distribution p(8, ¢*ly, X). Given current values g and ¢*®, we implement the

following procedure:
1. Update pg:

e compute m = E[fly, X, ¢®9] = (Zo™+ X"X/¢?) Y (Zo po+ XTylo?)  and V = [Bly, X, ¢*¥]

= (oM X™X/6?)?
o sample from g&*Y ~ multivariate normal(m, V)
2. Update ¢*:
o compute SSR(A®*Y), the sum of squared residuals.
o sample from ¢***V ~ inverse gamma([vo+ n]12, [vooo® + SSR(BE)]/2)

3. Repeat steps 1 and 2 for a sample size of 10,000.
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These yield updated g and o, for the covariates selected in Step 2, for each prior specification

(uninformative and each informed prior from Table 15).

The priors described in Table 15 are based on different subsets of the literature described
in Table 14. First, we use all 34 estimates from the literature, including studies in South and
Southeast Asia and studies which consider other types of ICS. Information from other types of ICS
studies (or other geographical contexts) is still relevant. For example, in Figure 8, we can see that
the three LPG cookstove interventions have produced a range of time savings estimates from 36 to
140 min/day saved. In Table 14, we can see that each of the estimates comes from a different
method of collecting time use data (direct/stylized, traditional time diary, and other/monitored).
Therefore, although these studies do not involve fuel-efficient cookstoves, we can still gather
valuable information on the impact of time use elicitation method on time savings estimates. Next,
we test informing our primary data with different subsets of the literature because we may find that
our selected sources of variation have different impacts on time savings under different contexts in
which the data were collected. We choose three subsets of the literature pertinent to our primary
data — estimates from experimental or quasi experimental studies, estimates from fuel-efficient

cookstove studies, and estimates solely from Sub-Saharan Africa.

The following describes how we inform g. Note that variances are selected based on the
strength by which we want to allow our prior information to influence posterior distributions. For
example, we assume that with no treatment, there would be no change in time savings, so the mean
and variance on the constant term is (0, 400). The variance of 400 (standard deviation of 20) was
selected because we are confident that with no treatment, time savings should not change, but

external factors may lead to changes in time use that are outside of the scope of the ICS intervention.
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We acknowledge these are “guesses”, as is the case in any Bayesian analysis, and the robustness

of these models can be tested by attempting different variances on all priors.

Table 15. Prior specifications

Number of estimates | Average time

Model from peer reviewed savings in fuel gt;r;gggi
publications collection

Model 1 - Uninformative NA 0 50

Moplel 2 — All estimates of time 34 440 383

savings

Model 3 - Estimates of times

savings from experimental or 6 76.7 40.0

guasi-experimental studies
Model 4 - Estimates of time
savings from fuel efficient 17 57.5 56.3
biomass cookstoves only
Model 5 - Estimates of time
savings from studies in sub- 11 87.1 57.0
Saharan Africa

Next, the means and standard deviations listed in Table 15 are used as the prior for the
coefficient of the treatment indicator. We input means ranging from -10 or 10 for the covariates of
the form treatix,, depending on the direction the literature suggests the time savings estimate would
change as a function of the given covariate. The variance is kept quite large, at 1,000, since there
are relatively few estimates in the literature specific to each of these sources of variation, but we
don’t expect any source of variation to alter time savings by more than 60 min/day (the approximate
95% confidence interval with a standard deviation of ~30). All interaction terms are given
uninformative priors ~N(0, 1,000) since we do not have enough information to hypothesize

direction or magnitude.

4.6 Results
After model selection as detailed in Step 2 of section 4.5 above, where we run a total of

~9E10% models and select the model with the highest Bayes Factor, we re-run the non-Bayesian
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linear regression on just the selected covariates. These results are presented in Table 16.
Interaction terms are referred to below in the form x*y.

The most important result to note in Table 16 is the variables for which we have low or
significant values of Pr(>[t|). These results not only hint at the variables that will become most
important (for example, household size, wealth, and their interactions tend to have relatively low
p-values) but also give us an idea of where our assumption of linearity makes the most sense.
Those variables include Tmt*Wealth, Tmt*Malawi, Tmt*Zambia, Wealth*Education, and many
other interactions involving household size and change in household size. The coefficient on
Tmt*Wealth, for example, suggests that a one unit increase in wealth (which ranges from 0 to 10)
in a treated household leads to a decrease in time savings of 8 min/day, though this result is not
statistically significant.

We also note the terms that drop out during the model selection process. For example,
terms that are interactions between country and time use method drop out of the selected model.
Remoteness also drops out of selected covariates and only remains when interacted with the
treatment indicator (but this is imposed).

Table 16. Multivariate normal linear regression model results, selected covariates

Covariate Coefficient | SE Pr(>|t))
Treatment (Tmt) -27.09 69.14 0.70
Malawi 4,76 17.10 0.78
Zambia 19.67 18.85 0.30
Stylized -8.42 18.51 0.65
Traditional -5.63 27.18 0.84
Tmt*HH size -4.46 3.97 0.26
Tmt*Change in HH size -10.62 8.47 0.21
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Tmt*Wealth -8.02 5.32 0.13
Tmt*Remote 4.60 5.23 0.38
Tmt*Malawi -9.57 5.06 0.17
Tmt*Zambia -20.77 1428 |0.15
Tmt*Education 0.19 11.14 0.99
Tmt*Stylized 7.48 19.35 0.70
Tmt*Traditional 10.54 28.13 0.71
HH size*Change in HH size 0.00 0.38 1.00
Change in HH size*Education | -1.76 0.90 0.05**
HH size*Education -0.47 0.70 0.50
Malawi*HH size 0.71 2.53 0.78
Zambia*HH size -0.98 3.03 0.75
Stylized*Change in HH size 0.13 4.20 0.98
Trad*Change in HH size 0.22 6.16 0.97
Zambia*Change in HH size -12.11 4.34 0.01***
Malawi*Change in HH size -10.58 5.10 0.04**
Change in HH size*Wealth 1.89 0.88 0.03**
HH size*Wealth 1.98 0.57 0.00%***
Wealth*Education -0.79 1.19 0.19
Trad*Education 1.99 9.91 0.84
Stylized*Education 2.79 6.63 0.67
Constant 1411 50.14 0.78

In Table 17, we present the Bayesian regression results for the preferred model, i.e., the

model with the highest Bayes Factor, given an uninformative prior. In all Bayesian models, the
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column MCSE provides a quantitative measure of the magnitude of the estimation noise, i.e., is a
measure of the inaccuracy of the posterior distribution of each g. We primarily discuss
coefficients of covariates with Monte Carlo Standard Error, or MCSE, <0.1, as is standard in
other literature that utilizes similar methods. However, as data collected within in our primary
data and prior knowledge is mostly survey-based, and given there are minimal examples of
Bayesian work in LMIC, we will also discuss covariates of the form treai*xp with MCSE >0.1
when results are consistent across priors. Note that in Bayesian outputs, we interpret the mean
and 95% confidence interval as a normal distribution centered on the mean of the effect of the
listed covariate.

In Table 17, a high variance was set for the priors of all coefficients, i.e., we are
suggesting that the effect of each covariate on time savings is 0, but with a large standard error
that allows the primary data to play a substantial role in determining the posterior outcomes. We
find low MCSE in Tmt*HH size, where the mean is not so different from the simple linear model
in Table 16. We also find that household size has opposing effects in Malawi and in Zambia,
where larger household size in Malawi leads to higher time savings and larger household size in
Zambia leads to lower time savings, though there is much overlap in the 95% confidence intervals
and magnitudes are close to 0. Although the magnitudes are small, the 95% confidence intervals
for the interaction terms for HH size*education and change in HH size*education are negative
with means of -0.02 and -1.7. That is, as household size (or change in household size) increases,

the effect of increasing education is negative, i.e., implying lower time savings.

Table 17. Uninformative prior, significant results

Covariate Mean | SE MCSE 95% CI 95% CI
Low High
Constant -3.11 |40.31 |8.18 -90.73 74.78
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Treatment (Tmt) -6.78 | -52.33 | 5.66 -108.75 96.22
Tmt*HH size -4.20 |3.90 0.05** |-11.92 3.29
Tmt*Change in HH size | -10.13 | 8.39 0.74 -26.61 6.32
Tmt*Wealth -4.86 | 4.57 3.74 -13.54 4.17
Tmt*Remote 3.46 4.34 0.53 -5.18 11.86
Tmt*Malawi -9.61 |12.75 |0.13 -35.22 15.28
Tmt*Zambia -19.12 |1 13.92 |0.14 -46.21 8.42
Tmt*Education -0.34 | 10.27 |1.18 -19.82 20.49
Tmt*Stylized 6.00 18.63 | 0.20 -30.57 42.65
Tmt*Traditional 8.60 26.42 | 0.27 -43.57 60.50
Household size*Change | -0.02 | 0.38 0.01*** | -0.76 0.72
in HH size

Change in HH size* -1.74 |1 0.90 0.01*** | -3.47 0.05
Education

Household -0.39 | 0.69 0.01*** | -1.77 0.97
size*Education

Household size*Malawi | 0.46 2.48 0.06* -4.35 5.28
Household size*Zambia | -1.13 | 2.97 0.07* -6.99 4.57

Full results including covariates that have MCSE > 0.1 are available in Appendix Table B11

In Table 18, we inform the priors with each specification listed in Table 15. We present

Several results are similar across all informed priors. For example, all 4 informed priors

prior can be found in Appendix Tables B12-B15.
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Bayesian regression results, again presenting treatment interacted with each source of variation,

and interaction terms with MCSE < 0.1. Full results, including terms with high MCSE, for each

have nearly identical magnitudes with MCSE < 0.1 on coefficients for HH size*Change in HH




size, HH size*Education, and Change in HH size*Education. These means are close to zero, with
mean change and 95% confidence intervals of approximately -0.02 (-0.77, 0.73), -0.73 (-1.73,
0.99), and -1.72 (-3.50, 0.03) respectively. Therefore, we can expect zero to small negative
changes in time savings from each of these interaction terms. As mentioned in section 4.3.7, we
do not strongly inform priors on interaction terms, but rather we let the prior vary within the
N(0,1000) distribution. Therefore, the consistency of these results across all prior specifications
suggests that the relationship (or lack of relationship) between the above interaction terms and
time savings is very consistent in the sample in our primary dataset. Second, though MCSE is
high, it should be noted that all models also show consistent patterns across time use elicitation
methods in treated households - that stylized time use methods yield the largest time savings
estimates of the three methods, traditional time diaries yield the smallest, and hybrid time diaries
fall in the middle. This finding aligns with the literature as well as in our baseline data, where
time use reports are generally higher from stylized questioning and lower from time diaries.
Third, the constant term is also similar in magnitude across all four priors. Interestingly, the
constant term is approximately a full standard deviation higher than the mean of the prior we set,
suggesting that control and treatment groups both experienced positive time savings in our
primary data. Fourth, in all models, more remote treatment groups experienced higher time
savings than less remote treatment groups, though this result is not statistically significant at

conventionally reported levels.

The results from the priors that use estimates from Sub-Saharan Africa produce notable
results in the interactions with wealth. First, among treated households, for each unit increase in
wealth, time savings decrease by ~5 min/day. We additionally have a significant and negative mean

on the coefficient on Wealth*Education, meaning that the higher the level of education, the more
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negative the effect of wealth on time savings. That is, if a household has wealth level = 6, we can
expect that household to experience ~5 min/day lower time savings than a household that has
wealth level = 5. If there are two households that fall at wealth level = 6, the household that is more
educated would experience ~5 min/day lower time savings than the household that is less educated.
We also find significant and positive changes to time savings in the interaction terms Wealth*HH
size and Wealth*Change in HH size, a pattern that holds across all models. This can be interpreted
as follows: the larger the household size (or change in household size), the more positive the effect
of wealth on time savings. To summarize, households that are poorer, less educated, and larger
appear to experience higher time savings (though the latter may not have much of an effect,

especially given our consistent findings on household size and interactions across all priors).

We also find significant and puzzling results on interaction terms Tmt*Malawi,
Tmt*Zambia, and Tmt*Tanzania, and, when using the prior that includes estimates from fuel-
efficient cookstoves only, individual country indicators for Malawi and Zambia. First, individual
country indicators are positive, suggesting that regardless of treatment status, households in Malawi
and Zambia experience time savings. But when interacted with treatment, we find mean changes
of -16.2 and -25.3 respectively. We also find that, in line with the results in Section 3 using
difference-in-differences, treated households in Zambia have the lowest time savings and treated
households in Tanzania have the highest time savings. We theorize why we may see these results

in the discussion section.
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Table 18. Informed Bayesian Models

Covariate All literature | Experimental | Sub- Fuel
/Quasi Saharan | efficient
Africa ICS
Constant 20.01 21.33 18.84 15.55
(62.21) (61.96) (61.87) (62.16)
0.68 0.65 0.65 0.67
Treatment (Tmt) 36.74 52.39 39.90 33.71
(42.77) (33.98) (41.18) (30.60)
6.56 4.12 6.11 3.39
Tmt*HH size -2.52 -2.54 -2.52 -2.52
(57.91) (57.91) (57.91) (57.91)
0.58 0.58 0.58 0.58
Tmt*Change in HH size | -0.06 -0.07 -0.07 -0.06
(63.77) (63.77) (63.77) (63.77)
0.64 0.64 0.64 0.64
Tmt*Wealth -5.13 -5.15 -5.13* -5.12
(4.49) (4.49) (1.56) (4.49)
0.45 0.45 0.09 0.45
Tmt*Remote 2.61 2.31 2.55 2.67
(4.30) (4.27) (4.29) (4.29)
0.57 0.44 0.56 0.44
Tmt*Malawi -17.21 -22.69 -18.32* -16.15
(50.79) (49.96) (12.12) (18.78)
2.07 1.24 0.10 0.10
Tmt*Zambia -26.27 -31.43 -27.31* -25.27*
(52.04) (51.32) (13.64) (16.45)
1.88 1.10 0.09 0.08
Tmt*Tanzania -12.21 -16.94 -13.16* -11.29*
(60.22) 59.73 (20.71) (16.10)
1.44 1.12 0.10 0.09
Tmt*Education -0.42 -0.43 -0.43 -0.42
(57.66) (57.66) (57.66) (57.66)
0.58 0.58 0.58 0.58
Tmt*Stylized -20.28 -25.70 -21.37 -19.23
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(52.19) (51.39) (52.03) (51.13)
2.04 1.42 1.93 1.06
Tmt*Traditional -16.47 -21.72 -17.53 -15.46
(53.28) (52.56) (53.14) (52.32)
1.98 1.25 1.79 0.99
Tmt*Hybrid -17.92 -22.62 -18.87 -17.01
(61.88) (61.40) (61.78) (61.25)
1.53 0.84 1.38 0.76
HH size*Change in HH -0.02%** -0.02*** -0.02*** | -0.02***
size (0.38) (0.38) (0.38) (0.38)
0.00 0.00 0.00 0.00
HH size*Education -0.37** -0.37** -0.37*** | -0.37***
(0.70) (0.70) (0.70) (0.70)
0.01 0.01 0.01 0.01
Change in HH -1.72%* -1.72%* -1.72%* -1.72**
size*Education (0.90) (0.90) (0.90) (0.90)
0.01 0.01 0.01 0.01
HH size*Wealth 1.62** 1.62** 1.62** 1.62**
(0.52) (0.52) (0.52) (0.52)
0.05 0.05 0.05 0.05
Change in HH 1.78* 1.78* 1.78* 1.78*
size*Wealth (0.87) (0.87) (0.87) (0.88)
0.09 0.09 0.09 0.09
Wealth*Education -4.87 -4.84 -4.86* -4.86*
(5.25) (6.33) (1.25) (1.25)
0.22 0.23 0.10 0.10
Zambia 0.42 1.01 14.10 13.92*
(49.18) (49.17) (17.58) (7.89)
0.49 0.49 0.15 0.09
Malawi 14.01 14.46 13.90 10.01
(49.74) (49.73) (14.34) (10.12)
0.51 0.51 0.15 0.10

Standard errors are in parentheses and MCSE is in italics. Full results including covariates that have MCSE > 0.1 are
available in Appendix Table B12-B15
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4.7 Discussion

In this paper, we use Bayesian linear modeling and Bayesian model selection to examine
the sensitivity of time savings results stemming from a fuel-efficient ICS intervention to a set of
population and study characteristics. These results inform the contexts in which the CQC rocket
stove, a fuel efficient ICS distributed in East and Southern Africa, may be more impactful than
initial DiD results suggest.

During model selection, no interaction terms between method and country remained in
the model of best fit. Additionally, in all models, we found that the stylized method of gathering
time use estimates in treated households consistently yielded the largest impacts on time savings
(produced the largest negative effect, or time burdens) and traditional time diaries in treated
households produced the smallest. This suggests that while we may expect to see larger changes
in time savings when using stylized time use elicitation techniques, we cannot say much about
whether that pattern holds across countries. We also find that remoteness and any terms interacted
with remoteness do not remain in the model, suggesting that sample remoteness does not make a
large difference in time savings from this ICS. One potential explanation is that our primary data
sample is generally quite remote, with relatively little variation in remoteness (the average sample
remoteness was 9.1 with a standard error of 0.8 on a scale of 0 to 10). However, we do note the
general (insignificant) trend across models that more remote households experience greater time
savings than their counterparts who may be closer to markets and roads.

Most of the interaction terms where we can claim precision are interactions with
household size or change in household size, and most tell us that household composition does not
make a large difference in time savings. Note we do not have highly informative priors on either
term, since the literature is split on whether larger households imply that more individuals will

help collect firewood (greater time savings), or whether larger households imply the primary fuel
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collector must collect more fuel (lower time savings). This suggests that in our primary data,
household composition in treated groups has consistent zero to negative relationships to time
savings outcomes.

The priors that utilize only studies from Sub-Saharan Africa and only studies from fuel
efficient cookstoves provide more insight in terms of selected covariates. This implies that priors
based on geography and technology are a better fit (more relevant) to the primary data than priors
based on study design or using a broad prior of any ICS study.

A surprising significant result from these priors is that wealthier treated households
experience lower time savings than poorer treated households. This is contrary to the hypothesis
that wealthier households would have the option to switch to purchasing fuel from markets
instead of collecting firewood. A potential explanation is that the relatively wealthier households
in this sample are also remote, meaning that even if they wanted to purchase firewood in the
market, markets may be too far or have a lack of firewood availability. A second potential
explanation is that wealthier households were already purchasing fuel before the ICS
intervention, leading to less scope for time savings. We also find that the effect of education on
these wealthier households is negative — that more educated households, holding wealth levels
equal, would experience even lower time savings. In a separate study stemming from this same
household survey, our team found that more educated primary cooks were more likely to
purchase firewood — consistent with the second explanation above, that wealthier households
were already purchasing fuel.

From the prior that uses estimates from fuel efficient cookstove interventions only, we
elucidate some puzzling country patterns. We find that while the coefficients on treatment,
Malawi, and Zambia are positive, the coefficients on treatment interacted with each Malawi,

Zambia, and Tanzania is negative. This tells us two things. First, that overall, the take up of this
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fuel efficient cookstove should generate time savings relative to the untreated group. However,
treatment in Malawi, Tanzania, and Zambia specifically, reflecting the influence of our primary
evaluation data, appears relatively ineffective. In addition, the fact that the coefficients on Malawi
and Zambia are positive may explain why treatment in Malawi and Zambia is especially
ineffective — the overall sample is experiencing time savings regardless of treatment status in
those two countries. An important next step will be to understand why this may be the case — for
example we can speculate it may be the case that control households in Malawi and Zambia are
taking up other cookstoves such that they are also seeing time savings benefits, or the control
group is utilizing other time saving measures like fuel stacking practices, but further work is
needed to confirm either hypothesis. Lastly, in line with our difference-in-differences results
treated households in Zambia experience the lowest time savings and treated households in
Tanzania experience the highest.

There are some limitations to these methods that lead to next steps. First and most
obviously, we are assuming a linear relationship between the variables and time savings, a
requirement for the normal-normal conjugate Bayesian model. For example, we may think that an
increase of one unit of wealth when you are very poor means more than an increase of one unit of
wealth when you are already rich. The methods used in this paper assume those increases lead to
the same change in time savings, which may not be realistic in all contexts. Despite this strong
assumption, the analysis is still informative in indicating the general direction of time savings
given changes in the covariates, and that some of our covariates were significant or close to
significant in the non-Bayesian linear model suggests that linearity is an acceptable assumption
for many of the variables we discuss here. However, future iterations will include robustness
checks of our linear results using different non-normal Bayesian conjugate priors. Second, we

were hopeful to elucidate more information about the methods of time use elicitation. But while
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we can see a general trend that mirrors that of the literature (stylized results are generally of
larger magnitude than time diaries) we are unable to say much about how the effects of these
methods may vary by other covariates. This is because the model selection process prioritizes
choosing covariates that best explain our time savings results, and time use data from each
method is collected in different time increments. A potential next step or separate analysis is to
include models that force interactions between time use methods and other covariates, in order to
elucidate more information regarding patterns between methods. Third, while we mathematically
select the covariates that remain in the models, the initial set of potential population and study
characteristics the model could select is non-comprehensive, and based on our understanding of
the literature, data availability, and field experiences. For example, useful variables to include
would be whether a household had access at baseline or by endline to a second ICS, and whether
the household purchased fuel at baseline. Regarding the former, we do not have enough variation
in that data in our primary datasets, and our prior literature set does not discuss the impacts of a
second ICS. The latter will be added to the next iteration of this analysis. Lastly, as mentioned in
the previous chapter, we will be testing other definitions of “treatment” that may be a better
representation of whether households are actually taking up and using the improved cookstove.
This and the other steps mentioned above will likely change or add to the current results in this
chapter.

Overall, our Bayesian results provide us with more nuanced information about contexts
in which the CQC rocket stove might perform better in terms of fuel collection time savings, and
a greater understanding of why we did not find time savings in our initial difference-in-
differences analysis. We find that this fuel-efficient ICS will produce the highest time savings
benefits in populations that are poorer, less educated, potentially more remote, and who do not

have access to other ICS. This makes sense since the CQC rocket stove is a rudimentary ICS that
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is likely best used in populations that solely rely on three-stone fires both for ease of transition
and local fuel availability. The results also help elucidate further important areas of analysis
within our primary data, for example to study the role of fuel purchasing behavior on time
savings outcomes and analyzing the potential reasons control groups also experience time savings

benefits.
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5. Conclusion

In this dissertation, | study aspects of energy access (and especially improved cooking
technologies), time use allocation and reallocation patterns, and labor productivity, especially as
they pertain to women in rural regions of low- and middle-income countries. | perform secondary
data analysis, collect and analyze my own primary data, and then consider the external validity of
my findings using Bayesian methods.

In the first chapter, we use datasets from seven countries in Sub-Saharan Africa and
South and Southeast Asia to describe the relationship between different aspects of energy access
and an empowerment index that takes into consideration various aspects of women’s
empowerment like mobility, access to groups and credit, education, and labor force participation.
We study the empowerment index as it relates to cooking energy access, electricity access and
reliability, and willingness to pay for improved energy technologies, and highlight similarities
and differences across countries. In general, we find positive associations between the
empowerment index and these measures of energy access, with some heterogeneity between
countries. This is not a causal study; nonetheless, it serves as a valuable exercise to begin
analyzing the potential, lesser studied, gendered impacts of improved energy access.

The second chapter details a quasi-experiment conducted in Malawi, Zambia, Tanzania,
and Kenya where we studied shifts in women’s time use patterns, fuel acquisition behaviors, and
labor productivity as a result of adoption of a fuel-efficient improved cookstove. We surveyed
approximately 1,000 women in each country, and uniquely, used three different methods of
eliciting time use information: stylized or direct methods, traditional time diaries, and a pictorial
“hybrid” time diary. Somewhat surprisingly, we found that the fuel-efficient cookstove did not
produce time savings in fuel collection or cooking or alter fuel acquisition behaviors, though

sample contamination and short time frames between stove installation and surveys may have
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hindered results. After using a propensity score matching technique to help navigate the sample
contamination, we did find increases in agricultural revenue and in some cases household income,
in some countries. Based on a simple correlational analysis comparing time use results between
methods of time use elicitation, we found that consistency between methods was dependent on
the activity in question. For example, we found high correlations between methods when asking
about time spent on paid work, and weak correlations when asking about time spent on cooking.
In the third chapter, we detail and utilize Bayesian methods to examine the external
validity of our time savings results above, using methods that are particularly useful to scenarios
where data is less readily available. Specifically, we use Bayesian model selection and a Bayesian
linear regression framework to select and quantify the population and study characteristics that
most impact time savings results, specifically in fuel collection and preparation, derived from the
improved cookstove distributed in the previous chapter. Utilizing primary data collected in the
previous chapter and a set of 34 estimates of time savings from the literature on improved
cookstoves, we suggest the conditions under which the improved cookstove would likely show
the greatest time savings outcomes. We find that some variables that the literature has suggested
are key to determining time savings, such as household size, are not as important in accruing
benefits from this improved cookstove. We find that less educated, poorer populations, especially
those who do not have access to other types of improved cookstoves, are most likely to benefit
from this particular improved cookstove. We also make note of consistent patterns in some
population and study characteristics, for example that stylized questioning leads to larger

magnitudes of time savings than time diaries.
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Appendix A
Appendix tables from Section 2 can be found at:

https://iopscience.iop.org/article/10.1088/1748-9326/acc2d3.
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Appendix B

Table B1. Description of implementing partners

Implementor

Countries

Details

Implementor 1

Malawi, Kenya

Implementor 1 is a direct
offshoot of the stove
manufacturing company. They
primarily work via a saturation
model; that is, selecting a
village and expanding to
neighboring villages once
most households have an
improved cookstove.

Implementor 2

Malawi

Implementor 2 is also a direct
offshoot of the stove
manufacturing company. They
primarily work via a saturation
model; that is, selecting a
village and expanding to
neighboring villages once
most households have an
improved cookstove.

Implementor 3

Kenya, Tanzania,
Zambia

Implementor 3 primarily
works in cotton ginning across
Eastern and Southern Africa.
They distribute cookstoves to
farmers in rural villages in
which they have connections
from their trade in cotton
ginning. They also tend to
follow a saturation model, but
may work in many villages at
once.

Implementor 4

Zambia

Implementor 4 primarily
works in mineral, commodity,
and retail trading across
Eastern and Southern Africa.
They distribute cookstoves to
farmers in rural areas in which
they have connections. They
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distribute cookstoves to
farmers in rural villages in
which they have connections
from their business in mineral,
retail, and commaodity trading.

Table B2. Sample balance of intended treatment/control split

Malawi Zambia Tanzania Kenya

Variable C T C T T T C T
Age (years) 40.0 38.8 538 35.7 40.6 412 46.6 45.4
Education (years) 2.4 2.1 1.8 1.8 2.4 22 2.7 2.6
Household size 5.6 5.7 5.2 5.5 6.8 6.8 5.1 5.0
Own land for agriculture (%) 87.7 79.9 91.9 90.0 56.6 54.5 97.8* 87.2*
3-stone fire (%) 94.7 93.9 99.4 99.6 99.2 99.6 98.1* 95.6*
Time spent collecting fuel (min/day) 196.7* 172.0* 141.1 137.5 247.4 243.6 162.8 153.6
Collect firewood (%) 69.3 70.4 95.4 95.7 54.4 52.3 75.6 78.0
Purchase firewood (%) 15.3 16.0 22 1.4 20.6 239 4.6 4.6
Access and participation in groups (%) 71.5 67.7 63.9 61.3 54.8 55.7 90.4 89.4
Pre-Trends!

Time spent collecting fuel (min/day) -27.1 -38.3 4.6 -5.0 4.2 -6.5 4.3 -11.1
Collect firewood (%) -0.6 0.5 0.2 0.2 1.1 -1.0 -1.2 1.2
Purchase firewood (%) 0.4 -0.3 -0.4 0.4 1.6 -1.7 0.0 0.0

Table B3. Sample imbalances in “Actual” control/treatment splits, Tanzania

Tanzania
Imbalanced variable

Difference in treatment
versus control

Charcoal (%) 4. 30*

The difference in current versus previous values of the listed variables, and then comparing the differences
between treatment and control groups.
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Table B4. Sample imbalances in “Actual” control/treatment splits, Malawi

Malawi
Imbalanced variable : :
Difference in treatment
versus control

|Age (continuous) -2.45%*
Cook years of schooling 0.41***
[Household does not have enough food (% indicator) -11.08***
INumber of shocks experienced -0.13*
|Asset Count 1.03*
[Purchases firewood (%) (indicator) 7.68***
[Pretrends - collected firewood dry season -0.08***
[Pretrends - collected firewood rainy season -0.07%¥%*

The difference in current versus previous values of the listed variables, and then comparing the differences
between treatment and control groups.

Table B5. Sample imbalances in “Actual” control/treatment splits, Zambia

Zambia
Imbalanced variable g :
Difference in treatment
versus control

[Houschold does not have enough food (% indicator) -9.51%*
INumber of shocks experienced -0.09%*
|Asset Count 2.37%*
[Time spent collecting + prep fuel - hybrid td (30 min increments) 10.21**
[Time spent cooking - traditional td (15-min increments) -26.00*
|Access to a group (%) (indicator) -4.19%*
Has own bank acount (%) (indicator) -5.24%*

‘The difference in current versus previous values of the listed variables, and then comparing the differences
between treatment and control groups.

Tables B6. First stage logit for Kernel PSM, Tanzania

Coefficient SD P>|t|
Charcoal -0.004 0.002 0.058
Constant -0.146 0.074 0.049
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Tables B7. First stage logit for Kernel PSM, Malawi

Coefficient SD P>|t|
Age (continuous) 0.009 0.005 0.075
Cook years of schooling -0.130 0.059 0.028
Household does not have 0.006 0.002 0.002
enough food (% indicator)
Number of shocks 0.124 0.073 0.089
experienced
Asset count 0.001 0.011 0.951
Purchases firewood (% -0.005 0.006 0.377
indicator)
Pretrend — collected -0.004 0.002 0.071
firewood dry season
Pretrend — collected 0.450 0.569 0.428
firewood rainy season
Constant -0.306 0.676 0.651

Tables B8. First stage logit for Kernel PSM, Zambia

Coefficient SD P>[t|
Household does not 0.004 0.002 0.043
have enough food (%
indicator)
Number of shocks 0.281 0.167 0.093
experienced
Asset count -0.016 0.008 0.057
Time spent collecting 0.000 0.000 0.365
and preparing fuel
(Hybrid) (min/day)
Access to a group (% 0.010 0.003 0.003
indicator)
Has own bank account 0.003 0.003 0.377
(% indicator)
Constant -0.628 0.402 0.118

Table B9. Time use and complementary outcome results, Intent to treat

\ Malawi \ Zambia \ Tanzania \ All
Time use
Cooking =227 -5.184 -4.442 -3.48
(min/day) (6.906) (11.203) (6.085) (4.83)
3038 2834 2636 8508
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Fuel collection 4.673 -3.789 7.361 1.557
(min/day) (11.019) (8.036) (23.896) (12.442)
3055 2906 2712 8673
Unpaid labor 8.031 -18.178 -15.96 -8.416
(min/day) (14.442) (18.571) (27.154) (19.165)
3055 2906 2712 8673
Paid labor 5.601 6.653 -21.583 -5.343
(min/day) (18.689) (15.782) (14.545) (12.641)
3038 2834 2636 8508
Chores 20.795 11.843 5.266 13.027
(min/day) (15.851) (20.509) (16.115) (8.97)
3038 2834 2636 8508
Fuel purchase 951 2.195 .631 1.555
time — module (3.997) (2.957) (15.443) (5.507)
4 (min/day) 2009 1901 1918 5828
Fuel collection -3.583 -12.147 1.591 -4.374
time — module (17.994) (13.057) (22.229) (10.038)
4 (min/day) 2009 1901 1918 5828
Other outcomes
Agricultural 9.146 -296.75 4.174 -81.495
revenue (USD) (31.235) (222.073) (11.199) (106.95)
2008 1901 1913 5822
Income (USD) -27.52% 19.413 1.614 24
(15.666) (19.553) (4.531) (9.352)
1954 1827 1873 5654
Purchasers -.031 .007 .056 .007
(.043) (.048) (.076) (.041)
2009 1901 1918 5828
Collectors -.03 -.014 -.031 -.024
(.041) (.044) (.067) (.031)
2009 1901 1918 5828

Standard errors are in parentheses in the second row of each cell. N is in the third row of each cell.
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Figure B1. Time savings versus time since installation, Malawi
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Figure B2. Time savings versus time since installation, Zambia
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Table B10. Normal Linear Regression Model (non-Bayesian), all coefficients

Covariate Mean | Standard Error | P value
Malawi -65.86 | 96.49 0.50
Zambia -55.67 | 108.87 0.61
Stylized -114.50 | 141.14 0.42
Traditional -133.27 | 200.62 0.51
Wealth 21.04 22.27 0.35
HH size -1490 | 13.32 0.26
Remote -23.18 | 18.97 0.22
Change in HH size -22.55 | 22.06 0.31
Education -4.56 23.33 0.85
Treatment (Tmt) -1.95 79.27 0.98
Tmt: HH size -3.94 2.33 0.09
Tmt: Change in HH size 0.47 2.66 0.86
Tmt: Wealth 1.71 4.33 0.69
Tmt: Remote 4.26 7.58 0.57
Tmt: Malawi 10.64 16.83 0.53
Tmt: Zambia 21.82 14.82 0.14
Tmt: Education -2.43 3.93 0.54
Tmt: Stylized -5.04 19.59 0.80
Tmt: Traditional -8.61 28.68 0.76
Stylized: HH size -0.01 4.82 1.00
Stylized: Change in HH size | 0.75 4.96 0.88
Stylized:Wealth 1.15 7.44 0.88
Stylized:Remote 11.37 15.23 0.46
Stylized:Malawi -25.19 | 25.26 0.32
Stylized:Zambia -5.12 25.57 0.84
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Stylized:Education 0.30 6.87 0.97
Trad:HH size 0.54 6.82 0.94
Trad: Change in HH size 0.15 7.20 0.98
Trad:Wealth -9.86 10.58 0.35
Trad:Remote 15.05 20.99 0.47
Trad:Malawi -15.75 | 44.55 0.72
Trad:Zambia -24.98 | 48.83 0.61
Trad:Education 6.28 10.62 0.55
HH size:Change in HH size 0.02 0.39 0.95
HH size:Wealth 12.62 6.27 0.04
HH size:Remote 16.11 13.93 0.25
Malawi:HH size 2.73 2.72 0.32
Zambia: HH size -0.23 3.31 0.94
HH size:Education -0.47 0.72 0.51
Change in HH size: Wealth 1.37 0.95 0.15
Change in HH size:Remote 36.78 22.04 0.10
Malawi: Change in HH size | -8.11 5.26 0.12
Zambia: Change in HH size | -12.54 | 4.39 0.00
Change in HH size:Education | -2.12 0.92 0.02
Wealth:Remote -211.01 | 212.73 0.32
Malawi:Wealth -10.75 | 5.41 0.05
Zambia:Wealth -9.60 6.34 0.13
Wealth:Education -2.16 14.16 0.88
Malawi:Remote 96.51 94.20 0.31
Zambia:Remote 100.98 | 105.26 0.34
Remote:Education 5.69 23.52 0.81
Tmt:PS 18.32 50.27 0.72
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Constant 186.20 | 176.37 0.29

Table B11. Bayesian normal linear regression model, uninformative prior on selected

covariates
Covariate Mean SE MSCE
Treatment (Tmt) -6.78 52.33 5.66
Malawi 5.88 16.51 0.47
Zambia 19.05 18.39 0.25
Stylized -6.26 17.45 0.73
Traditional -2.26 24.67 1.78
Tmt: HH size -4.20 3.90 0.05
Tmt: Change in HH size -10.13 8.39 0.74
Tmt: Wealth -4.86 4.57 3.74
Tmt: Remote 3.46 4.34 0.53
Tmt: Malawi -9.61 12.75 0.13
Tmt: Zambia -19.12 13.92 0.14
Tmt: Education -0.34 10.27 1.18
Tmt: Stylized 6.00 18.63 0.20
Tmt: Traditional 8.60 26.42 0.27
Household size: Change -0.02 0.38 0.01
in HH size
Change in HH size: -1.74 0.90 0.01
Education
Household size: -0.39 0.69 0.01
Education
Household size: Malawi 0.46 2.48 0.06
Household size: Zambia -1.13 2.97 0.07
S_tylized: Change in HH 0.21 4.16 0.20
size
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Traditional: Change in -0.28 6.18 0.44
HH size

Zambia: Change in HH -12.10 4.28 0.21
size

Malawi: Change in HH -10.57 5.06 0.30
size

Wealth: Change in HH 17.54 8.80 0.29
size

HH size: Wealth 1.59 0.53 0.53
Wealth:Education -5.08 12.53 0.41
Traditional:Education 0.96 8.91 1.07
Stylized:Education 2.31 6.24 0.31
Constant -3.11 40.31 8.18

Table B12. Bayesian normal linear regression model, informative prior (all literature) on
selected covariates

Covariate Mean SE MSCE
Treatment (Tmt) 36.74 42.77 6.56
Malawi 14.01 49.74 0.51
Zambia 0.42 49.18 0.49
Stylized 0.81 48.85 0.49
Traditional 3.37 50.61 0.51
Tmt: HH size -2.52 57.91 0.58
Tmt: Change in HH size -0.06 63.77 0.64
Tmt: Wealth -5.13 4.49 0.45
Tmt: Remote 2.61 4.30 0.57
Tmt: Malawi -17.21 50.79 2.07
Tmt: Zambia -26.27 | 52.04 1.88
Tmt: Tanzania -12.21 60.22 1.44
Tmt: Education -0.42 57.66 0.58
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Tmt: Stylized -20.28 52.19 2.04
Tmt: Traditional -16.47 53.28 1.98
Tmt: Hybrid -17.92 61.88 1.53
Household size: Change -0.02 0.38 0.00
in HH size

Change in HH size: -1.72 0.90 0.01
Education

Household size: -0.37 0.70 0.01
Education

Household size: Malawi -0.75 57.92 0.58
Household size: Zambia -1.09 57.93 0.59
Stylized: Change in HH -0.03 63.30 0.62
size

Traditional: Change in 0.66 63.25 0.63
HH size

Zambia: Change in HH -5.66 63.39 0.63
size

Malawi: Change in HH -5.51 63.56 0.64
size

Wealth: Change in HH 1.78 0.87 0.09
size

HH size: Wealth 1.62 0.52 0.05
Wealth:Education -4.87 5.25 0.22
Traditional:Education 0.18 57.75 0.58
Stylized:Education 0.73 57.87 0.58
Constant 20.01 62.21 0.68
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Table B13. Bayesian normal linear regression model, informative prior (Quasi experimental
and Experimental literature) on selected covariates

Covariate Mean SE MSCE
Treatment (Tmt) 52.39 33.98 4.12
Malawi 14.46 49.73 0.51
Zambia 1.01 49.17 0.49
Stylized 1.35 48.84 0.49
Traditional 3.82 50.60 0.51
Tmt: HH size -2.54 57.91 0.58
Tmt: Change in HH size -0.07 63.77 0.64
Tmt: Wealth -5.15 4.49 0.45
Tmt: Remote 2.31 4.27 0.44
Tmt: Malawi -22.69 49.96 1.24
Tmt: Zambia -31.43 51.32 1.10
Tmt: Tanzania -16.94 59.73 1.12
Tmt: Education -0.43 57.66 0.58
Tmt: Stylized -25.70 51.39 1.42
Tmt: Traditional -21.72 52.56 1.25
Tmt: Hybrid -22.62 61.40 0.84
Household size: Change -0.02 0.38 0.00
in HH size

Change in HH size: -1.72 0.90 0.01
Education

Household size: -0.37 0.70 0.01
Education

Household size: Malawi -0.74 57.92 0.58
Household size: Zambia -1.08 57.93 0.59
S_tylized: Change in HH -0.02 63.30 0.62
size
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Traditional: Change in 0.66 63.25 0.63
HH size

Zambia: Change in HH -5.66 63.39 0.63
size

Malawi: Change in HH -5.51 63.56 0.64
size

Wealth: Change in HH 1.78 0.87 0.09
size

HH size: Wealth 1.62 0.52 0.05
Wealth:Education -4.84 6.33 0.23
Traditional:Education 0.19 57.75 0.58
Stylized:Education 0.74 57.87 0.58
Constant 21.33 61.96 0.65
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Table B14. Bayesian normal linear regression model, informative prior (SSA literature) on
selected covariates

Covariate Mean SE MSCE
Treatment (Tmt) 39.90 41.18 6.11
Malawi 13.90 14.34 0.15
Zambia 14.10 17.58 0.15
Stylized 0.92 48.85 0.49
Traditional 3.46 50.61 0.51
Tmt: HH size -2.52 57.91 0.58

Tmt: Change in HH size -0.07 63.77 0.64

Tmt: Wealth -5.13 1.56 0.09
Tmt: Remote 2.55 4.29 0.56
Tmt: Malawi -18.32 12.12 0.10
Tmt: Zambia -27.31 13.64 0.09
Tmt: Tanzania -13.16 20.71 0.10
Tmt: Education -0.43 57.66 0.58
Tmt: Stylized -21.37 52.03 1.93
Tmt: Traditional -17.53 53.14 1.79
Tmt: Hybrid -18.87 | 61.78 1.38
Household size: Change -0.02 0.38 0.00
in HH size

Change in HH size: -1.72 0.90 0.01
Education

Household size: -0.37 0.70 0.01
Education

Household size: Malawi -0.75 57.92 0.58

Household size: Zambia -1.09 57.93 0.59

Stylized: Change in HH -0.03 63.30 0.62
size
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Traditional: Change in 0.66 63.25 0.63
HH size

Zambia: Change in HH -5.66 63.39 0.63
size

Malawi: Change in HH -5.51 63.56 0.64
size

Wealth: Change in HH 1.78 0.87 0.09
size

HH size: Wealth 1.62 0.52 0.05
Wealth:Education -4.86 1.25 0.10
Traditional:Education 0.18 57.75 0.58
Stylized:Education 0.73 57.87 0.58
Constant 18.84 61.87 0.65

Table B15. Bayesian normal linear regression model, informative prior (Fuel efficient
cookstove literature) on selected covariates

Covariate Mean SE MSCE
Treatment (Tmt) 33.71 30.60 3.39
Malawi 10.01 10.12 0.10
Zambia 13.92 7.89 0.09
Stylized 0.70 48.83 0.49
Traditional 3.28 50.60 0.51
Tmt: HH size -2.52 57.91 0.58
T_mt: Change in HH -0.06 63.77 0.64
size

Tmt: Wealth -5.12 4.49 0.45
Tmt: Remote 2.67 4.26 0.44
Tmt: Malawi -16.15 18.78 0.10
Tmt: Zambia -25.27 16.45 0.08
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Tmt: Tanzania -11.29 16.10 0.09
Tmt: Education -0.42 57.66 0.58
Tmt: Stylized -19.23 51.13 1.06
Tmt: Traditional -15.46 52.32 0.99
Tmt: Hybrid -17.01 61.25 0.76
Household size: -0.02 0.38 0.00
Change in HH size

Change in HH size: -1.72 0.90 0.01
Education

Household size: -0.37 0.70 0.01
Education

Household size: -0.75 57.92 0.58
Malawi

Household size: -1.09 57.93 0.59
Zambia

Stylized: Change in HH | -0.03 63.30 0.62
size

Traditional: Change in | 0.66 63.25 0.63
HH size

Zambia: Change in HH | -5.66 63.39 0.63
size

Malawi: Change in HH | -5.51 63.56 0.64
size

Wealth: Change in HH | 1.78 0.87 0.09
size

HH size: Wealth 1.62 0.52 0.05
Wealth:Education -4.87 1.25 0.10
Traditional:Education 0.17 57.75 0.58
Stylized:Education 0.72 57.87 0.58
Constant 15.55 62.16 0.67
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