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Abstract

Essays in Development Economics, Case of Malawi
by
Valentina Brailovskaya

My dissertation focuses on two important aspects that affect micro-entrepreneurs in devel-
oping countries: electricity outages and saving constraints. In my first chapter, I study the
impacts of infrastructure deficiencies on small business owners in the context of the elec-
tricity supply in Malawi - a country where power is very unreliable and only 25% of small
businesses are even connected to the grid. Access to reliable electricity is a requirement for
development. Yet, most research focuses only on the effects of the first stage - establishing
connection to the grid. However, the quality provision is quite poor and existing customers
experience frequent outages. Using high frequency data collected on 391 small businesses
across the city of Blantyre, I document the following: (1) power outages are very frequent,
occur on 67% of days and last on average for 6.6 hours; (2) outages do not affect an average
business due to the fact that the majority are not even connected; (3) however, the effects
are large for the sub-sample of businesses highly reliant on power (those with electrical ap-
pliances), and as a result of blackouts, those businesses lose 25% of daily profits compared to
non-outage days; (4) the profit losses are permanent - there is no evidence of profit increases
in the following days; (5) the income shock results in reduced total weekly household-level
expenditures, and affected households spend 4.8% less for every outage experienced during
the week. My results suggest that outages have limited average impacts on small business

owners, but businesses relying on electricity to generate income are heavily affected.



My second chapter is a pilot study for the first chapter, which informed the design
and development of the main study. In this chapter, I study effects of electricity inter-
ruptions among market vendors across 5 markets in Lilongwe, Malawi. I overcome several
empirical challenges associated with estimation of the effects. First, due to data limitations
and heavy under-reporting of outage instances, I aggregate definition of an outage to a
market level and use various constructions of outages definitions to verify the results. Sec-
ond, I use a bootstrap method estimate clustered standard errors with a few clusters. To
estimate the effects, I use the detailed loghbooks kept by small businesses owners to study
the short-term effects of blackouts on business outcomes. Since outages are so frequent,
only 31% of market vendors select into electricity dependent operations. These businesses
are affected by power outages and lose 7-16% of revenues on days of blackouts. Due to likely
presence of measurement error in the independent variable, I conclude that the presented
effects are lower bounds of the true impacts.

The third chapter, co-authored with Jonathan Robinson (Associate Professor of
economics, University of California at Santa Cruz) and Shilpa Aggarwal (Assistant Professor
of Economics and Public Policy at Indian School of Business), focuses on the effects of
provision of savings accounts to micro-entrepreneurs in a developing country. Labeling
savings accounts for goals might increase savings for those goals but limit liquidity for other
uses. We conduct a field experiment with small business owners in urban Malawi, in which
we randomly offer people one or multiple labeled savings accounts - mobile money or simple
lockboxes. Since access to a secure place to save is the same for those with one as with

multiple accounts, any effect of the incremental account should be due to labeling. We show

xi



that (1) the savings products were popular, especially the box (95% of respondents used
the box at least twice within 4 months compared to 53% in the mobile money group); (2)
takeup of multiple lockboxes was high (66% of those offered multiple boxes actually used it
at least once) compared to 6% in mobile money groups; (3) total deposits across all saving
sources were higher for the group with multiple boxes compared to the single box holders;
that (4) the savings products had a number of effects on downstream outcomes, including
increased labor supply in farming activities, increased spending on certain categories such
as holiday spending and school supplies for children; but that (5) there is no evidence that
the labeled accounts limited liquidity of money for non-labeled purposes, and we do not
detect that mental accounting deterred households from using savings account to deal with
health shocks, even though about half of respondents reported that they were reluctant to
withdraw from the account. Lastly, we conclude that mobile money technologies are not
able to induce the same saving behaviors as lockboxes likely due to higher transactional

costs.
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Chapter 1

Unreliable Electricity: Effects of
Power Outages on Small

Businesses in Urban Malawi

1.1 Introduction

There is broad agreement among development practitioners that electrification is
instrumental for long-term economic growth. In Sub-Saharan Africa 70% of people live
without power (International Energy Agency 2013). Increasing energy access in developing
countries has been a major priority for development organizations in recent years, with
the World Bank allocating $7.49 billion to energy projects around the world!. However,

potential benefits from electrification might be limited if the power supply is unstable, and

!The data is obtained from the World Bank Annual Report 2016. Spending by region in billions: $1.5 -
Sub-Saharan Africa, $2.1 East Asia and Pacific, $0.46 in Europe and Central Asia, $0.24 in Latin America
and the Caribbean, $1.09 Middle East and North Africa, $2.1 South Asia.



electricity in Sub-Saharan Africa is notoriously unreliable: 78.9% of businesses experience
outages, totaling to an average of 49 hours a month?. Such frequent power outages may
significantly limit the welfare gains from electrification®, and researchers have started to
recognize the importance of reliability?. In fact, a World Bank survey survey with of firms
with more than 5 employees revealed that businesses listed blackouts as the second biggest
obstacle to growth (after access to finance), and reported that blackouts reduced annual
sales by 8%?.

Given unreliable power supply, it is important to document the implications of
chronic outages on the viability of the private sector, and, particularly among small micro-
enterprises since they contribute at least 33% of national income and 45% of total em-
ployment in developing countries (World Bank 2015). While there is increasing interest
in understanding power reliability, there is little academic research quantifying the effects.
There is a documented 2.8% GDP growth reduction due to power outages ([12]°) relying on
cross-country comparison. Studies on large firms show modest decreases in revenues ([11]),
heterogeneous impacts of blackouts on productivity depending on firm type and the ability
to adjust production methods ([9]), and increases in operation costs ([70]). However, less is
known about how micro-enterprises are affected. To date, the most related research on this
topic is by [79] who find an 11% drop in revenues due to power outages among tailors in
Ghana. My study makes three contributions to the literature. First, it paints the landscape

of electricity unreliability in a developing country using a precise measure of outages ob-

2The survey is conducted with firms larger than 5 employees. Statistics obtained from Enterprise Surveys
http://www.enterprisesurveys.org, The World Bank

3Examples of studies that show positive impacts: [55], [75], [100], [88], [90], [89], [92], [21]

“See [97], [115], [47]

5The study uses variation in lightning density as an instrument for outages



tained via high frequency survey data on micro-entrepreneurs. Second, it examines effects of
power interruptions on small firm’s productivity across different occupations. Third, it adds
to the growing literature of the impacts of unreliable infrastructure on welfare ([14]) and is
the first paper to examine impacts of income shocks induced by electricity interruptions on
expenditures.

The study takes place in Malawi, where electricity provision is particularly poor.
Due to a high reliance on hydro-power and declining water levels that feed generation plants,
generation capacity has fallen to 60% of the full potential. Under-generation causes frequent
load shedding (or rolling blackouts) across the country. In fact, the admnistriative data on
power outages from the Malawi Electricity Company suggests that an average feeder in the
city of Blantyre - the second largest city in the country, with population over 1 million
- was shut off on 17 days in September 2017, with each blackout lasting over 10 hoursS.
Additionally, aging equipment is fragile’, frequently malfunctions and causes numerous
faults, contributing to more hours in the dark. Given the unreliability of power supply, only
25%8 of small businesses are connected to the grid and the majority operate businesses that
do not require electricity.

The sample is comprised of 400 small firms across the city of Blantyre, 142 of which
are connected to the grid. I document average effects of blackouts on small businesses using
the full sample, but zoom in on 74 which are connected to the grid have electric appliances
to examine mechanisms behind the results. These businesses are referred to as ”high-

dependent” throughout the paper. The sample was randomly selected from a census of

5The dataset is at the feeder level and is not yet matched to geographical variables.
"[125] report that the average age of equipment is 30 years
8Statistic obtained from the project census data



small businesses in randomly selected areas in urban Blantyre’ and vary in occupations.
To measure outcomes, I designed and administered high-frequency phone surveys to the
business owners over the course of two months. Respondents were called twice a week and
were asked about labor supply, input composition, revenues, profits, secondary income-
earning opportunities, blackouts and household-level outcomes. Variation in interruptions
within a firm across time, as well as variation in exposure across the city within a day,
allows for a quasi-experimental estimation of short-term effects of power outages on business
outcomes.

My findings reveal the following. First, blackouts are widespread, and the average
business owner reports an experiencing an outage on 67% days, with 1.06 outages per day,
lasting for an average of 6.6 hours during the business hours. While power outages are
usually expected (67% of outage instances are anticipated), the exact timing is not always
known and 60% of blackout hours are unforeseen. The known outages result from the rolling
blackouts (load shedding) implemented by the power company, the schedule of which is
posted in the newspapers and the company’s website once a week. The unknown outages
are either faults in the system (which are not anticipated by either the power company
or business owners) or are rolling blackouts unknown by an individual business owner due
inattention to the posts or company’s non-compliance with its own scheduled. Despite the
fact that the respondents report anticipating blackouts on most days, their predictions are
only accurate 20% of the time. This indicates that (1) the public announcements about

upcoming blackouts is not salient; and /or (2) there is a high number of faults in the system;

9A number of exclusion criteria were applied to select the sample. A detailed discussion is in the Data
Section.



(3) the company does not follow its own schedule. Thus, I conclude that while some of the
blackouts are correctly anticipated, an average blackout is not known. Further, anticipation
of an outage tomorrow has no impacts on business outcomes today, suggesting that no prior
adjustments are made in preparations for future productivity shocks. Lastly, I verify that
the main results are not driven by anticipated blackouts by estimating the main effects on
a sub-sample of unknown outages.

Second, I examine impacts of power outages on the full sample to measure average
effects and a sub-sample of businesses with an electricity connection. I further split the
sub-sample with an electricity connection into two sub-groups: (1) ”highly-dependent”
businesses with electrical appliances and (2) businesses which do not own appliances that
are essential for income generation. I document that there are null effects on an average
business since the majority of businesses are even not connected, but also the null effects
persist for businesses connected to the grid but which are not ”highly-dependent”. However,
there are large and significant effects on ”highly-dependent” business. For this sub-sample
of businesses, outages reduce labor supply by 9.5% points on the extensive margin, totaling
to an average 1.79 work hours lost per day. The estimates are higher than documented in
the existing literature on effects of power interruptions on labor supply in [79] who look
at average effects on all tailors (both with and without electricity connection). I find no
substantial evidence of substitution into other jobs (secondary businesses or casual labor)
to make up productive hours lost.

Third, on days with outages, the ”highly-dependent” businesses lose 2.7 customers

(23% compared to non-outage days) and $1.32 in profits (25% compared to non-outage



days). The losses are proportional to outage duration, but are not linear, and the drops in
profits are only statistically significant from zero for outage durations larger than 5 hours.
Therefore, businesses are able to recover the losses within a day if the blackouts are short.
Using specifications with lagged outages, I do not find evidence of temporal shifts in income,
suggesting that none of the lost income is made up. Since the majority of the transactions
are small and ”immediate” i.e. the shops don’t rely on large orders that can be postponed,
it is likely that the weekly losses are never made up.

Are the sales permanently lost to the economy if they are not shifted temporally
within a business? This scenario is unlikely since there are bigger enterprises with an
alternative power supply that offer comparable goods and services'®. 1 find suggestive
evidence that businesses with alternative power supply (generators, solar lamps and other)
do not lose on days of power outages, indicating that self generation is a successful strategy
in mitigating losses!!. However, the power generation is an expensive investment and the
majority of business owners do not generate enough profit to justify the investment. Thus,
the distributional effects of power outages are not equal and may be more severe for small
firms which have already ”graduated” into more sophisticated business models but are not
large enough to self-generate.

Fourth, I extend the analysis to household expenditures to examine consump-

tion responses to income shocks generated by the power outages. For ”highly-dependent”

businesses, there is a drop of total expenditures, and for every blackout the total weekly ex-

10 Anecdotes suggest that larger businesses with alternative energy sources charge higher prices to cover
costs of self-generation, but I do not have empirical support for this

"There is not enough power to draw definitive conclusions since only 15 businesses in the sample have
an alternative power supply at baseline, and there are only 6 businesses with among the sub-group with
appliances



penditures decrease by $1.4 (4% of average weekly expenditures). In total, this represents
an approximately 20% drop in weekly expenditures, compared to weekly averages. The
decreases are driven by household non-food expenditures (including electricity bills), non-
essential entertainment expenses and other unexpected expenditures. Further, there is an
increase in consumption of street food. These categories represent a smaller fraction of total
expenditures and I conclude that while blackouts do affect consumption choices, the welfare
impacts are harder to measure since the drops in expenditures comes from non-essential
expenditure categories.

An important caveat to note is that the study provides short term impacts of
power interruptions on firms that have already selected into electricity occupation. Thus,
the provided estimates are lower bound of the true effects on the economy as a whole if
there were permanent improvements to quality. Specifically, short term impacts do not
incorporate gains from improved operations of the current businesses (efficiency gains from
purchases of new equipment), profitability of new entrants (businesses currently not relying
on power) and entirely new business models that would emerge given permanent changes.

While these results are specific to Malawi, which has particularly poor service pro-
vision, the results can be relevant for other countries that experience frequent blackouts.
The quality of power supply in Sub-Saharan countries is likely to remain a challenge in the
near future. The demand for connections is expanding quickly due to population growth
and urbanization, and is predicted to grow by 84% by 2035 ([131]). Further, generation
capacity is highly dependent on availability of natural resources; 42% of the countries in

Africa rely on hydro-generation'?, with 21% of the countries being fully dependent on it.

1280urce: World Bank development Indicators. Data on electricity generation is missing for 46% of the



The recent instability in rain schedules and changes in weather patterns has led to droughts
and lower water levels to feed generation plants ([24], [64] ), cutting the generation capacity
to 50% across the region. This has been the largest cause of frequent load-shedding in the
recent decades in countries like Malawi, Zambia, Kenya, Tanzania, Zimbabwe and Mozam-
bique ([32]). While there may be untapped potential in hydro-power generation across

the continent!?

, continued uncertainty of water levels in rivers and reservoirs threatens the
capacity to provide reliable power ([105]). Thus, unless there is greater diversification of

energy generation (investments in solar generation, for example) and expansion of current

capacity, the quality will persist as a major challenge in the region.

1.2 Background

Malawi is a small, landlocked country in South-East Africa, bordering Zambia,
Tanzania and Mozambique. Its area is 118 kilometers squared (45,560 miles squared) ap-
proximately one third of the size of California. The population is about 18 million people,
with 85% of the population living in rural areas. Blantyre is the second largest city in the
country, with an estimated population of about 1 million. Despite being the second largest
city, the population density is low relative to other major African cities'.

Over 95% of electricity in Malawi is generated through 7 hydro-electric stations,

located along the Shire River. The complete process from generation to distribution is

Sub-Saharan countries. Out of the countries for which the data is not missing, 42% of the countries rely on
hydro power for more than half of electricity generation

13 Technically feasible power generation is 1,750,000 GWh/year, compared to current 76,000 GWh/year.
Source: 2001 World Atlas and Industry Guide International Journal of Hydropower and Dams

MFor example, population density in Nairobi is 4,850 people per squared kilometer, compared to 2,576 in
Blantyre



owned by a single state company - Electricity Supply Commission of Malawi (ESCOM)!?.
In recent years, erratic rain schedules have caused a major reduction in the water levels
in lakes and rivers across the country, the lowest in the past 15 years, causing only 60%
generation of total capacity (ESCOM 2017). The situation is expected to worsen, and
with unpredictable rain schedules, the water level continues to decline. To avoid overload
on the electrical grid and prevent system-wide blackouts, ESCOM frequently implements
load sheddings — temporary interruptions of electricity supply to reduce the load on the
generation plants. In addition to load shedding, there is a need for continuous maintenance
of decaying equipment and infrastructure. Frequent repairs cause either large shut-downs
of power affecting large areas of the city (in which all connections on the same feeder are
affected) or smaller neighborhood-level blackouts. Load Shedding and faults lead to an

almost daily interruption in some areas across Malawi.

1.3 Data

The data for this project was collected as a part of a parent study to examine the

effects of saving accounts on small businesses in Blantyre, Malawi ([3]).

1.3.1 Census

The sample of businesses for the study was drawn as follows. Blantyre city is
divided into 26 wards. Each ward is split into enumeration areas (EA), defined by the

Malawi Census 2008. Wards differ in size and contain between 2 and 48 EAs (15 on

15The total electricity generation is fairly low 2,069 GWH (Gigawatt Hour), compared to neighboring coun-
tries with similar populations Zambia (11,338 GWH) and Zimbabwe (7,297 GWH). Source: BP Statistical
Review of World Energy 2017, International Energy Statistics 2016



average). To increase the geographical coverage of the sample, 3 enumeration areas were
randomly selected from each ward, resulting in 77 EAs'S. We sought to interview all small
businesses in each EA during the census; however, this was not feasible in some EAs with
a high density of businesses (typically because larger markets were located in those areas).
In these EAs, we randomly selected a fraction of businesses for an interview.

The summary of business counts during the census is presented in Table A.1, Panel
A. In total, 75 out of 77 EAs were visited and all businesses counted. The remaining two
EAs did not contain any businesses!”. Overall, 9,848 businesses were counted across these
EAs. Out all businesses, 82% were classified as small businesses (were not supermarkets or
wholesale stores). In the end, 3,457 businesses were randomly selected to be interviewed,
out of which 90.8% were willing to be interviewed!®. All businesses were up to 3 times before
the record was finalized. Out of all businesses eligible for the census interview, 92.4% agreed
to participate in the census survey.

The census served as a screening tool to determine eligibility of each business for
study participation, and six criteria were used'?. First, mobile money agents were excluded
since one of the treatment arms in the parent study involved opening mobile money accounts.
Second, only small businesses were enrolled in the project??. Third, to accurately estimate
labor supply responses to electricity outages, business owners were excluded if they were not

involved in the daily operations or plan to close in the next 6 months. Fourth, we initially

%0One ward had only 2 EAs

171 was an industrial area and another contained farms fields

!8The remaining 9.2% refused to engage in conversations with the enumerators before the initial contact;
2% of those businesses were not interviewed because either the owner was under 18 years old or the business
was visited 3 times and the shopkeeper available was under 18 years old.

19The majority of the criteria was relevant for the parent study on savings

20We defined small businesses as ones with no more than two permanent employees (excluding the owner)
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planned on asking the respondents to keep logbooks, and therefore required that business
owners be literate. Lastly, polygamous business owners were excluded because of difficulty
recording household-level information for multiple households. While each criteria did not
exclude a large fraction of businesses individually, the combination of eligibility criteria
disqualified 33.3% of business owners. Out of all eligible businesses, 99.2% consented to
participate further in the study. Thus, a pool of 1,937 eligible businesses was available for
the random sample selection.

To ensure adequate power for the electricity study, business connected to the grid
were over-sampled: 35% and 65% of the study sample were drawn from the businesses
connected and not-connected to the grid respectively, whereas the population contained
only 25.7% of businesses connected to power. The sampling was stratified by financial
access (defined as either having a bank or a mobile money account) and distance to the
closest mobile money agent - relevant factors for the parent study. The full study sample

is composed of 801 businesses.

1.4 Baseline

Prior to conducting a baseline survey, we verified the exclusion criteria from the

21 This set of criteria

census, and also checked whether respondents had vision problems
excluded 16.6% (8.1% for the vision and 7.8% for the other). Further, 10% refused to take

part in the study, and 400 business owners were enrolled in the study, with 142 connected

2In the original design of the study, the respondents were supposed to fill out physical logbooks, which
would require them to see the text clearly. However, post baseline, it was decided that a less burdensome
way to collect data of comparable quality would by conducting phone surveys.
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to the grid in total and 74 with electric appliances (referred to as ”highly dependent”).??
(Table A.1, Panel B). The location of sampled businesses are presented in Figure 1.1%3,
The composition of the sample broken by business category (Food Sellers, Non-Food Sellers
and Services), by more granular business is summarized in Table A.2. The classification
of businesses into the ”highly-dependent” sub-group is derived from baseline asset hold-
ings and includes businesses with productive equipment i.e. those with salon/barbershop
tools, entertainment (such as TVs and radios), computer/office equipment and any other
professional tools (electric sewing machines, welding equipment or any other).24

A detailed baseline survey containing questions on demographics, business out-
comes, savings, cash flow and electricity usage was administered to the full sample. All
project participants received a simple phone to minimize attrition during the phone sur-

° Further, in order to verify the self-reported data with the administrative data

veys.?
supplied by the ESCOM?®, shops connected to the grid were asked to point to the trans-
former which their shop was connected to. The number, the picture and the GPS location

of each transformer were recorded?”. Overall, the transformer information was obtained for

128 respondents?®. The mean number of businesses per transformer is 3.5, the median is 3,

22The full sample contained 801 respondents but only 400 participated in high frequency data collection
relevant for the electricity study

23The GPS location contains random noise to protect privacy of the project participants

24This group does not include businesses which report having only a refrigerator at baseline. While
refrigerators may be important for generating income, short blackouts should not prevent businesses from
being able to make sales, since it takes several hours before the inventory in the fridge is defrosted and losses
are incurred.

25The other reason was to ensure that mobile money account holders in the parent study could use their
accounts.

26The administrative data on outages is provided at the feeder level (which is a network of transformers)
and mapping of transformers to feeders is currently not available. ESCOM is in the process of censusing all
transformers in the city and will provide the mapping once it is complete. Administrative-level data will be
incorporated into the analysis

2"Transformer number was missing on 51% of the visited transformers, and GPS and pictures aided in
identification of respondents who are connected to the same transformer

28 Transformer information is not available for 14 businesses: 10 respondents did not agree to provide
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and 37 businesses do not share transformers with any other businesses in the sample.

1.4.1 Phone surveys

The primary source of data is the High-Frequency Phone Surveys conducted twice
a week for a two month period starting September 2017. Prior to the start of the data
collection, each respondent was randomized into days of the week on which the phone calls
are made. Out of 400 respondents, only 3 respondents asked to be called on different days
and the rest complied with the original day assignment. Time preference was recorded to
improve the compliance with the phone calls, and the respondents received phone calls on
the preferred time of the day (morning, afternoon or evening). The respondents were com-
pensated with phone credit equaling to $2 USD/per week for participation in the surveys.
In addition to the base compensation, at each phone call they participated in a lottery and
could win extra $3 with 1/4 chance?®. The compensation and the lottery wins were sent
directly to the respondents’ phones immediately after each phone call was completed.

There were two types of phone interviews: short and long. Each survey consisted
of questions about past 3-4 days, depending on the day of the week. The illustration of the
call schedule is displayed in Figure A.1. To minimize recall bias and improve the accuracy of
responses, each question was asked about a particular day of the week i.e. ”What was your
business revenue on Monday” where ”Monday” was automatically calculated by electronic
surveying tool. The short interview only consisted of questions on business outcomes (rev-

enues, profits®®, input composition, labor supply, etc.). Businesses connected to electricity

transformer information or did not know where it was located, 4 respondents were initially coded as not
connected to the grid, and information on the transformer was not collected at baseline

29The primary goal of the lottery was to study the effects of income shocks in the parent study

30The question asks the respondents to report their income after expenses and wages to employees, fol-
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were asked about the number of blackouts in their shops, while businesses not connected to
the grid were asked about blackouts in the area where they work. Follow-up questions on
outage durations were asked if the response on was greater than zero. Information on dura-
tion was collected via three questions: blackout hours before 7 am, between 7am and 6pm,
and after 6pm. The exact timing of an outage was not asked to avoid interview fatigue and
minimize under-reporting®!. In addition, the respondents were asked the number of black-
out hours they expected having on a particular day (to differentiate between known and
unknown outages) and how many hours of blackouts they expected tomorrow. The latter
was asked for two reasons: (1) to independently validate future expectations versus realized
outages and obtain a measure of quality of predictions, and (2) to determine whether ex-
pectation of an outage tomorrow affects today’s behavior. The longer interview consisted
of the short interview questions and an additional section on savings, loans, expenditures
and economic shocks experienced in the past week.

If the respondent was not reached on the scheduled day after three attempts, up
to three make-up calls were made the following day. Since it’s difficult to recall information
with longer recall period, information for only up to 4 days back was asked at every phone
call and if a respondent missed a scheduled call, then one day of information was lost as
a result. Attrition at the Phone Surveying stage is reported in Table A.1, Panel C. Out
of 400 businesses in the sample, 391 were reached for at least 1 phone call (70 out of 74

2

in the ”highly-dependent” sub-sample). For an average and median respondent, the daily

lowing the formulation in [104]

3! An alternative formulation would be to ask the start and end times of each outage, however, recalling
start and end time of multiple outages in a day may be subject to greater measurement error. Furthermore,
the respondents were asked the same questions every week and had an opportunity to learn the sequence of
the questions. It’s likely that if the respondents knew that reporting of less blackouts could lead to shorter
interview, they might have under-reported the instances
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panel consists of 49.4 and 52 days respectively (47.2 and 52 for the "highly-dependent”
sub-sample).

Field officers were carefully monitored to ensure high survey completion rates.
First, phone records made by each field were automatically uploaded to a spreadsheet,
which the project’s research assistant checked daily. Second, the research assistant verified
that the field officer made three attempts (one hour apart) throughout the day to reach
the respondent. Third, the submitted surveys were cross-checked with the phone records.
Enumerators that followed the protocol were rewarded with weekly bonuses. This protocol
incentivized surveyors to reach respondents and made it virtually impossible to shirk and

fabricate surveys.

Phone Surveys Attrition

Missing days in the constructed daily panel for each business owner would bias
the estimates if the missing days were not missing at random, but rather were correlated
with blackouts. One possible concern is that a respondent was not able to charge the phone
prior to the phone call and skipped the scheduled appointment because of an outage. In
this setting, I can directly verify if calls were skipped because of the power outages. If the
field team did not reach the respondent on the day of the scheduled call, the makeup call
would follow the next day (illustration of the process is displayed in Figure A.2). Since
the make up calls were identical to the regular surveys, information on blackouts for prior
days was collected. Thus, by matching blackout records to missed scheduled phone calls, it
is possible to verify whether the probability of missing surveys is higher on blackout days.

The results are reported in Table A.1, Panel D. The probability of skipping a call for non-
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outage reasons 8% for those who are connected to the grid. Having an outage on the day
of the schedule call has no impact on the probability of reaching a respondent. Further, if
a call was missed on the scheduled date, then actual missing date in the data is 3-4 days
prior, and it is unlikely that those outcomes are correlated with an outage on the day of
the scheduled call.

Attrition during the Phone Survey (the number of surveys completed on each day)
is presented in the Figure A.3. Overall, the dropouts from the data were minimized and
the completion rates at the start are very similar as at the end of the surveying period, and
the vast majority of the respondents has completed the full round. To examine whether
baseline characteristics are predictive of the completion rates, I examine the the correlation
between demographics/baseline business indicators and the number of surveys an individual
completed. The results for the ”highly dependent” category are presented in Table A.3. The
dependent variable is number surveys completed conditional on being reached at least once.
Age and monthly profits (expressed in USD) are correlated with the number of surveys
completed, suggesting that age increases the completion rates, while higher profitability
decreases the rates. However, both coefficients are small and unlikely to bias the results.
Further, the p-value from an F-test on joint significance is large and does not indicate that
characteristics are jointly predictive of the attrition rates. Lastly, the estimation strategy
relies on within-person variation in which the baseline characteristics are less relevant to

the validity of the estimates.
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1.5 Summary Statistics

Summary statistics on all 400 business owners in the sample are presented in Ta-
ble 1.1 (column 1), all connected business owners (column 2), and the "highly dependent”
group with appliances (column 3). The three business types are presented separately to
characterize the sample and sub-samples, and to observe differences in means as the sample
is reduced from all businesses to those highly dependent on power3?. Demographics, busi-
ness characteristics, financial access and financial security, electricity usage and outages are
presented in Panels A through E. The full sample is split evenly between males and females,
however, as ”less sophisticated” business types are excluded (movement from column 1 to
column 3), the sample becomes dominated by males, and 73% of the "highly” dependent
category are male. The same monotonic decrease can be seen in age (age decreases with
movement from column 1 to column 3), and education which is one year higher for "highly
dependent” businesses. This suggests that (1) selection into electricity dependent occu-
pations is highly correlated with demographic characteristics, and (2) "highly dependent”
businesses are in not representative of an average small business owner.

All firms are small (selected to have less than 2 employees for the participation in
the study), with an average of 0.15 employees for all businesses and 0.37 for the ”highly-
dependent” sub-group. Average monthly profits are $84.6 for the full sample, $100.7 for the
sample connected to the grid and $85.7 for the ”highly-dependent” category. Interestingly,
selection into the ”highly dependent” business type does not result in average higher profits

compared to an overall mean for those who are connected to the grid. This may be partially

32A more detailed discussion of factors responsible for selection into electricity-dependent categories is
presented in Section 1.9
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driven by poor electricity supply which significantly impacts their ability to generate income.
Values of inventory holdings is low for the ”"highly dependent” businesses since the majority
are service providers (salons, printing shops, welders as indicated in Table A.2), however,
the value of business tools and equipment is the largest for those businesses, with an average
of $207.03.

Bank account ownership is low considering the fact that the businesses are located
in the second largest city in the country. The probability of holding a bank account is 32%
for the full sample, however, is the largest for the ”highly dependent” category where 44%
of business owners have one. Total value of assets and cash savings are $617.06 for the
full sample, and $834.1 for the ”highly-dependent” sample, with the highest value for the
sub-group connected to the grid without appliances (as suggested in column 2).

By definition, the sample with appliances (the "highly-dependent” sub-sample) has
the highest ownership of electric tools, and 50% own salon/barbershop equipment, 24.3%
provide entertainment (TVs, radios, stereo), 25.7% have other professional tools and 17%
have computers/other office equipment. The ownership of alternative power supply (gen-
erators/car batteries/solar panel) is extremely low and only 8% of the ”highly-dependent”
sub-sample has an access to an alternative energy source during blackouts. Conditional
on having another source of energy, 66.7% have a generator or solar panels, while the rest
report using kerosine lamps/candles for lighting or charcoal for cooking during blackouts.
Cost is the main deterrent of acquiring an alternative power supply, and 85% report that
it’s too expensive to invest in it.

Since the number of businesses connected to the grid is 35% in the full sample, only
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41% report being affected by outages, with the majority experiencing losses in revenues,
however, there are businesses who report gaining customers on blackout days (for example,
charcoal sellers who report higher demand for their products). However, 94.6% of the
highly-dependent sample is affected by outages. Across the three samples, about 40-46% of
blackouts are known to businesses in advance. Those represent rolling blackouts (or load
shedding) scheduled by the power company and posted in the newspapers/website a week in
advance. Despite, the fact the that schedule is posted in the newspapers, only 4% of the full
sample pay attention to those announcements (12.9% for the highly-dependent users). Radio
is also an important source of information and 31.4% of the full sample reporting knowing
about blackouts from the radio announcements. However, the main source of knowledge
is other people, and 60% report knowing about blackouts through ”word of mouth”. The

latter is likely subject to error and reduce probability of correctly anticipating blackouts.

Outages

In Table 1.2, I present descriptive statistics of outages from the panel data con-
structed from the High-Frequency Phone Surveys for the full sample (columns 1 and 2),
and for the "highly-dependent” sample (Columns 3 and 4). All averages for Panels A and
B are calculated within an individual. An average business experiences power outages on
67% of the days, while the ”high-dependent” sample reports experiencing blackouts on 77%
of the days (Panel A). It’s likely that the differences are not driven by location of busi-
nesses (since the presence of all types of businesses is similar across geographical areas as
indicated in Figure 1.1) but rather reflects the fact that those with high reliance on power

are more attentive to blackouts and recall instances with greater precision. The rest of the
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values are very similar across the two groups and the rest of the discussion will focus on
the ”highly-dependent” sub-sample.

Conditional on having an outage, the average duration between 7am-6pm is 6.63
hours and 9.72 hours throughout the day (Panel B). The respondents report that 36% of
outages are unknown i.e. there was an outage but the respondent anticipated no outages.
Those are likely to be outages due to faults or inattention to load shedding announcements.
Despite the majority of outages being foreseen, 62% of hours are not anticipated suggesting
that there is high uncertainty of the duration conditional on having an outage. Outages
that the respondent reports knowing about are longer (10.23 hours compared to 9.16 for
unexpected outages). This either suggests that shorter outages are faults that are fixed
within a day and longer outage are load shedding, or the respondent is more aware of
longer load shedding instances (presumably known in advance) because they represent more
extreme events.

There are two sources of variation in outages that permit the estimation of the
effects: (1) across time and within the individual to allow for business fixed effects; and
(2) across individuals within a day. Both sources of variation are sufficiently present as
suggested in Panel D. Intracluster correlation (ICC), a measurement of similarity of out-
comes within the cluster compared to across clusters, suggests of high within-EA (0.20),
within-ward (0.18), and within-transformer (0.3) correlation of binary outage reports. It’s
possible that some blackouts is localized at the business level and do not affect anyone else
on the same transformer (for example, a defect in a wire systems connecting a shop and

its transformer), however, 97% reported blackouts affected other shops and suggest that
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the majority of blackouts affect more than just a single business and are likely to occur
at the transformer level. The ICC of 1 within-transformer should not be expected, since
several neighboring transformers are likely affected at the same time (which would decrease
within transformer correlation compared to across transformers), but higher value of within-
transformer ICC relative to other geographical units suggest of validity of the reports. The
relatively high ICC for ward suggests that blackouts affect large areas.?®> A demonstrative
example of outage reports across the city for September 29th is displayed in Figure 1.2.
There is variability of outage exposure within a business across time: the average stan-
dard deviation of duration (including zeros on non-outage days) is 5.14 hours. There is
also sufficient presence of ”alternating states of the world” i.e. the percentage of days on
which the blackout day was followed by a non-blackout day is 27% which indicates that the
blackout schedule is not characterized by a single long-lasting outages which followed a long

non-outage period.

1.6 Estimation Strategy

The estimation relies on a fixed effect model, and the effects of outages are found
by comparing outcomes within an individual business, controlling for date specific effects
(weather shocks and any other date-specific factors that affect the city as a whole) and

recall day fixed effects®*. The relationship between electricity outages and the outcomes of

33It’s important to note that the geographical units such as ward and enumeration areas are only approx-
imations of an outage radius, and the correct geographical boundaries of blackouts are defined by a network
of transformers (called feeders - the level at which the ESCOM shuts off the power). Mapping of feeders to
the geography of the city is not yet completed by the power company.

34Gince the data relies on recalled values of outcomes and the treatment variables, omitting recall day may
positively bias the estimates if both outages and outcome variables are forgotten with time
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interest is causal only if, conditional on control variables, the timing of the electricity outage
is not correlated with any other characteristics. In the short run, the assumption is plausible
because the businesses are very small and do not have any control over decisions made by
the power company. A detailed discussion on threats to internal validity is provided in

Section 1.8.

1.6.1 Base Specifications

Base estimation relies on a fixed model:

Y = Bo + 1 * Outagey + B * LotteryWin + o; + 0 + Mg + €4t

where 7 is an individual business, ¢ is date. Yj; is the outcome variable, Outage;;
expressed in binary terms (a value of 1 if there was a reported outage on that day and 0
otherwise) or in hours (before 7am, between 7am to 6pm, and after 6pm), and LotteryWin
is the amount of a random payout received on the day of the phone call. The coefficient of
interest in this regression is 81 which is the effect of an outage on business outcomes. All of
the specifications include individual business fixed effects (o), date fixed effects to control
for date shocks that affect the whole city (d;), and recall day fixed effects to remove variation
that is induced by the differential recall period (A\;). Errors are clustered at the transformer

level, since the blackouts are likely to affect all businesses on the same transformer at once.
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1.6.2 Temporal Effects

To understand whether the incurred losses are made up on the days following

outages, I include lagged binary variables in the following form:

Yit = Bo + B1 * Outagess + Pa * LotteryWin + B3 x Outage;—1 + B4 * Outage;—o+
4085 * MissingDaylj—1 + Bg * MissingDay2;_o
+0oi + 0t + A + €
Outage;—1 and Outage;i—o are indicators of whether there were outages yesterday
and the day before yesterday respectively; MissingDayl;; and MissingDay2; removes
variation induced by missing data because of skipped days®®. B3 and B, are effects of

outages in prior days on today’s outcomes. Positive 83 and 84 would suggest that having

outages in the past has positive effects on outcomes today.

1.6.3 Analysis of Weekly-Level Outcomes

Further, I investigate whether the documented daily effects persist at the weekly
level on (1) business outcomes and (2) household weekly consumption, (3) giving and re-
ceiving loans, (4) giving and receiving transfers, and (5) savings (Specification 1.6.3). In the
face of economic shocks, individuals may be more likely to cut expenditures or to rely on
other sources of income to smooth consumption. Because the information on weekly out-
comes was asked once a week, I construct a matching outage variable NumberOutages;,,

that is the sum of outages experienced in the past 7 days. The same aggregation procedure

35To avoid dropping observations due to missing lags, I replace the lagged variable with zero and create
a control variable that takes a value of 1 if the original observation is missing
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is followed to construct business outcomes at the weekly level from the daily reports. This
week week does not correspond to the calendar week because each respondent is interviewed
on a different day36. While attrition is fairly low as indicated in A.1, missing days in the
middle of the data collection may impact manually aggregated measures constructed from
the daily values. Specifically, day-level outages aggregated to the weekly level are under-
estimated by construction if the respondent was not reached on the scheduled day in the
past week. This matters less for the daily estimation and the missing day is not included in
the estimation®7, it does, however, impact the estimation at the weekly level because weeks
with full 7 days of information (and 6 outage and 1 non-outage day) are pooled together
with weeks during which 1 day was skipped and 6 outages were recorded. To address this
issue I include number of non-missing days within a week (NonMissingDays,,) as a control
variable. Weekly lottery win (LotteryAmount;,) is included as a control to absorb varia-
tion in outcomes induced by the random payouts. Interview date fixed effects (Vintdate) are

included to control for time. Errors are clustered at the transformer level.

Yiw = Bo + B1 * NumberOutages;,, + B3 * NonMissingDays;,+

B4 * LotteryAmount, + i tdate L . 4 €

36Prior to the start of the data collection, each respondent was randomly assigned the calling schedule

37A randomly skipped day should not bias the estimates if the day is excluded. This is plausible because
even if an interview was skipped because a respondent’s cell phone ran out of charge, the skipped day is not
the day of the interview, but a day 3-4 days before.
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1.7 Results

1.7.1 Business Outcomes

Daily Effects

In Table 1.3, I present the results of power outages on a full set of business out-
comes: labor supply on the extensive margin (columns 1 and 2), on the intensive margin
(column 3) , volumes of customers (column 4), revenue and income from main business
(columns 5 and 6), earnings from secondary business or any casual labor (column 7), and
total daily income (8) which is the sum of columns (6) and (7). Monetary outcomes are
expressed in USD and are winsorized at 5% level to address outliers. The dependent vari-
able is a binary indicator of an outage. I present four separate sets of results: effects of
blackouts on all businesses (Panel A), effects on businesses that are connected to the grid
(Panel B), effects on businesses connected to the grid but who do not have appliances -
non ”highly-dependent” sub-sample (Panel C), and effects on businesses connected to the
grid with appliances - ”highly-dependent” sub-sample (Panel D). All four estimates may
be of relevance to the policy makers seeking to understand the impacts of blackouts on the
different sectors of the economy.

First and foremost, an average business in the sample is not affected by power
outages (Panel A) and this is largely driven by the fact that the majority of businesses
in the sample and in the population do not rely on power. Limiting the sample to those
connected to the grid (Panel B) uncovers more pronounced effects: these businesses ex-

perience losses to hours worked (a decrease of 1 hour compared to non-blackout days),

25



customers (a drop of 9% compared to non-blackout days) and results in losses in income of
12% (relative to non-blackout days). This point estimates are comparable to those found
in [79] and [40]. Further, I break down the sample with a connection into non ”highly-
dependent” and ”highly-dependent” businesses. The classification is described in detail in
Section 1.4. While this method limits the sample size to only a fraction of the original sam-
ple, it allows for a more precise understanding of the effects and the mechanisms driving the
results. Examination of the results in Panels C and D reveals that the losses documented
on all users (Panel B) are solely driven by a sub-sample of "highly-dependent” businesses
with appliances. These businesses (mostly services as indicated in Table A.2) are likely
to generate very little income during blackouts since the majority of services they provide
are reliant on electricity supply. The rest of the discussion focuses on the sub-sample of
”highly-dependent” businesses, since the they are the ones truly impacted by the blackouts.

First and foremost, business owners 9.5% points less likely to work at all on days of
outages. The results are likely driven by morning outages that are detected at the beginning
of the workday. Unconditional on working, total hours worked are reduced by 1.79 hours
(compared to 8.66 hours of work on non-outage day). The probability of taking a secondary
earning activity is higher on blackout days, but the instances are so low (5% of businesses
even engage in other non-permanent income earning activities on non-blackout days), that
the lack of significance of this result may be attributable to low prevalence.

Second, there are significant losses to business productivity. Due to blackouts,
the number of customers decreases by 2.7 (23.7% relative to non-outage days), revenues

decrease by $1.4 (12%) and profits are reduced by $0.57 (25.1%). As a result total daily
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income is $1.024 (21.4%) lower. These estimates are driven by both adjustments of labor
supply on the extensive margin by those who chose not to work as a result of outages, and
on the intensive margin3®. It is interesting to note that while the revenues drop by 12%, the
losses in profits are twice as large. This may be indicative of the fact that these businesses
recover some of the revenue losses by selling less profitable goods/services (with lower profit
margins).

In Table 1.5, I present the results of blackout duration expressed in hours before
the work day (before 7am), roughly during the work day and before the sunset (between
7am and 6pm), and after work (after 6pm). The reduction in labor supply on the extensive
margin (column 1) is visible only for blackouts that affect morning hours. The majority
of the losses are incurred during the day likely because customers don’t shop at night.
Duration of an outage has a significant impact on all business indicators, and the point
estimate of an additional hour is comparable to the effects in Panel A for an average outage
duration.

Further, I investigate whether losses experienced by business owners are linear and
in outage duration. I obtain separate point estimates for blackouts of different durations
during the day using no-blackout days used as counter-factual. The estimation strategy is
identical to the base estimation except it is run on different sub-samples. The effect sizes
from the regressions are plotted against outage durations for labor supply and profits in
Figures A.4 and A.5, respectively. For outages shorter than 4 hours, labor supply and prof-
its remain unaffected, indicating that businesses can make up losses within a day given a

shorter blackout. For outages longer than 5 hours, losses become larger and are statistically

38 As shown in Table A.4 where the results presented are conditional on working on that day
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significant from zero, increasing linearly with duration. This finding suggests increasing
blackout frequency and decreasing duration may create more favorable conditions for busi-
ness owners. It is remarkable to note that even with outages close to 11 hours, businesses
do not lose 100% of profits. This suggests that despite being connected to grid and having
appliances that rely on power, business provide still provide services or sell goods in spite

of having no power.

Temporal Shifts

Next, I am interested in understanding the extent to which the documented losses
in income and labor supply are permanent (in the short run). If the losses incurred on
outage days are immediately made up on the next day, then the results obtained using
the base specification are misleading and don’t represent losses but instead shifts in sales
across short periods of time. I answer this question via two specifications: (1) I include
lagged dependent variables as controls for the past 2 days i.e. outages yesterday and the
day before yesterday; (2) I look at the effect of having a non-outage (good day) today and
an outage (bad day) yesterday; (3) and I aggregate outcomes to a weekly level to examine
whether effects of an additional blackout in a week are comparable to daily losses. The first
specification informs whether any sales are transferred across time unconditional on outage
today, the second specification sheds light on whether revenue is made up given a good day,
and the third shows whether the effects of one additional blackout persist at the weekly
level.

The effects on outcomes of interest with lagged terms are presented in Table 1.6.

There is no evidence that any losses are transferred within a business across days (next day
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or the day after) or in the following week as presented in the appendix Table A.5 (with lags
up to 7 days). Examination of the effects of having alternating outage days is presented
in the appendix Table A.6. f; is the effect of having a good day (non - outage day) and
the coefficient is reversed in sign compared to the main specification by construction. S, is
the effect of having an outage yesterday, and 3 is the additional effect of having a good
day today and bad day yesterday. A positive S35 coefficient would indicate that given a bad
day yesterday (with a blackout) and a good day today (without the blackout), profits are
made up given the opportunity to operate at full capacity. However, 83 is not statistically
significant from zero, indicating no evidence that any sales are made up from a bad day
that is followed by a good day.

Lastly, I confirm that the losses are permanent using the weekly aggregates, fol-
lowing Specification 1.6.3. The results are presented in Table A.7 and should be interpreted
as effects of having an additional blackout in the week on weekly outcomes. The statistical
power is limited with this specification since there are at most 8 observations/individual.
First, the reduction of labor supply does not persist at the weekly level, suggesting that the
number of working hours lost is partially made up throughout the week. Second, there are
significant losses to revenues and profits, and with every additional blackout day, revenues
and profits drop by $3.5 and $0.99. The coefficients are comparable to losses documented

at the daily level, and suggests that no income is made up within a week.?’

39Gimilar effects are present when outcomes are aggregated to two weeks and the results are displayed in
Table A.8
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Coping Mechanisms

What can businesses do to ameliorate the income fluctuations induced by the
frequent blackouts? Income diversification may be a powerful tool to mitigate the effects of
the shocks. One potential solution is to seek casual labor opportunities on days of outages.
However, availability of informal labor opportunities are differential across the city and
average effects across all businesses regardless of the location may be less informative. In
areas with higher business concentration casual labor work may be more common than in
less commercial areas. Thus, I explore whether takeup of casual labor or other earning
activity is higher in areas with high concentration of businesses areas compared to low

40 The results are presented in Table 1.7 (columns 1 through 4).

business density areas
Coefficient on outage is the effect for businesses located in areas with lower number of
shops in the area, Outage * HighDensity is the additional effect of being in the area with
many other shops and sum of the two coefficients is the effect of outages for firms in the
high density areas. P-value from an F-test of the sum of the two coefficients is reported
at the bottom of the table. This regression does not provide causal evidence of effect of
being in the high density, since selection into high-density areas are likely to be correlated
with other unobservable characteristics. Instead this analysis shows the difference in the
takeup of secondary activities for businesses that have better opportunities to find those
jobs. Indeed, for firms in the high-density areas, the probability of making money outside

of the primary business is 53% higher (2.9% points increase compared to 5.4% on non-

outage days). This shows that given larger supply of casual jobs, business owners seek

49The classification of an enumeration area as high or low was done at census.
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to compensate the lost income with other earning opportunities. However, the gains from
secondary income are not large enough to cover the losses from the main business and the
total income losses are negative for both groups. The same pattern is not detected for those
owners who reported having a secondary occupation at baseline (columns 5-8, Panel B).
This result may be driven by the fact that secondary occupations are fixed incomes (either
from salaried occupations or rentals) or seasonal income from agricultural activities, where
labor demand is less flexible.

Is investment into alternative power a successful loss-mitigation strategy? In Table
Panel C (columns 7-8), I explore the effects of outages on businesses with an alternative
power source. Due to a low number of businesses with alternative power supply at baseline
(6 in total), the estimates are noisy and it’s difficult to make definitive conclusions. However
the direction of the effect suggests that there the losses to those businesses are mitigated (the
sum of the two coefficients is positive 0.159) and there may be gains on days of outages. Since
this sample was purposefully selected to have no more than 2 employees and is restricted to
very small enterprises, it is possible that the gains are transferred to establishments outside
of the sample, with more capital and financing options to invest in self-generation. In fact,
businesses owners in the sample report that 59% of lost sales are transferred to other shops,
presumably offering comparable goods/services during outage hours. This is in line with
anecdotal evidence and larger shops with generators operate during blackouts and have

more customers.
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1.7.2 Expenditures

Next, I extend the analysis to non-business outcomes to investigate whether the
decreases in income have effects on welfare indicators, such as household-level expenditures.
I examine the outcomes at the weekly and measure the impacts on longer-term expenditure
patterns. Results are presented in Table 1.8. The dependent variables are expenditure
categories expressed in USD and winsorized at 5% level to address outliers. Expenditures
consist of the following: raw food (meats, produce, staples), restaurant and prepared foods,
household (any household bills or expenses), medical (both preventative and treatment,
for self and household members), traditional (expenses on funerals, births, weddings and
other ceremonies), discretionary (clothes, beauty), entertainment (cigarettes/alcohol and
other sin goods), unexpected expenditures (any other unplanned expenditures), and other
(educational expenses, transport and other). In column 10, I report the total weekly ex-
penditures. The table also contains information on borrowing (columns 11 and 12), net
transfers (column 13), deposits and withdrawals (columns 14 and 15). The results are dis-
cussed in dollars and in percentage terms by comparing the effect sizes to the mean of the
dependent variable*!.

First and foremost, there is a drop in total expenditures and the magnitude is
equivalent to the daily losses in income. For every additional blackout experienced during
the week, business owners reduce total expenditures by $1.42 (4.7% of weekly expenditures),
leading to a total drop of 21% for an average week. This results suggests that some of the

blackouts are unanticipated, business owners do not correctly predict the severity of the

“IThe ”pure” control mean is not available since the are no weeks with zero blackouts during the data
collection
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shock and are unable to fully smooth consumption. Examination of the composition of the
expenditures offers greater insights into the mechanisms behind the detected drops.

Second, there are no decreases in food consumption (Groceries Category in column
1). However, there is a significant increase in consumption of prepared food. Anecdotal
evidence suggests that purchases of ready to eat food increase during power outages due
to difficulty of preparing food in the dark or non-functioning electric appliances at home*?.
Consumption of ready-to-eat food is not necessarily an sign of financial prosperity in this
context since quality of ingredients used to prepare street food may be inferior to home
cooked meals. Prepared meats may be close to expiration dates, cooking oil is reused and
there is anecdotal evidence of food poisonings caused by consumption of street food. Thus,
consumption of such meals may be welfare reducing on its own due to lower food quality
and higher likelihood of illnesses.

Third, there is a statistically significant drop in household expenditures in response
to an additional weekly outage, which is equally driven by electricity payments as well as any
other household expenditures. The drop in bill payments is likely mechanical and transitory.
It is possible that business owners conduct business close to where they live*3. Consumption
of electricity is reduced with the number of outages business experiences which decreases
household weekly expenditures on electricity. The other driver of the results is household
items and it’s possible that business owners choose cheaper alternatives in face of income
shocks and buy goods of lower quality.

Fourth, I detect statistically significant decreases in entertainment expenditures.

420nly applicable for 39% of households that use electric stoves.
4330% run businesses from home and 70% have households connected to power
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These include spending on alcohol, cigarettes and any other sin goods. The decrease is
large compared to average expenditures (36%) for every blackout, but in absolute terms the
expense is a very small fraction of total expenditures. The reduction in this expenditure
category may result from a drop in disposable income and cash on hand, but could also be
driven by the fact market areas constitute social settings where friends gather. Skipping
work due to blackouts results in lower presence in the shop and less frequent opportunities
to engage in social activities and "have a beer”. Lastly, there is a decrease in unexpected
expenditures but the coefficient is small and economically not significant.

Overall, there is a non-linear response of household-level expenditures to income
shocks generated by blackouts and there are complex mechanisms driving individual com-
ponent of the total expenditures. The large fraction of the decrease comes from household
items (possibly purchasing cheaper household products or foregoing some of the less essen-
tial items) and bill payments (due to decreases in electricity consumption from blackouts).
Decreases in sin good expenditures point to potentially positive impacts of blackouts on
long term health. Drops in other unexpected expenditures may be suggestive of households
reduced resilience to other income shock or could be driven by drops in other non-essential
purchases, which may or may not be welfare reducing. Finally, there is an increase in
consumption of low-quality street food likely driven by inability to cook at home. Thus,
some of the expenditure categories are responsive to blackouts, however, the essential pur-
chases such as foods remain unaffected, and I conclude that while households are affected

by income shocks induced by blackouts, the overall welfare impacts are harder to measure.
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1.8 Causal Inference

The underlying assumption of this approach is that conditional on control vari-
ables, the assignment of outages is as good as random, unconfounded by other factors. The
disruptions are exogenous to individual business owners in a sense they do not have control
over when power is out. These businesses are small and electricity company does not incor-
porate their outcomes in deciding the timing of blackouts. However, since the schedule of
load shedding is posted in the newspapers every week and ESCOM follows its schedule*4,
it’s possible that business owners change behavior in anticipation of an outage. Thus, it is
essential to investigate (1) whether outages are correctly predicted by business owners and
(2) whether there is change in behavior in anticipation of blackouts in the future.

The design of the surveying tool allows for assessing the accuracy of predictions.
At each phone call, a respondent was asked to report the hours of outages they anticipate
experiencing tomorrow. At the next phone call (3-4 days later), a respondent was asked the
standard questions about the number and duration of outages that the business experienced
in the past few days. Thus, for a selected number of days, there are a measure of future
expectations of blackouts that can be matched with realized outage. The majority of the
time, respondents expected non-zero hours of outages the next day, but this expectation
is likely driven by the fact that outages are extremely common. In fact, in follow up
surveys, the respondents report that 90% of their knowledge of blackouts comes from the
past experience and not public announcements. The test of accuracy of the predictions is

reported in Table 1.10. The dependent variable is a binary indicator of an blackout, and

44Correlations between scheduled and actual times are high, with correlation coefficients of 0.82, 0.45, and
0.46 for start, end and duration respectively. Source: ESCOM administrative data
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the independent variable is a prediction of a blackout made in the past. The probability of
a blackout if a respondent does not predict one is 66%, and it increases to 74% if there is a
prediction of the blackout. Thus, on average, a business owner can accurately predict less
than 20% of blackouts. This result is consistent with intuition since a fraction of blackouts
is from the scheduled load shedding that the company implements systematically. Further,
I empirically verify expectation of a blackout tomorrow has null effects on behavior today
by matching their own future predictions of outages tomorrow to today’s outcomes. The
results are presented in Table 1.11. Despite anticipating a blackout, business owners do
not change labor supply or are able to generate higher income. Thus, expectation of an
upcoming shock does not have a real implications on current business outcomes.

Second, it is possible that vendor’s activities overload on the system and cause a
blackout. In this case, omitting customer volumes would bias the coefficient because it’s
correlated with both outage instance and shop-level outcomes. However, if this was the
case then the coefficient would be upward biased since customer volumes are positively
correlated with business outcomes and outages instances, which would make the presented
coefficient a lower bound of effect.

Third, the areas across the city are not equivalent in the blackout exposure and
a few selected areas rarely experience load shedding (such as hospitals or industrial com-
plexes). It is, thus, possible that more successful businesses relocate to places that more
conducive to business. However, in the short run the location of the businesses is fixed. This
concern would more valid if the businesses were followed in the long run and strategically

moved around the city to conduct businesses in areas less prone to blackouts.
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1.8.1 Robustness Checks

Next, I examine the extent to which the estimate on profits changes across various
specifications, the results are presented in Table A.9. In column 1, I provide estimates for
the unanticipated outages only which constitute 33% of total outages*®. The coefficient on
unanticipated outages is comparable to the main coefficient. Thus, the reported effects are
not driven by only anticipated outages.

146, and assign

In columns 2 through 4, I define an outage at the transformer leve
an outage to all businesses connected to single transformer if more than 50% of businesses
report an outage (column 2), if more than 65% report an outage (column 3) and if all but
1 or 2 people report an outage*” (column 4). The latter is designed to capture outages
that the vast majority of businesses agrees on. The coefficients for less strict definitions
are smaller than the results from self reports, but the last definition is very similar to the
results in the base specification. This suggests that a more objective measure of outages
produces results that are comparable to self-reports.

In columns 5, I use neighbors’ as an instrument for self-report to address potential
measurement errors. All neighbors with an electricity connection within 1 kilometer are
considered and are calculated based on GPS locations of the shops. Instrumenting with

neighbors reports can be a powerful tool to overcome issues with mis-reporting, however,

this setting may not be ideal for two reasons. First, there may be measurement error in

45The unanticipated outages are derived from an answer to question of how many hours of outages a
respondent expected on that day. If the answer was zero, the blackout was classified as an unanticipated.

46Gelf reports are used for the 14 businesses that have missing transformer information as described in
Section 1.3

471 person for transformers with less than 5 businesses, and 2 people for transformers which have more
than 5 businesses
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neighbors reports. Half of the neighbors are not ”heavily-dependent”, are not impacted
by blackouts as shown in Table 1.3 and may not be able to recall outages precisely. In
fact, they are 6% points less likely to report an outage 3 days ago compared to yesterday’s
reports, suggesting that the accuracy of their reports is compromised. Second, neighbors
within one kilometer may be on different transformers and get affected on different times.
These two factors reducing the strength of the first stage. In fact, as reported in column 5,

the first stage is weak and the IV estimate is noisy.

Recall Bias

Bi-weekly phone interviews provide an opportunity to measure the extent of the
recall bias associated with difficulty recalling events in the past, and identify variables that
are most affected. In Table A.10, I present measurement of recall bias for the variables of
interest. Dependent variables are work hours (column 1), number of customers (column 2),
revenues (column 3), profits (column 4) and three measures of outages: binary indicator of
whether there was an outage, number of outages, and the duration of outages (columns 5
through 7). The independent variables are recall day fixed effects and should be interpreted
relative to values provided for "yesterday” (recall day 1). Recalling outages may be difficult,
and furthest events in the past are recalled with lower frequency compared to the yesterdays’
reports, but the differences are not statistically significant in recalling an instance of outages
(column 5), but are lower for the number of outages reported suggesting that overall the
there is no systematic recall bias for binary reports, but more detailed information such as
the number or duration is harder to recall. I verify the to which extent the recall bias impacts

the estimates by only including reports from yesterday (Table A.11). The coefficients on
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profits are larger but only by $0.2 suggesting that the recall bias associated with recalling

events in the recent past is not substantial.

Validity of Outage Reports

In order to check the validity of the reports I perform a simple exercise in which
I calculate the agreement rate between the neighbors and benchmark it against a placebo
agreement rate. First, I generate non-exclusive neighbor pairs using the GPS coordinates
of the respondents*®. Second, I compare the reports within the neighbor pair and calculate
agreement rate between two reports within a date defined as 1 if the two reports agree (are
either both 0 or both 1) and 0 if the reports disagree and are non-missing. If one of the
reports is missing, the observations are not included in the calculation. Next, I find the
percentage of times neighbors agree on reports and generate an average agreement rate for
each neighbor pair. High agreement rate between the neighbors’ reports suggest the reports
are accurate. Placebo agreement rate is generated using the same procedure, however, the
true reports are replaced with randomly generated reports with probability of 0.71 reporting
an outage and 0.29 reporting a non-outage, which correspondents to probability of reporting
an outage in the data. Only non-empty reports in the original data are replaced with the
randomly generated report. The results exercise for both real and placebo agreement rate
are presented in Figure A.7. If the agreement rates in the real data were a result of a random
chance, the distribution of the real agreement rate would resemble the grey line. Rightward
skewness of the distribution of the real agreement relative to placebo rates suggests that

the reports are not correlated by mere chance. Comparison of the two distributions via

48 Neighbors are shops located within 1 km of each other. Out of 142 users, there were 134 neighborhoods
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Komogorov-Smirnov test yields a p-value of zero, suggesting that the two distributions are

statistically distinct.

1.9 Selection into Electricity-Dependent Occupations

Despite the average electrification level of 42% in urban Malawi, only 25% of the
businesses are connected to the grid. Further, in spite of numerous outages that create
volatility in income, the average profitability of businesses connected to the grid is still
higher by 25% higher compared to those not connected. Why don’t more businesses con-
nect to the grid? I offer two explanations for this results. First, they are capital constrained
and unable to invest in business upgrades. In addition, uncertainty of power supply makes
it even more challenging to undertake risky investments. Second, there are unobservable
factors such an entrepreneurial potential that drive the selection and are also correlated
with business growth. While I am unable to determine which factors cause selection into
electricity dependent occupations since all the measurements were taken post factum, corre-
lates between owners’ characteristics and business electrification may shed light on possible
drivers of the decision.

First, examination of business type composition by connection in Figure A.6 from
the project’s census data on 1,937 businesses reveals that connection to the grid is highly cor-
related with occupation choice. Except for a few business types (convenience stores, tailors,
and bars), the majority of occupations are either electricity-dependent or not. Electricity
dependent businesses also require more specialized training (welding, tailoring, repairing

and selling electronics), computer skills (printing and music services) or investments into
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more costly inventory with potentially higher returns (electronics, hardware). In contrast,
businesses that do not depend on power require little specialization (produce and charcoal
sellers, and convenience stores). Thus, the decision to run an electricity-connected business
is highly correlated with occupation choice.

Second, in Table A.12 Panel A, I present baseline characteristics of the three
groups: businesses not connected to the grid (column 1), differences/pvalues between those
and connected businesses which do not do not have appliances (columns 3 and 4), differ-
ences/pvalues between non-connected and connected the "highly-dependent” category with
appliances (columns 4 and 5). The comparison between the three groups allows to observe
baseline correlates with decisions to select more ”sophisticated” business models.

Businesses connected to the grid (with and without appliances) are more educated
and predominantly males. Examination of differences in business outcomes reveals those
businesses are larger nearly by all measures: revenues, profits, number of employees, the
value of inventory and equipment. All of the differences are large and statistically significant,
except the experimentally obtained measures of patience, loss and risk aversion®’. Financial
access between the two groups is also evident: businesses connected to the grid are 57% -
73% more likely to have a bank account. The sheer difference in characteristics between
those connected and not are parallel to those found in the literature between businesses
that grow and those that do not ([106], [128], [95]).

However, an interesting pattern emerges in examination of the differences be-

“TImpatience is measured as the percentage of time respondent chooses an earlier payment between today
and 2 weeks later (or 2 weeks vs 4 weeks later) at various interest rates. Loss aversion index is the percentage
of times a respondent chooses not to play a game in which the given amount amount would be lost. Risk
preference index is the percentage of times an individual chooses the less risky investment between the two
options. All game responses were incentivized by a random question chosen for a payout.
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tween businesses with a connection (without appliance) and those with appliances (which
are highly dependent on electricity supply). Despite significantly higher investments into
equipment, the profitability of those businesses is compromised by the frequent blackouts,
and they make $31.14/month less compared to those who do not rely on power as heavily
(column 2). Thus, in the state of the world with frequent power outages business expansion
has diminishing and even negative returns, and past a certain point it becomes less prof-
itable to graduate into more ”sophisticated” businesses. This result explains the prevalence
of businesses that do not rely heavily on power. Since the only way to maintain profitability
for a ”highly-dependent” business is to invest into self-generation, business owners that are
credit constrained will abstain from adopting these business models. Furthermore, it may
discourage human capital investments since professions with specialized skills (which also
require electrical tools) offer worse average returns. Overall, the lack of incentives to pursue
more ”sophisticated” careers may have long term consequences on development and growth
of the economy. Higher educated employees with better earning potential suffer from poor
infrastructure and are hindered from investments into equipment and creation of innovative

businesses.

1.10 Discussion and Conclusion

In this paper I estimate short term effects of electricity outages on small businesses
urban Malawi. First, I document that an average businesses experience interruptions on
67% of the days, each lasting 6.6 hours. Such frequent power outages partially explain why

only 25% of small business owners are connected to the grid. Decision to run an electricity-
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dependent business is highly correlated with baseline characteristics of the business owner
(education, gender), financial access and initial wealth levels. Those businesses are also
likely to require more specialized skills. However, heavy reliance on power is not profitable
due to frequent power outages and earnings of those with the highest values of equipment
are similar to businesses not connected to the grid.

Second, I establish that the effects on an average business are zero, however, that
is driven by the fact that only 40% of the sample are connected to the grid. Even among
those businesses, the effects are null for those without electric appliances. However, I
document a 25% decrease in daily income among a sub-group which are "highly-dependent”
on power and rely on electricity supply to generate income. Businesses incur losses only
from outages longer than 5 hours, suggesting that they are able to make up for losses
within a day during shorter blackouts. The documented losses are not transferred within a
business across time (as confirmed with specifications with lagged variables and estimating
effects over aggregated weekly outcomes) and are likely permanent to the individual business
owner. Self-generation is a powerful strategy for mitigating losses to businesses, however,
are only owned by 11% of businesses connected to the grid. Losses to sales are unlikely all
permanently lost to the economy as a whole and are plausibly transfers to larger enterprises
who rely on self-generation.

Third, I document a decrease in expenditures for businesses ”highly-dependent”
on power, and the decrease is equivalent to the reduction in daily income, suggesting that
households are not able to smooth consumption over the income shocks, but the responses

are complex. In close examination of dis-aggregate expenditure categories, I find statistically
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significant effects are found for expenditure categories that constitute a smaller fraction
of total expenditures, and find no evidence of changes in expenditures on essential food
purchases. The large fraction of the decrease comes from household items and bill payments.
The latter is likely driven by decreases in electricity consumption from blackouts. Decreases
in sin good expenditures point to potentially positive impacts of blackouts on long term
health. Finally, there is an increase in consumption of low-quality street food likely driven
by inability to cook at home, which may be a welfare reducing outcome since this food is
likely of lower quality. Thus, some of the expenditure categories are responsive to blackouts,
however, the essential purchases such as foods remain unaffected, and I conclude that while
households are affected by income shocks induced by blackouts, the overall welfare impacts
are harder to measure.

Power supply is likely to remain challenging in the near future and the permanent
solution is to increase generation capacity, improve infrastructure and diversify sources of
generation. However, those solutions are costly and require large scale investments that
may not be attainable to developing countries in the short run. Under the status-quo i.e.
with continued power outages, there are several steps that can be taken to alleviate the
burden of blackouts on small businesses. First, businesses in market areas can engage in
cost sharing schemes and acquire a generator. Anecdotal evidence suggests that businesses
already do that but the practice is not common. A back of the envelope calculation suggests
that generator cost can be made up within 1 month°. Further, cost sharing will only work

for market areas since shops have to be in close physical proximity. Such schemes, even

50 Assumptions on the costs are obtained by the project field team. A large generator (costing about $270)
can power about 10 small shops. Each shop would need to contribute $27 up front (23% of the monthly
profit). Given the average losses are $1.12 USD, the costs of the generator can be made up in 24 blackout
days. Fuel costs per shop per day are $0.69 ($6.94 in total).

44



if economically justified, could be challenging to implement due to moral hazard of using
shared equipment, difficulty of determining true usage costs of each contributor, and credit
and savings constraints that inhibit the ability of small firms to invest in equipment in the
first place. Instead, the generator could be owned by a single business in the market areas
and provide generation services to neighboring shops. Under this scheme and assuming
the same costs, the business can rent out electricity at cost of $1 per shop per day (lower
than the average losses but higher than fuel costs), generating $10 in revenues and $6.94 in
profits. This fixed cost of the investment is recovered after operating for approximately 38
blackout days.

The second solution is to increase salience of scheduled outages and improve ES-
COM'’s ability to communicate directly with customers. Baseline data suggests that the
main source of scheduled blackouts is other people or past experiences. However, that
could be subject to errors and costly to acquire. Further, the newspapers where ESCOM
posts announcements cost about $0.83 (17% of daily profits), which may not be affordable
for small scale businesses. Given the prevalence of cell phone technology (92% of respon-
dents had a cell phone at baseline) ESCOM can adopt targeted text messages which provide
information about upcoming blackouts. In the follow up survey, 89% of all business owners
would find this service useful, with willingness to pay 5.3 times larger than a cost of a text
message. Informational text messages are shown to have positive impacts on voter turnout
([7], [103]), adherence to medical treatments ([78]), after-school program attendance ([107]),
and may also improve organization’s public image. Access to information about upcoming

blackouts may help businesses plan for the productivity shocks by strategically timing pur-
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chases of perishable inventory, seeking alternative income opportunities or more precisely
adjusting working hours to match the blackout schedule. Lastly, shorter outages (less than
5 hours during the day) are less welfare reducing for small firms, thus, depending on feasi-
bility electricity companies may consider switching to shorter but more frequent blocks of

load shedding.
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1.11 Tables and Figures

Figure 1.1: Distribution of Businesses in the Study: Connected without appliances(yellow),

Collected with appliances (orange), Non-Connected (blue)
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Figure 1.2: Outages (stars) and Non-Outages (green squares) on September 29th 2017

Mo data §2017 Grogie Imsgery §2017 , ONES | Arbus, DigtaiGiobe, Landsat | Copernicus | Terms of Use.
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Table 1.1: Sample Characteristics of Businesses Connected to the Grid

(1) (2) 3)
All Businesses All Connected ”Highly Depedent”
Mean/SD Mean/SD Mean/SD
N=400 N=142 N=T74
Panel A: Demographics
Male 0.535 0.662 0.730
Married 0.765 0.732 0.635
Age 34.127 33.852 31.770
Education 9.065 9.754 10.135
House Connected to Electricity 0.605 0.754 0.676
Panel B: Business Outcomes
Number of Employees 0.153 0.303 0.378
[0.024] [0.056] [0.088]
Monthly Revenue 352.487 387.717 217.078
[20.568] [41.094] [28.954]
Monthly Profit 84.641 100.719 85.792
[3.723] [7.314] [7.255]
Value of Inventory 104.880 162.803 63.542
[10.179] [21.817] [16.712]
Value of Tools and Equipment 91.609 179.693 207.036
[7.423] [15.836] [22.499]
Panel C: Financial Access € Security
Has a Bank Account 0.320 0.430 0.446
[0.023] [0.042] [0.058]
Total Value of Assets 617.064 936.431 838.175
[38.056] [81.171] [111.557]
Total Value of Cash Savings 103.660 133.498 125.034
[6.850] [13.503] [18.157]
Dual Income HH 0.417 0.352 0.311
[0.025] [0.040] [0.054]
Has a Secondary Earning Activity 0.223 0.282 0.257
[0.021] (0.038] [0.051]
Second Earning: Average Monthly Income 12.418 21.893 14.934
[2.187] [5.165] [6.189]
Panel D: Electricity Usage
Appliances
Salon, Barbershop Tools 0.093 0.268 0.500
Entertainment 0.088 0.254 0.243
Fridge 0.056 0.159 0.000
Tools for Business 0.048 0.138 0.257
Computer, Other Office Equipment 0.033 0.094 0.176
Has Alternative Power Supply 0.037 0.106 0.081
Generator/Battery 0.033 0.600 0.500
Solar Panels 0.007 0.133 0.167
Panel E: Outages
Business Affected by Outages 0.412 0.831 0.946
Percentage of Outages Known About 0.466 0.417 0.400
Conditional on Knowing,
source of information:
Newspaper 0.040 0.089 0.129
Radio 0.314 0.375 0.290
Word of Mouth 0.606 0.464 0.548
Always on the Same Day 0.051 0.054 0.097

Note: Baseline Data. All monetary values are in USD, winsorized at 5% to address outliers

49



Table 1.2: Outage Characteristics from Self-Reports

G 3) (4)
All Businesses ”Highly Dependent”
N=391 N=70
Mean Mean
(SD) N (SD) N
Panel A: Number of Outages
Percent of Days with Outages 0.67 391 0.77 70
Number of Outages Per Day 1.07 391 1.05 70
(0.14) (0.10)
Panel B: Conditional on Having an Outage
Percent of Outages Affected Other Shops — - 0.98 70
Duration (out of 24 Hours) 9.54 389 9.72 70
(2.36) (1.91)
Duration (7am-6pm) 6.54 389 6.63 70
(1.57) (1.24)
Percentage of Outages That the 0.33 388 0.36 70
Respondent Reports Not Knowing About in Advance (0.24) (0.25)
Duration of Outage that 8.88 362 9.16 65
Respondent Reports Not Knowing About (2.51) (2.52)
Duration of Outages that 10.38 381 10.23 69
Respondent Reports Knowing About (2.39) (2.21)
Percentage of Hours of that 0.60 388 0.62 70
the Respondent Reports Not Knowing About (0.18) (0.17)
Panel C: Spatial and Temporal Variation
Within Day: ICC of Outage Reports
Ward 0.18 18598 0.18 3232
EA 0.21 18598 0.20 3232
Transformer - - 0.30 3232
SD of Outage Duration Within a Business Across Time 5.17 391 5.12 70
Percentage of Alternating Outage/Non-Outage Day 0.30 391 0.27 70

Note: Averages are calculated within individual.
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Table 1.10: Relationship Between Predicted and

Realized Number of Outage Hours: Real vs. Simu-

lated

Prediction of an Outage (binary)

Observations
R-squared

Number of Business
Average Y if X=0

(1)
Realized Outage (Binary)

0.123%*
(0.05)

476
0.015
66
0.622

Table 1.11: Effects of Anticipating an Outage Tomorrow on Business Outcomes Today,

"Highly-Dependent” Sub-sample

W @ (4) (5) (6)
Worked  Hours  Main Business
Y/N Worked Revenue Profit  Total Income
Prediction of an Outage Tomorrow  -0.018 -0.598 0.154 0.086 -0.228
(0.06) (0.50) (0.75) (0.34) (0.25)
Observations 442 442 442 442 442
R-squared 0.06 0.08 0.05 0.05 0.10
# of Businesses 64 64 64 64 64
Non-Outage Mean 0.82 8.11 17.04 3.96 0.14
Non-Outage SD 0.39 5.02 23.46 4.23 1.56

Note: Monetary outcomes are expressed in USD and are winsorized at 5% level. Individual

and date fixed effects are included. Lottery wins included as a control. Errors are clustered

at the transformer level.
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Chapter 2

Power Outage Responses among

Market Vendors in Urban Malawi

2.1 Introduction

There is general agreement among development practitioners that electrification is
instrumental for long term economic growth ([98]). However, the current access to electricity
in Sub-Saharan Africa is poor and 70% of the population live without power (International
Energy Agency 2013). Thus, achieving universal electrification of the developing countries
has been a major priority for the development organizations in the recent years, with World
bank allocating 17% of its 2016 budget towards energy projects (The World Bank Annual
Report 2016). However, access to the grid is only the first step to reaping the benefits of elec-
trification because being connected does not guarantee reliable power supply. Specifically,

in Sub-Saharan Africa, existing customers experience about 9 outages a month, each last-
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ing 5.6 hours on average ([11]). Such frequent power outages significantly limit the claimed
welfare gains from electrification, and only recently development organizations have started
to recognize the importance of quality of power versus focusing solely on new connections
([97], [115]).

The reasons for power outages are diverse and complex, and vary based on the
location but there are common factors that developing countries share. First, current elec-
tricity supply is limited to due decaying infrastructure and lack of funding. Second, the
demand for connections is expanding quickly with population growth. In fact, forecasts pre-
dict that by 2035 consumption of energy in developing countries will grow by 84% ([131]),
compared to 14% in developed countries. If adequate infrastructure improvements are not
made to match the growing demand, the existing systems will experience greater overload.
Lastly, generation of electricity heavily relies natural resources and some are vulnerable
to weather fluctuations. 42% of the countries in Africa rely on hydro-generation!, with
21% of the countries being fully depended on it. The recent instability in rain schedules
has led to longer dry seasons and low water levels that feed the generation plants ([24]),
cutting the generation capacity to 50% across the region. This has been the largest cause
of frequent load-shedding in the past decades in countries like Malawi, Zambia, Kenya,
Tanzania, Zimbabwe and Mozambique ([32]). While there is claimed untapped potential in
hydro-power generation across the continent?, the future water levels in rivers and reservoirs

is unclear due to irregularities in rainfall which threatens the capacity to provide reliable

'Source: World Bank development Indicators. Data on electricity generation is missing for 46% of the
Sub-Saharan countries. Out of the countries for which the data is not missing, 42% of the countries rely on
hydro power for more than half of electricity generation

2Technically feasible power generation is 1,750,000 GWh/year, compared to current 76,000 GWh/year.
Source: 2001 World Atlas and Industry Guide International Journal of Hydropower and Dams
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power ([105]). Thus, given the status-quo, the electricity provision is unlikely to improve in
the near future.

Given the current and persistent challenge of power supply in developing coun-
tries, it is important to understand the economic implications of electricity interruptions in
the short run - to measure the immediate impacts, and the long run - to gauge the effects
on growth of the economy. Poor power supply limits foreign capital flows reducing private
sector development ([17]), hinders business expansion by creating a barrier to investment
into more productive technologies ([1], [110]), causes losses to GDP and decreases economic
growth ([12]). In fact, electricity interruptions are listed as the third biggest obstacle for
business development(World Bank Enterprise Survey 2016). To ameliorate the impacts of
power outages, manufacturing plants devise various adaptation strategies, such as financ-
ing alternative power course, shifting operations from less to more productive hours, and
changing input composition ([70], [9], [11], [118]). In contrast, little is known about the
impacts of interruptions on smaller firms. This is an especially important question, given
the extent to which small business contribute to emerging economies: they bring at least
33% to the national income and provide 45% of total employment(World Bank 2015). On
the one hand, the burden may be higher for smaller firms due to a proportionally higher
cost of acquiring or paying for alternative energy. On the other hand, business owners may
be well adapted to the fragile power supply, and are able to shift income inter-temporally
and work more or harder on more productive days or hours. In fact, only a single study
presents quasi-experimental results of power interruptions on small business owners - [79].

This project adds to the growing literature on the measurement the economic
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impacts of unreliable power supply on the daily operations of small business owners in a
developing country. Using high frequency data, I estimate the effects of power interruptions
on business outcomes such as labor supply, revenues and profits. In contrast to [79] who only
look at the specific business type - tailors, I study the impacts of power interruptions on all
types of small businesses that do and do not rely on electricity. This gives an opportunity
to examine the behavior of businesses that directly rely on power and compare them to
non-electricity reliant businesses. High frequency data on daily business outcomes allows
for an estimation of impacts of electricity outages within an individual business across time,
comparing outcomes on days with no power interruptions to days with power interruptions.

The aims of this paper are the following

(1) Document the reliance of on power supply among small business owners in a

developing country.

(2) Provide descriptive statistics of power supply effect among small business own-

€ers.

(3) Estimate the impacts of the power supply interruptions daily activities. What
are the effects of outages on business outcomes? Are businesses well adapted to the inter-

ruptions in electricity?

My results show that outages are very frequent and affect over half of the days
during the data collection. Second, I learn that among market vendors, only 31% actually
use electricity for conducting business and the rest are not electricity dependent. Third, 1

examine differential impacts on two types of businesses: electricity users (businesses that
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directly rely on electricity), and non-users (business that are not electricity dependent),
and find that users lose 7.3%-15.8% of daily revenue due to electricity outages, however,
this does not affect self-reported daily profits. Effects on non-users range from 0%-3.5%
losses in revenue, but I refrain from conclusions because those effects do not hold across
robustness checks. Lastly, I do not find evidence of shifts in labor supply in response
to outage. I hypothesize, that given the fact that outages are unpredictable in duration,
business owners tend to wait out the outage in their shops rather than adjust labor supply.

The paper is structured as follows. In section 2, I discuss relevant strands of
literature; section 3 gives background on electricity generation and provision of power in
Malawi. In section 4, I describe data and the study. In section 5, I focus on estimating
strategy and inference. Section 6 discusses results and presents robustness checks. I conclude

with a discussion of results in Section 7 and 8.

2.2 Background

The importance of infrastructure, electricity in particular, and its impact on de-
velopment has largely been recognized and studied. In particular, a number of studies
examine the effects of providing new connections to previously under-served areas on vari-
ous outcomes from household productivity and earning opportunities to health and children’
education. Most of the studies conclude that electrification has positive impacts on wel-
fare, however, exhibit fluctuations across contexts. There are documented positive impacts
of rural electrification on employment through expansion of employment opportunities for

household members ([50], [132], [75], [55], [119], [47]). The main mechanisms behind the

63



results are a) increased work hours due to extended hours with light b) employment shift
from agricultural to non-agricultural sector, and c) freed up time from household work.
Positive effects are found on rural economic development in [92], [115], [100], but this re-
sult is challenged by [41]. However, substitutes to electrification (such a provision of solar
micro-grids) do not bring about changes in socioeconomic developments [8]. Positive effects
of electrification on household income are found in [100], [88], [89], [109], [115] but are not
supported in [26]. Improvements in education outcomes for children are documented in [90],
[5], [127], [115], but are questioned in [27], [26] and [119]. Better health outcomes due to
electrification are found in [112] and [21], with the main mechanism being improvements in
air due to substitution away from kerosene lights into electrical bulbs. Electricity provision
had positive impacts on productivity: manufacturing sector [113]) and in agriculture ([94]),
but are not found in [93].

Recent literature has started to recognize the importance of power quality and
documents losses of benefits from electrification due to frequent blackouts. [47] find that
a newly established connection increases non-farm household income only by about 9% in
10 years, while the higher quality of electricity contributes to increased in the income by
29%. [115] find negative and significant impacts on virtually all development indicators
with increased hours of blackouts. The magnitude is particularly striking, and every hour
increase in outages is associated with 0.3 percent reduction in annual income. [40] and [68]
report a permanent increase in birth-rates and lower birth weights for the babies born during
black-out periods; with latter documenting worsening of long-run economic well-being for

the mothers who had an unplanned pregnancy during the power outages.
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Significant attention has been dedicated to study the impacts of power quality
on manufacturing plants and large firms, showing that businesses incorporate expectations
of reliability of electricity in their short and long term decisions. In the long run, firms
report that power considerations have influenced their choice of location (59.8%), input
combination (53%), and even the type of business (53%) they entered into. Alternative
private power supply is expensive, and makes up 15% of equipment costs for large firms
but are 25% of all costs for smaller firms. ([118], [1]). In the short run, the effects of
power outages on firms depends on initial power reliance, and some businesses are able re-
optimize the means production to mitigate the effects of power outages by using a different
composition of inputs. In particular, [9] finds that effect on production is dependent on
initial reliance on power. Firms that are able to shift operations to non-outage hours, make
up for the losses incurred during outage times. Firms that are not flexible in the input
composition, incur greater costs due to inefficient allocation of inputs. Firms that are not
able to produce without electricity incur losses of 8.9% in response to a 10% increase outage.
[11] further investigate the burdens of the interrupted power supply on manufacturers, and
estimate the costs related to private provision through generators to be 0.18% of revenues
for every 1% point increase in power interruptions, with smaller manufacturing plants being
impacted more. Costs of production increase due to electricity interruptions by 9-22% due to
shift of factors of production and switching from ”make” to "buy” in obtaining intermediate
goods ([70]).

The most relevant papers to this study are [39] and [79]. [39] study the effects of

a month-long power outage in Zanzibar and find 25% drop of hours worked for electricity-
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dependent jobs, a reduction in income for all sectors (7.8% and 14.2% for non-electricity de-
pendent and electricity dependent occupations respectively), suggesting of inter-dependence
of businesses across sectors and spill-over effects from outages on businesses that are not
electricity-reliant. In exploration of alternative income generating activities, they do not
find evidence that workers substituted labor across earning activities, but instead increase
leisure, spending 16% more time at home. [79] specifically focuses on the impacts of power
outages on smaller firms. Their preliminary findings suggest that there are 14% losses to
revenues and 11% profits due to electricity outage for all tailors, however, those that use
more technical inputs lose more. They detect reduction in labor supply on days of out-
ages and a compensating increase on days without outages, however, the increase in hours
worked do not fully compensate for the hours lost. Further, there is shift in demand for
labor on days of outages and firms switch driven by a switch to cheaper inputs during less
productive days.

This study adds to the existing literature in the following ways. First, it paints a
landscape of the power reliability in a developing country. Second, it provides descriptive
statistics on the effects of power outages on small businesses. Third, it measures the burden

of unreliable power supply on small business owners.

2.2.1 Electricity Generation

Over 95% of electricity in Malawi is generated through 7 hydro-electric station,
located along the Shire River. The complete process from generation to distribution is

owned by a single state company - ESCOM. 3. In recent years, erratic rain schedules have

3The total electricity generation is fairly low 2,069 GWH (Gigawatt Hour), compared to neighboring coun-
tries with similar populations Zambia (11,338 GWH) and Zimbabwe (7,297 GWH). Source: BP Statistical
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caused a major reduction in the water levels in lakes and rivers across the country, the
lowest in the past 15 years, causing only 60% generation of total capacity*. The situation
is expected to worsen and with unpredictable rain schedules the water level continue to
decline. To avoid overload on the electrical grid and prevent system-wide blackouts, the
state company frequently implements load sheddings - temporary interruption of electricity
supply to reduce the load on generation plants. In addition to load shedding, there is the
need for continuous maintenance of decaying equipment and infrastructure which causes
either large shut-downs of power affecting large areas within city (in which all connections
on the same feeder are affected) or smaller neighborhood-level shut-downs caused by faults of
the lower voltage lines (failures at Low-Voltage Transformer level transformers). This results
in almost daily interruption in some areas across Malawi. The frequency and intensity of
blackouts is subject to seasonality and months following the rain season (April-June) are
usually impacted the least, while in September through March, frequency and duration of
outages increase.

The extent of the problem is dramatic and administrative data on outages supplied
by the power company for a single month in 2017 in Blantyre (similar size city), there were
187 load shedding instances, 87% of them were caused by water levels in the rivers, totaling
to 670 hours of outages across the city. In addition, there were 50 High Voltage faults
lasting in total over 50 hours, 40 forced outages lasting over 100 hours, 31 planned outages
lasting over 236 hours. This is excluding small faults reported by customers (over 2400),

lasting 18,431 hours. In total, the city experienced 2708 outages as a whole which lasted

Review of World Energy 2017, International Energy Statistics 2016
4Source: ESCOM
5The same level of details is not available for the time and location of this study
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close to 20,000 hours!®

2.3 Data

The main source of data comes from [2] study conducted in Lilongwe, the capital
of Malawi. The study took place in 2016 across 5 urban markets. First, all small scale
businesses in the markets (referred to as market vendors or business owners in the paper)
were censused. During the census, contact information was collected as well as disquali-
fying criteria for the study. A final list of 965 businesses was obtained. These include a
variety of business types such retail shops, produce sellers, hair styling (salons), welding,
carpentry, etc. Next, we classified businesses into three categories: food sellers, non-food
sellers (or mixed goods) and services. Business composition and classification is available
in appendix in Table 2.1. Four disqualifying criteria was used before the sample selection.
First, since the project participation required ability to read questions and keep written
records, we excluded illiterate business owners (4.5% of the sample). Second, polygamous
business owners were dropped due to complications related to answering questions related
to household events (5.5% of business owners). Third, owners were required to be heavily
involved in business operations and were excluded if they were not present in the busi-
ness (11.8%). Those business owners were likely to heavily rely on shopkeepers to run the
daily operations. This resulted in 78% of qualified business owners. Summary of selection
criteria is available in the appendix Table 2.2. A random sample of 400 businesses was

selected stratifying by market, business category and gender; and half of the sample was

SData from the Southern Region of Malawi supplied by the electricity company in June 2017. Data of
this level of detail and precision is only available for Southern Region of Malawi where a follow up study
took place
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selected to take part in the eight-week data collection. A detailed baseline survey containing
questions on demographics, business outcomes, savings, cash flow and electricity usage was
administered to the full sample.

Next, the logbook training was conducted to every respondent in the logbook
group. Each logbook respondents was trained on how to fill out the logbooks by a field
officer at owners’ shops. The training included detailed guidance on how to fill out the
loghooks daily, as well as a practical demonstration during which a sample day record was
completed. The logbooks contained detailed questions on business outcomes (labor supply,
revenues, profits, business expenditures), personal outcomes (household expenditures, daily
savings), economic shocks (illness, money transfers, weddings and funerals), and the exact
start and end times of market electricity outages. The respondents were asked to keep
the logbooks daily and enter records at the end of each business day. Once a week, an
enumerator met with the respondent to check the loghook records, collect the the logbook
and give the respondent a clean copy of the logbook for the following week. In the second
month, after the respondents were more familiar with the process, the enumerators visited
the respondents once in 2 weeks. To encourage participation and minimize attrition, the
respondents were compensated $1/week in telephone credit. In addition, the respondents
were promised an analysis page about their businesses at the end of the study based on the
information they provided”.

Attrition during the study summarized in Panel B of Table 2.2 in the appendix.

Out of 198 scheduled to keep the logbooks 7.6% were disqualified due to poor vision because

"A simple page contained 5 graphs describing business patterns of each owner: average revenue per day
of the week, time series graph of revenues and profits during the study period, and break down of business
and personal expenditures
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they could not see the writing in the books, 5.6% refused prior to loghook data collection,
and 4.5% refused during the logbook data collection. 164 kept the logbooks for at least two
weeks and 157 had completed the 8 week collection. An average respondent kept the book
for 54 days, with a median of 62 days. There was a substantial learning curve associated
with filling out the logbooks, and the first week of data is dropped for the analysis. This
leaves about 50 observations per respondent (minimum 6, maximum 56, median 55).

The second source of data is the scheduled and actual times of outages that were
initiated by the electricity company, consisting mostly of load shedding. The scheduled
outage times were obtained from the local newspaper and the actual outage times were
provided by the electricity company. The list of outages that company provided are only
a subset of all outages that hit the markets, due to a number of local outages that occur
on low-voltage lines of which the company does not have a record. Thus, the definition of
electricity outage is derived from self-reports recorded by the daily logbook and the company

outage times are used to validate the accuracy of the self-reports.

2.4 Summary Statistics

The impacts of power outages on businesses vary based on the degree of reliance
on power supply and may be more severe for electricity users than for non-users, in addition
service providers (salons, printing shops) may be impacted more due to potential inability
to operate during outages. Thus, the sample is broken down into two sub-samples: users
and non-users of electricity. Electricity users are the businesses that directly rely on power

for income generation such as barbershops, electronic item sellers, salons and tailors who
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use electric equipment. The non-users are businesses that do not directly depend on power
for income generation. Non-users should not suffer from electricity outages directly but
may experience spill over effects if their business depends on operations of users. The
classification of businesses into the two categories is obtained from answers to the question
whether a business needs electricity to conduct its operations and the description of how
exactly the outages affect business owners. While splitting of the sample allows to identify
possible channels through which the effects take place, there may still be heterogeneity of
responses within a category. For instance, service providers who rely on electricity may
have to halt the operations or operated with limited capacity compared to stores that
sell perishable products, and only suffer from long outages but continue operations during

blackouts.

2.4.1 Selection into Electricity-dependent Business

Low levels of electrification among market vendors is surprising given no barriers
to access since transformers are located inside the markets. Thus, consistent with findings
by [96], demand for power connections must responsible for low usage of electricity. So,
what drives the selection into electricity dependent businesses? While this data does not
allow for inspection of determinants of selection into electricity dependent occupations due
to the lack pre-electrification data of the users, correlates between electricity collection and
business owner characteristics may shed some light on the drivers of the decision.

The comparison of users to non-users in the full sample(N=388)® is presented in

Table 2.3. First, the majority of businesses in the markets are non-users and the users only

8Not just half of the sample that participated in the logbooks
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comprise 31% of the sample. Largely, the electricity users are service providers (tailors,
barbershops, salons, printing shops), perishable food sellers (meat and dairy shops) or
electronic item sellers. Non-users are mostly in retail, selling vegetables, staples, clothes,
shoes and other items (Panel A, Table 2.3). Electricity users are 1.63 years younger and
have 0.72 more years of education (Panel B, Table 2.3). Electricity-dependent businesses
are larger and employ more permanent workers. The revenues and profits are similar,
however, the profit margins are higher for users, and for every dollar received in revenue,
they generate 13% points more in profits. Value of inventory is twice as high for the users
than non-users and value of equipment differs by a factor of five. (Panel C, Table 2.3). The
difference in financial access is stark; users are 11.2% points more likely to have a bank
account, and a result have accumulated larger bank savings ($246.5 compared to $78.16
for users and non users respectively). Financial security and earning opportunities are also
better for the electricity dependent businesses (Panel E, Table 2.3).

The correlates between users and non-users characteristics are parallel to those
found in the literature between businesses that grow and those that do not ([106]). Business
growth is associated with higher education and younger age firm age?, those owners are
more likely to use new technologies and adopt to the changing business environments.
Financial access is instrumental to business expansion, and those with initial capital, access
to loans and saving instruments grow more. Since electricity-dependent businesses require
a significant initial investment into a connection, equipment and security, only those with

sufficient capital can make the investments. Non-users may be more capital constrained

9We do not have baseline values for firm age, however, age of owners themselves is likely correated with
the age of the firm
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both by lack of savings and limited borrowing opportunities.

The decision to run an electricity-dependent business requires long-term commit-
ment to remain in the business more permanently to recover fixed setup costs. This sug-
gests that non-electricity dependent businesses may be temporary enterprises and seek for
a more permanent income source. A large fraction of the non-user businesses is charac-
terized by high-competition and low product differentiation (vegetable and staple sellers,
prepared foods such as fried potatoes). The choice to run a non-connected business may
be partially driven by limited outside employment opportunities. Despite the reliance on
self~employment in developing countries, over 90% of parents aspire their children to be
hold salaried positions (][20]), suggesting of an intrinsic preference for more stable income
sources. Thus, non-users may either select into these occupations due to a lack of choice
or view it as a temporary employment between more lucrative opportunities. Additionally,
higher education levels observed in users make them more employable in non-business sec-
tor, and their choice to pursue an entrepreneurial activity is driven by an expectation of a
higher earning potential via self-employment. In fact, users are 9% points more likely to
have another business as their secondary earning activity (compared to non-users with 6%),
suggesting that they are more ”serious” and long-term entrepreneurs.

Lastly, electricity-dependent businesses are subjected to frequent electricity out-
ages, thus, only those who are able to buffer against income shocks select into these volatile
occupations. Table 2.4 presents daily income and work hours volatility that the two groups

experience. The fluctuations are expressed in deviations in percentage changes away from
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the individual mean'?. The users experience 32%!'! more in revenue fluctuations compared
to the non-users; there are no detectable differences in profit fluctuations, however, the daily
fluctuations in hours is also higher by 50%, which suggests of unusual working schedules
(earning mornings or nights). Moreover, users are 16% points more likely to have supple-
mentary income and their secondary income is 2.7 times higher than that of the non-users.
Thus, users hold a more diversified ”portfolio” of earning opportunities which makes them
better equipped for income fluctuations resulting from unreliable power supply.

Thus, I conjecture that users are likely less capital and credit constrained prior
to starting businesses, are more permanent establishments and long term entrepreneurs,
who are able to cope with income fluctuations caused by outages via supplementary income

sources.

2.4.2 Self-reported effects of Power Outages

At baseline, self reports of the effects of blackouts were recorded. Table 2.5 presents
summary statistics on the business (Panel A) and effects of electricity outages reported by
the business owners (Panels B-E). The average daily revenue is $19.88, with average daily
profits of $3.99, which is not low by Malawian standards, where per median income is close
to $1 per day. Only 3% have access to an alternative power source (a generator or a solar
panel). Even though load shedding schedule is announced in the newspapers a week in
advance, only 10% of the all market vendors are aware of upcoming planned outage in the

market. This due to the fact that the announcements are highly unreliable and the majority

0The values are obtained from daily logbooks. First, mean value of the variable is calculated for each
individual separately. Second, the percentage change is found for each day. Lastly, the standard deviation
of the percentage changes is calculated for each person, obtaining a single value for an individual
11(0.69/0.52)=1.32
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of the time the electricity company does not follow its own schedule. 39% of market vendors
report to be affected by power outages. This is higher than the percentage of users since
some of the non-users experience loss of business during blackouts.

In Panel C-E, self-reported effects on business activities are presented only for
those 39% who reported being affected by outages. 32% of respondents report not being
able to conduct their daily operations without electricity, 23% only partially depend on
power, and 25% report losing customers, potentially due to lower volume of customers in
the markets. The self-reported losses constitute about 36% ($7.77 USD) of the daily revenue
(Panel B), with high a standard deviation suggesting a wide distribution and the presence
of businesses that are highly unprofitable during outages. The losses are partially driven
by lower customer volumes, and businesses report a difference of 14.55 customers on days
with and without outages. Panel D reports perceived general equilibrium effects from the
point of view of a market vendor and whether the sales are permanently lost, transferred
spatially (to other markets or other sellers within the market) or inter-temporarily (across
time). Out of all the foregone sales, 33% are lost permanently, while the rest are transferred
to either another day or another vendor.

Finally, unreliable electricity has long term impacts on the decisions of micro
entrepreneurs (Panel E), and 19% of the full sample would invest in new technology in
power supply was more reliable; 19% would do a different business, and 25% would increase
current operation hours. This suggests that power outages present a binding constraint in

the short run and an impediment to growth in the long run.
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2.5 Outages

2.5.1 Levels of Outages

There are four possible levels of outages that market vendors experience (1) at the
shop level (2) at the transformer level; (3) at the market level (4) at the feeder level. The
first one is an outage that is caused by a fault in the shop’s wire systems and only affects an
individual shops. I do not believe that the self-reported outage information contains many
of those reports because (a) it is unlikely that a vendor within a market attributes their
individual experience of an outage to the whole market and (b) the electric systems within
the markets are fragile, and a small outage for a single shop likely affects other market
vendors.

The second level of outage is the transformer-level outage, these outages affect all
connections with the transformer and do not affect connections in other transformers. I
have mapped out the shops within markets that are are affected by outages simultaneously
- a proxy for identifying the transformer connections'?. The majority of the shops within
a market belong to the same transformer and, thus, are affected by outages at the same
time. There is often a physical division (such as a road) that splits the markets into these
sub-groups, and the majority of the market is located on a single side of the road, with
some shops across the street (examples: Markets 1, 2 and 3). Constructing an outage
at the transformer level may suffer from several issues: (1) the likelihood of report of an
outage is lower due to low number of shops belonging to the ’smaller’ transformer groups,

(2) the shops belonging to the smaller transformer groups may still report a market outage

12De-identified GPS locations of shops are available in Appendix, Figure A.9
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if they observe one even if it doesn’t affect their own shops (3) it is unlikely that the non-
users of electricity report outages that are strictly within the transformer boundaries and
as a result report outage that they notice. It is also possible that several transformers are
affected at the same time, which is consistent with interviews with the market vendors.
Thus, I conclude that the majority of outages affect markets as a whole.

Lastly, the outage may occur at the feeder level (a larger network of transformers).
In this case, all transformers within the feeder network experience an outage. Load shedding
outages occur at the feeder level. Markets 1-3 belong belong to different feeders and are
affected by feeder-level outages at the different times. Markets 4 and 5, are geographically
closer to each other(about 2 kilometers away) compared to other markets, and according to
the electricity company belong to the same feeder. However, examinations of self-reports
across the two markets do not suggest that the outages across the two markets are correlated
more than with other markets (Table A.18). The records from the electricity company also
indicate low incidences of outages, which does not coincide with self-reported data. Thus, I
make an assumption that outages affect all market vendors at the same time and construct

treatment effects at the market level.

Methodology of constructing outage times

The reports of outages are very infrequent, and out of all individual-day observa-
tion, an outage start or end time is reported only 8.9% of the time. Table 2.6 summarizes
the percentage of market vendors reporting an outage on a given day for all days (panel A),

only for days on which ESCOM reports an outage (Panel B) and days on which ESCOM

does not report an outage. The results are presented separately for all vendors (column 1),
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users (column 2) and non-users (column 3). First, it is worth noticing that probability of
an outage report is higher for users than non-users, however, the difference is only 2.9%
(for all days) but is 6.5% points for days with ESCOM outages (Panel B). This suggests
that both users are and non-users pay attention to outages in the markets, with users being
more attentive. If there was perfect reporting of outage times, then we should expect close
to 100% reporting at least among users on days on which the company reports an outage
(Panel B), however, we see an average of 20% of users reporting an outages and a maximum
of 60% of users reporting an outage. Thus, on average, 80% of the users do not report
outages. This indicates of heavy under-reporting of outages at the individual level. Low
reports may be driven by moral hazard since the respondents were well aware that other
people in the markets were required to answer the same questions, and, thus may have
relied on other people to report information that was known publicly. Therefore, individual
treatment variable is incomplete, and construction of an outage at a market level is more
appropriate.

I use the following procedure to construct a market-level outage from individual
reports obtained from the logbooks. Step 1) I determine the minimum number of reports
in order to declare an outage, Step 2) I construct a single market-level binary variable from
individual reports, Step 3) I validate the constructed outages against the reports provided
by the electricity company to understand the quality of the constructed measure.

The first step is to determine the minimum number of reports per market per day
in order to declare an outage. I use the quality of the match between the self-reports and

the electricity company reports to derive the definition of an outage and consider three
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definitions:

An outage is declared if:

(1) at least 1 person (business) or

(2) at least 2 people report an outage, or

(3) at least 3 people report an outage'?

There is a risk of a type I error with the first definition - assigning an outage when,
in fact, it is a false report. If the second two definitions are chosen, there is a possibility of
a type Il error - not reporting an outage, when there was one. The third definition is the
most conservative, but given the low instances of reports, it may be too restrictive.

In order to determine whether definition (1), (2) or (3) is more accurate, I compare
the electricity company reports to the reports obtained from the logbooks. There were in
total of 49 outages that the company reported for the relevant markets during the data
collection. For each definition, I find the percentage of company reports that were detected
in the logbooks. Table 2.7 summarizes the results. In columns 1 through 3, I report the
percentage of outages out of 49 that were caught if all the reports are considered (column
1), if only reports from electricity users are considered (column 2), and if only reports
from non-users are used (column 3). Each row presents definition of an outage described
above. If I adopt Definition 1 and consider reported times by users and non-users, I am
able to detect 96% of outages that the company reports. Theoretically, reports from the

users should be more accurate and complete. In columns (2) and (3) I consider reports

13The median size of market is 27, and 1, 2 and 3 reports represent 3%, 7%, 11% of outage reports in the
markets.
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by users and non-users respectively, and find that the two-subgroups are equally likely to
pay attention to outages. If I adopt a stricter definition of an outage and require at least
2 reports per market, I am able to detect 87% of company outages. A stricter definition
reduces the chances of correctly finding the company reports from 96% (in which an outage
is declared if only 1 person reports an outage) to 74% with definition 3. If T look at the
sub-sample of days, excluding Sundays'4, I am able to improve the accuracy of outages with
Definition 2 to 92%. Definitions based on user reports only yield significantly to significantly
lower chances of capturing an ESCOM report, and thus, all reports of users and non-users
should be used. In columns (7) through (9), I report the percentage of total days that get
affected by outages. If definition 1 is adopted, then 81% of total days are declared as outage
days. With definition 2, the number drops to 58%. This suggests that on 23% of days, only
1 person reported an outage. A fraction of these reports represents correct outages that
were only recorded by one person, however, it is also possible that these are misreported
(either recorded on an incorrect day of the week or confused with other neighboring fields
which asked the times of outages at home and the closing time of the shop).

I conclude that definition 3 is too restrictive, and if adopted, 26% of ESCOM
outages are missed. Definition 1 recovers 96% more reports but is also driven by 23% of
days in which one 1 person per market reported an outage, and is a greater subject to
misreports. Definition 2, recovers 87% of the reports and excludes potential mistakes on
days with only 1 report. Thus, definition 2 is preferred but the results from definition 1

are reported in robustness checks!®. With either definitions, I clearly see that the company

1Sundays are often church days and businesses either don’t open or open for a part of a day
15 Alternative outage construction at transformer level which is based on percentage of users reporting an
outage is also presented in robustness checks
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reports of 49 outages (which represented 17% of total days) heavily underestimates the
extent to which the market vendors experience electricity interruptions.

Figure 2.1 reports outage instances for each market for the duration of the study
using the adopted Definition 2'6 . Each row represents the market in the sample and the
vertical bar indicates an outage for that date. The height of the bar and the number above
it represent the percentage of people reporting an outage on that day out of total number
of people present in the market. Grey bars are days on which outage is not declared i.e
there is less than 1 report!”. Black diamonds indicate company reported outages for that
particular day. Markets 4 and 5 are located on the same feeder and are affected by the
company outages on the same days. The rest of the markets are affected by the company
outages on different days. It is important to notice that outages are very frequent for some
markets and affect the majority of the days; not all markets are impacted equally (market
4 has an especially high frequency of outages). Outages are more frequent in the beginning
of the data collection period and are rarer towards the end. This is due to the monthly

seasonality of outages related to the start of the rain season.

2.6 Estimation Strategy

The estimation relies on a fixed effect model, where the effects of outages are
found by comparing outcomes within an individual business, across time while removing

date specific effects and controlling for day of week, weather shocks and any other date-

16 A corresponding diagram using definition 1 is available in the Appendix, Figure A.8

7The first bar in market 4 is marked grey even though the percentage of people reporting an outage is
33. This is because there were only 3 people present in the market that day and 1 reported an outage. The
low number of report is explained to the fact that it was the first day of data collection in that market and
only 3 people were visited
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specific factors

Yit = Bo + b1 * Outagenms + o5 + 0 + €5 (2.1)

where 7 is an individual business, ¢ is date. Yj; is the outcome variable, OQutage,,;
is the outage binary variable that takes a value of 1 if there was an outage on that day,
and 0 if there was no outage. All of the specifications include individual business fixed
effects - o4, 9;- date fixed effects to control for date shocks that affect all the markets.
All monetary outcomes are converted to logarithmic scale due to presence of outliers. All
p-values presented in the tables are constructed using the t-percentile bootstrap method
described in [44] for inference with small number of clusters.!® Finally, I present the results
of duration outages on the business outcomes, where duration is derived from self-reports

and expressed in hour of exposure.

2.7 Results

I present results of power outages on a full set of business outcomes in Table 2.8
and expenditures/savings/transfers in Table 2.9. All monetary outcomes are converted
into logarithmic scale and hours are windsorized at 5% to address outliers. In each table,
the results are first presented for the full sample (Panel A), then displayed separately for
electricity users (Panel B) and electricity non-users (Panel C) to understand differential
impacts on the two sub-groups.

First, there are no effects on the probability of the business owner working on

8Since the majority of outages hit the full markets as a whole and outcome variables are likely to be
correlated within the markets, market is defined as a cluster
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the particular day in response to an outage (column 1, Panel A, Table 2.8), and both
electricity users (panel B) and non-users (panel C) are not more or less likely to work on
days of outages compared to non-outage days. This is consistent with intuition. Largely
the outages are not announced (89% of all outage are unanticipated) and the duration is
not known in advance, thus making it hard to adjust labor supply on the extensive margin.
Labor supply, conditional on working, (column 2) is unaffected by the electricity outages.
It is possible that the effects are not fully captured in hours worked because given a shorter
outage, users may adjust labor supply on the same day and work past dark. Next, I examine
impacts on revenues, conditional on working. Users of electricity lose about 10% of their
daily revenues on days of outages, and the coefficient is highly significant with a p-value of
0.016. There are zero average effects on non-users of the electricity. However, users’ market
profits are not affected. I suspect that this is partially driven by difficulty of measuring daily
profits which requires detailed record keeping, knowledge of profit margins for each item
sold and correctly accounting for expenses that are incurred weekly or monthly. However,
based on the profit margin reported at baseline 10% loss in revenue is about 4% loss in
profits. I do not see any significant effects on total income which includes both market and
non-market earnings.

Outages affect inventory purchases and, on days of outages users incur 12% less in
inventory expenses. This is not necessarily an intuitive result. Baseline data suggests that
20% of electricity users purchase inventory daily and 40% from 3 times/week to a week.
Thus, this effect is either solely driven by daily inventory purchases (20% of the sample)

or is a reflection of negative future business outlook if there is an outage in the market.
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In column 8, I examine the effects on electricity expenditures on that particular day. This
serves as a robustness check that the reported outages are not driven by non-payments of
electricity bills. I do not find evidence that the rest of the business outcomes are impacted
by outages.

In Table, 2.9 I examine the effects on non-business outcomes outcomes for the
full sample (Panel A) and users (Panel B)!Y. Since electricity outage may be a form of an
income shock, I am interested in understanding whether there are impacts on consumption,
savings, and transfers. For the users, I find a 5% increase in transfers received, suggesting
of effects of social networks on income smoothing. These are both household and non-
household transfers. In monetary terms, this is a very small increase representing 5% of the
0.43 USD on non-outage days. However, transfers are very infrequent and on 92% of the
days, there are no transfers received, so this result is driven by large and rare transfers®’. I
do not find any increases on expenditures for users, however, the effects on the whole sample
seems to suggest that the expenditures increase in response to outages. This is a surprising
result, as the income shock should have either zero or negative effect on expenditures.
In monetary terms, however, this increase represents 0.038%4.11=0.15 USD or 100 MWK.
This is not a very large increase in expenditures by Malawian standards and is equivalent
to approximately half of a soda drink bottle. It is possible, that as business slows down
during outage hours, business owners make small expenditures in the markets that would

have otherwise been avoided.

Q . .

19Since effects on the non-users are close to zero for business outcomes, the blackouts do not affect non-
business outcomes. The results are available upon request

20 Average value of transfers received is $4.9 USD, conditioning on receiving a transfer
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2.8 Causal Inference

The underlying assumption of this approach is that conditional on control vari-
ables, the assignment of outages is as good as random, uncorrelated with any market-level
characteristics and exogenous to the individual shops. I believe the assumption is satisfied
for the following reasons.

It is unlikely that market-specific characteristics are incorporated into decisions of
the power company which areas to shut off and when. These markets are smaller players
in the economy and the electricity company only considers actors that are larger such as
manufacturing plants. Furthermore, the process by which the company determines which
areas to shut off is not likely to be related to any characteristics of the areas themselves
(unless they avoid those areas completely). Specifically, on each day the company decides
the amount megawatts that needs to be off-loaded. Next, they select a combination of
areas that gives them the desired amount. Thus, the probability of each area being selected
depends on the total demand for power on a particular day and size in wattage of other
areas. This explains why the company does not always follow its own schedule posted in
advance, and they find it challenging to form correct predictions on daily demand for power.
If the total demand for power is smaller than predicted, load shedding will not be initiated;
if the demand for power is greater than anticipated, then more areas will experience black
outs.

Second, I do not believe that the majority of the reported outages were a result
of the planned effort by the electricity company. The company specifically reported that

Market 2 is never affected by load shedding since it’s located on the same feeder as the Water
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Company. Nevertheless, I observe numerous outages in the markets despite the company’s
protection of that feeder. This makes us believe that the majority of outages are caused by
unanticipated faults in the system, rather than by pre-constructed schedule.

Third, it is possible that overload on the system and the resulting blackout is
caused by market-level activities. For example, a greater number of customers using services
within a market may overload the fragile system and cause a market-level blackouts. In
this case, omitting customer volume in the markets would bias the coefficient because it’s
correlated with both outage instance and shop-level outcomes. On the other hand, customer
volumes may adjust in response to outages, so the direction of the causality is unclear. If
large number of customers is the culprit of outages, then estimates on the revenue losses
are lower bounds of the true estimates.

Fourth, the results would be difficult to give causal interpretation if the outages
are anticipated and the behavior of market vendors is adjusted prior to outages. The reports
suggest otherwise. Only 10% of the market vendors pay attention to schedules. Further, in
comparing the newspaper announcements with the list of actual outages from the electricity
company, 1 found that given an announcement on a particular day, the probability of a
company initiated outage is only 61%. Furthermore, the compliance to the timing of the
scheduled outage is also low with correlation coefficient of 0.16 between scheduled and actual
outage start time. Thus, the public announcements are not reliable and for the majority of
outages are not anticipated in advance.

Fifth, the areas across the city are not equivalent in the blackout exposure and

a few selected areas never experience outages for political reasons, such as areas where
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the parliament is located. It is, thus, possible that more successful businesses relocate to
places that are more conducive to business. However, this is unlikely to be a short-term
decision done within 2 months during the data collection and I did not follow businesses
if they moved out of the markets?!. This concern would more valid if the businesses were
followed in the long run. Lastly, the location of a business does not seem to be driven by
the viability of business and 79% of market vendors live within the same geographical area

(usually walking, short bus or a bike-taxi ride away)?2.

2.8.1 Estimation of P-values

In contexts where observations are not independent and are correlated within a
cluster, an appropriate adjustment needs to be made. It is an especially a concern in panel
data where individuals or group of individuals are tracked over time [29]. In the context
of this project, the appropriate cluster is a market since the outcomes are likely to be
correlated within market over time. However, due to a small number of markets in the
sample using the standard White correction is not appropriate since it produced standard
errors that are too large with 30 or fewer clusters ([44]). Thus, I follow the procedure
outlines in [44] to construct p-values using wild cluster percentile boostrap-t method, with
the null hypothesis imposed as it does especially well with the low number of clusters. The
distinguishing feature of this procedure is a random re-assignment of the sign of the error
term at the market level, which preserves market-level error structure while generating

psudo-samples. The estimating procedure for bootstraped p-values under the method is as

21 Attrition during the data collection period was not caused by a business moving to a different location
22However, the choice of residence in the long run is correlated with the wealth of that household
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follows. First, I estimate the main model, clustering at the desired level (market in this

(Boutage _BHO )

S€

case), forming an original t-statistic tstqt =
5outage

. Next, I impose the null hypothesis
on the coefficient of interest i.e. Hp : Boutage = 0, and form a residual from the restricted
estimation uE, where G is the number of clusters.

For 999 iterations, I repeat the following steps. Step (1): for each cluster G, I either

g* = w * ﬂg* or dg* = —w * ﬂg* The original approach recommends using weight

form 4
w = (1, —1), each with probability 1/2. Since the reassignment of the errors is done at the
cluster level, that means that there are at most 2 unique combinations, which produces 16
unique positive realizations for 5 clusters. By construction the pvalues cannot be smaller
than 0.0625, and if the main t-stat is smaller than any of the 16 values, the only conclusion
I can come up with is that the p-value is smaller than 0.0625. To increase continuity of
p-values, [129] proposes using 6 weights w = (—v/1.5, =1, —/0.5,v/1.5,v/1,1/0.5), and
[44] advise using expanded weights for Gj10 . Thus, all the pvalues presented in the paper
are calculated using the expansive weights.

In Step (2) I construct Yg* = X'BR + wx ﬂf*, where g = 1,...G. In other words,
the wild cluster bootstrap replaces Y, in each re-sample with either f/g* =X’ BR + w * ﬂf* or
Yg* = X’BR—w*aff*. Lastly, I calculate the percentage of times (out of 999) the boostrapped
t — wild is larger than the original ¢ — stat in absolute values i.e. we are estimating the
percentage of wild bootstrapped t-stats that are more extreme than the original one - which
is a p-value. This technique has a main advantages over other bootstrapping methods that

particularly suits the context with clustered error structure - it does not assume that errors

are independent across observations by preserving the original structure of the variance.
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The asymptotic validity and refinement were proven by [101] and extended to the clustered

setting by [44].

2.8.2 1Is there Evidence of Recall Bias?

The logbooks were given to the respondents to fill out every day, however, if the
compliance is poor and the respondents filled out the logbooks before meeting with the field
officer, the data quality may suffer from the recall bias. For the first month, the logbooks
were exchanged once a week, and during the second month the respondents were given
logbooks for 14 days to minimize field costs and inconvenience to the respondents. If the
compliance is not perfect, and the respondents only filled out logbooks on day 7 (for the first
month) and day 14 (for the second month), there should be systematic differences in reports
between days within a logbook. In table A.16, I present evidence of reports controlling for
days within the logbook. For weekly logbooks (Panel A), day 7 represents the last day
of the logbook; similarly, day 14 is the last day for bi-weekly logbooks (Panel B). All the
regressions include date fixed effects and errors are clustered at the individual level. If
there is clear non-compliance, I should see systematic differences between reports on last
days (7 for the first month and 14 for the second month)and other days. For most of the
outcomes in Panel, there no evidence that loghooks were filled out on day 7. For bi-weekly
logbooks (Panel B), there is limited evidence that logbooks were filled on day 14 for total
hours worked and revenues reported but there are is no consistent pattern across other days.

Therefore, I conclude that the compliance with filling out logbooks was acceptable.
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2.8.3 Robustness Checks and Data Limitations

While data collection with via self-filled loghbooks presents an opportunity to collect
high frequency data at lower costs, it is also a subject to potential measurement error
introduced by respondents coding the values themselves. The recording errors could come
from recording a wrong value (for example missing or adding an extra zero), recording
entries either on the wrong line and/or on the wrong date. Despite the extensive training
on how to correctly fill out the books, the respondents are more likely to make mistakes
than enumerators in a more traditional surveying setting.

The logbooks required significant time commitment from the business owners and
took on average 30-40 minutes a day to fill out. Although the majority of the market
vendors reported learning from keeping records and felt that they personally benefited from
the surveying process, data accuracy is still subject to diligence and neatness of an individual
respondent. The correct coding of outage times was especially important since it had to
be recorded on the correct date (and not day earlier or later). This is rarely a concern for
other estimation strategies that rely on average outcomes across groups and do not require
the same level accuracy.

There are several issues which I believe introduce measurement error to the treat-
ment variable (instances and times of outage times). First, due to space limitations in the
logbooks, I was not able to separately ask about instances of outages and different times for
outages. Instead, I only ask about 1 times of outage. If there was no outage, the respondent
was asked to put a dash - which indicated that the field was filled out. Thus, the construc-

tion of the binary variable heavily relies on any record being present. Second, it is possible

90



that the dates of outages were not always recorded correctly. For logistical considerations,
I exchanged logbooks with respondents on different days of the weeks and, thus, their own
individual logbooks started on different days i.e. for the majority of the respondents the
first entry did not correspond to a Monday but rather the day of the week in which they
meet with field officer for the logbook exchange. Given the fact that the respondent filled
out 10 pages of entries as a part of this data collection process, the days and dates may
have been confused. There is weak evidence of such misreporting as indicated in Figure
2.2. The graph reports the average number of self-reports on days of Company Outages
(centered at 0), days leading to the outage (negative values), and days following the outages
(positive values). If there was no misreporting of outage days, then I should expect to see
a spike at zero and relatively flat and similar values on days before and after the company
outage. However, there is a small increase in average number of reports after the day of
the company outage, which suggests of potential presence of the measurement error and
miscoding of days of outages.

Third, in our follow up study in Blantyre, which took place in 2017, I learned
that markets get hit with shorter outages several times per day instead of being exposed
to a single longer outage. This information was not recorded in the logbooks and makes
me believe that the coded start and end times of outages may reflect potentially different
outages experienced in the market throughout the day. For this reason, I do not think
that the obtained measure of duration of outage is informative. Nevertheless, I present the
results in Table 2.11 in the Appendix.

Fourth, I believe that there is under-reporting of outages in the markets since there
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are 23% of the days on which one 1 person recorded an outage, which is not possible given
that the majority of outages affect several shops within a market.

Given the above limitations, I examine the extent to which the estimate change
across various definitions of outages and specifications and present various robustness checks
in Table 2.10. The results are only presented for revenues as it is the main outcome of

interest??

, and for users of electricity since they are impacted by outages. In columns (1)-
(5) I present regression results with varying market-level definitions. In columns (1) and
(2) I present the regression results adopting Definition 1 as the regressor. In columns (3)
- (4), I present different specifications with the preferred Definition 2. In columns (2) and
(3), I exclude Sundays because it is usually a church day, and market vendors are less likely
to work and report an outage. In column (4) I exclude the days on which only 1 person
reported an outage since there is uncertainty as to whether this is a correct report and the
day should be classified as an outage or this is a mistake. Excluding those should eliminate
the some of the measurement error introduced by miss-classification. The largest effect
sizes are found using the definition least prone to measurement error (column 4), where the
control days are the days on which no one reported an outage and treatment days are days
on which at least 2 people reported an outage. In columns (6)-(9), I explore a transformer-
level definition, only relying on users’ reports of outages. Due to a very low number of users
located on some transformers, I use the percentage of users reporting an outage as a basis
for an outage definition. I explore the definitions in increments of 20, and assign an outage

to that particular transformer level if at least X% of users report an outage. There is only

1 day on which more than 60% of the users report an outage at the transformer level, so

23Results for other outcomes are available upon request
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I do not report results for 100 and 80%. There is general agreement in the estimates and
there are negative and significant effects across all estimations, the ranges vary from 5% to

16.8% of sales lost.

2.9 Discussion and Conclusion

I estimate short term effects of electricity outages on market vendors in Malawi.
First, I document the frequency of outages and discover that the market vendors experience
interruptions on at least half of the days. Second, only 31% of market vendors are electricity-
dependent business, which is a reflection of low demand for electrification. I conclude that
businesses that self-select into electricity-dependent occupations are less capital contrained
and are more permanent establishments than non-connected. Third, I estimate the effects
of outages on daily outcomes for the two sub-groups: users and non-users of electricity.
I find that users lose from 7.8%-15.8% in revenues on outage days. I find that the daily
income is not affected by market outages, which may be driven by measurement error in
profits. If I infer expected profit losses from profit margins calculated from baseline, then
decreases in revenues by 7.8%-15.8% correspond to 3.12% -6.32% losses in profit. Despite
the losses in sales, I do not see any evidence of negative effects on consumption and savings,
however, the results may be largely attenuated from measurement error in the independent
variable. I document very small increases in transfers suggesting of informal safety net
against income shocks. Due to likely presence of measurement error, I believe that these
are the lower bound effects. The presence of measurement error does not allow estimation

of the intensity of the treatment - duration of outages.
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The estimates presented are comparable to those presented in the literature. [39]
documents losses in household earnings of 7.8% and 14.2% of income loss for non-users and
users of electricity respectively. However, it is likely that household earnings are equivalent
to profits in their study. [79] document 11% to weekly profits due to power interruptions,
which I do not find. However, their sample is composed of larger firms, all connected to
electricity ranging in size between 0.38 and 1.13 (0.49 and 0.14 for users and non-users of
this study respectively). Thus, the differences in losses between the two studies may be
disproportionally larger for larger firms. Contrary to [79], I do not find any evidence of
changes in labor supply in response to outages. This may be explained by the uncertainty
of outage schedules, and if an outage hits the markets, it is unclear whether it will be short
lived. Thus, the business owners prefer to wait out the outage in the markets in case it

returns.
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2.10 Tables and Figures

Table 2.1: Sample Composition

Panel A: Business Composition at Census

Count Percentage

Raw Foods 156 16.17
Salon/cosmetics/barber /boutique 154 15.96
Prepared Food 90 9.33
Shoes/Clothes 87 9.02
Groceries 85 8.81
Raw Fish/Meat 74 7.67
Other Eatable Items 71 7.36
Tailoring 29 3.01
Other Non-eatable Items 28 2.9
Restaurant 19 1.97
Alcohol (not a bar) 13 1.35
Music/movie/game services 13 1.35
Various Other 146 15.1
965 100

Panel B: Classification of Businesses

Count Percentage

Food 390 40.41

Non-food 313 32.44

Services 262 27.15
965 100
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Table 2.2: Sample Selection and Attrition

Panel A: Census

Censused

Disqualified
Owner not present full time
Polygamous
Not literate

Qualified businesses

Panel B: Attrition for the Logbook Group
Attrition at Baseline

Completed

Refused

Attrition at Logbook Data Collection
Finished Logbooks

Refused prior to Logbooks

Refused during Logbooks, with partial complete
Disqualified

Moved Away/Other during LB

Number of Busineses in the dataset
Mean number of Day Records Present per Business

Median number of Day Records Present per Business

Counts Percentage

965
114 11.8%
53 5.5%
43 4.5%
753 78.0%
198 99.0%
2 1.0%
200

157 79.3%
11 5.6%
9 4.5%
15 7.6%
6 3.0%
198

164

50

55
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Table 2.3: Differences between Users and Non-Users: Baseline Data

(Part 1)
(1) (2) 3) (4)
All Users Non-users P-Value
Percentage in the sample (N=388) 100% 31% 69%
Panel A: Business Types
Selling Food Items 0.43 0.15 0.55 0.00
Selling non-Food Items 0.33 0.25 0.37 0.02
Services 0.24 0.61 0.09 0.00
Panel B: Demographics
Age 32.97 31.82 33.45 0.10
(8.88) (7.94) (9.22)
Education 9.88 10.39 9.67 0.03
(3.04) (3.00) (3.04)
Male 0.70 0.68 0.71 0.61
(0.46) (0.47) (0.45)
Panel C: Business Outcomes
Number of Employees 0.26 0.51 0.15 0.00
(0.67) (0.94) 0.00
Average Monthly Revenue 460.30 390.50 488.80 0.12
(564.00) (559.80) (564.30)
Average Monthly Profit 111.50 111.80 111.40 0.98
(124.00) (123.60) (124.40)
Average Profit Margin 0.36 0.45 0.32 0.00
(0.29) (0.36) (0.24)
Value of Inventory 251.60 380.90 200.30 0.00
(427.30) (544.40) (359.20)
Value of Tools and Equipment 125.00 222.60 86.38 0.00
(208.40) (256.50) (171.80)

Note: All values are in USD. Standard deviations of the means are in paranthesis. Pvalues

of the difference between the means are presented in column 4
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Table 2.4: Differences between Users and Non-Users: Baseline Data (Part 2)

(1) (2) (3) (4)
All Users Non-users P-Value
Panel D: Financial Access
Uses a Bank Account 0.417 0.496 0.384 0.04
(0.49) (0.50) (0.49)
Uses Mobile Money Account 0.256 0.372 0.266 0.04
(0.46) (0.49) (0.44)
Panel E: Financial Security
Total Value of Assets 773.1 1399 511.8 0.00
(1974.00) (3119.00) (1121.00)
Total Value of Livestock 88.25 71.88 95.08 0.57
(368.00) (326.10) (384.50)
Total Cash Savings 212.8 324.0 166.4 0.10
(846.90) (1491.00) (295.00)
Has a Secondary Earning Activity 0.27 0.39 0.23 0.001
(0.45) (0.49) (0.42)
Second Earning: Business 0.09 0.14 0.06 0.01
(0.28) (0.35) (0.24)
Second Earning: Average Monthly Income 56.16 99.96 37.94 0.01
(222.30) (343.00) (142.10)

Note: All values are in USD. Standard deviations of the means are in paranthesis. Pvalues of the

difference between the means are presented in column 4
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Table 2.5: Summary Statistics of the Self-Reported Effects of

Electricity
Mean  SD

A. Uses of Electricity

Daily Revenue 19.88 43.74
Daily Profit 399  6.35
Has Alt Energy Source 0.03  0.17
Knows about outage announcements 0.10 0.31
Business is affected by Electricity Outages 0.39 049

B. Effects of Outages for Those Affected
My business cannot function without electricity 0.32 0.47

A Part of my business depends on electricity 0.23 042
I lose customers 0.25 0.43
No business past dark 0.08 0.27
Loss of product 0.09 0.30
Daily Losses during Outages in USD 777 9.10
C. Customers

Number of Customers on Regular Days 32.94 4521
Number of Customers on Outage Days 18.39  32.06

D. Where do the lost sales go?

Customers buy from someone else in the market  0.12 0.32

Customers go to another market 0.35 0.48
Customers come back later 0.21 0.41
Customers don’t buy the good at all 0.33 0.47
E. Effects: Long Term

Invest in new Technology 0.19  0.39
I would do different business 0.19  0.39
Stay Opened Longer 0.25 0.44
Nothing 0.40 0.49
Observations 164
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Figure 2.1: Outage Instances per Market using Definition 2
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Figure 2.2: Number of Reports of outages in markets around the company outage
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Table 2.8: Effects of Outages on Business Outcomes

(1) (2) ®3) (4) (5) (6) (7 (8)

Business Outcomes Business Expenditures
Labor Supply
Today Logged Logged  Logged Logged Logged Logged
=1if Total Market Market Total Inventory  Electr. Total
Worked  Hours Revenues  Profits  Income Exp Exp Exp
Panel A: Full Sample
Outage -0.003 -0.013 -0.027* 0 -0.014 -0.045 0.004 -0.018
(0.839)  (0.871) (0.081) (1.000)  (0.522) (0.447) (0.530)  (0.717)
Observations 8,232 6,987 7,332 6,705 6,762 7,838 7,325 7,596
Control Mean 0.92 11.47 19.61 5.82 6.58 9.21 0.15 11.19
Panel B: Users
Outage 0.021 -0.166 -0.1%* -0.019 -0.048 -0.128%* -0.005 -0.087
(0.326)  (0.411) (0.016) (0.664)  (0.219) (0.075) (0.786)  (0.207)
Observations 2,613 2,203 2,316 2,024 2,036 2,478 2,317 2,419
Control Mean 0.89 11.40 14.53 5.94 6.91 6.94 0.38 8.61
Panel C: Non-Users
Outage -0.014 0.046 -0.003 0.002 -0.006 -0.014 0.006 0.005
(0.446)  (0.720) (0.900) (0.945)  (0.855) (0.826) (0.287)  (0.938)
Observations 5,619 4,784 5,016 4,681 4,726 5,360 5,008 5,177
Control Mean 0.93 11.50 21.78 5.76 6.44 10.20 0.06 12.31

Note: Independent variable is a binary indicator of whether there was an outage on a particular day. Dependent
variables are: (1) Binary Indicator of whether a vendor worked today (2) Total Work Hours windsorized at
5% (3) Logged Marked Revenues conditional on working (4)Logged Market Profits conditional on working
(5) Lodgged Total Income conditional on working (6) Logged Inventory Expenditures (7) Logged Electricity
Payments (8) Logged Total Business Expenditures. All regressions includes individual and date fixed effects.

Pvalues from t-wild bootstapped method are in parenthesis.
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Table 2.9: Effects of Outages Non-Business Outcome

(1) 2) ®3) (4) (5) (6)

Personal Expenditures Savings Transfers

Logged Logged

Food Total Logged Logged Logged Logged
Exp Exp Deposits ~ Withdrawals Received Given
Panel A: Full Sample
Outage 0.009 0.038** 0.016 -0.011 0.013** 0.009
(0.460) (0.033) (0.394) (0.287) (0.039) (0.258)
Observations 8,232 8,232 8,232 8,232 8,232 8,232
R-squared 0.59 0.51 0.59 0.16 0.24 0.46
Control Mean 1.96 4.11 0.68 0.16 0.44 0.94

Panel B: Users

Outage 0.03 0.078 0.017 -0.027 0.058%** 0.001
(0.141) (0.157) (0.310) (0.562) (0.002) (0.973)
Observations 2,613 2,613 2,613 2,613 2,613 2,613
R-squared 0.58 0.53 0.55 0.16 0.34 0.47
Control Mean 1.79 4.25 0.70 0.30 0.43 0.91

Note: Independent variable is a binary indicator of whether there was an outage on a particular
day. Dependent variables are: (1) Logged Food Expenditures, (2) Logged Total Expenditures,
(3) Logged Deposit Volumes (4) Logged Withdrawal Volumes (5) Logged Total Transfers Re-
ceived (6)Logged Total Transfers. All regressions includes individual, date fixed effects. Pvalues

from t-wild bootstapped method are in parenthesis.
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Table 2.11: Effects of Outage Duration on Business Outcomes

Business Outcomes Business Expenditures

(1) (2) ®3) 4) (5) (6)
Logged

Total Market Market Total Inventory Business
Hours  Revenue Profits Income Exp Exp

Panel A: Full Sample

Outage -0.012%  -0.002* 0 0 -0.005 0
(0.082)  (0.081)  (0.938) (0.883)  (0.328) (0.333)
Observations 8,232 6,987 7,332 6,705 6,762 7,838
R-squared 0.232 0.650 0.728  0.552 0.547 0.589
Control Mean ~ 0.916  11.470  19.610  5.815 6.576 9.211

Panel B: Users

Outage 20.021  -0.005 0.008  0.006 -0.015 -0.004

(0.430)  (0.210)  (0.225) (0.327)  (0.102) (0.355)
Observations 2,613 2,203 2,316 2,024 2,036 2,478
R-squared 0.226 0.635 0.669  0.497 0.498 0.607
Control Mean ~ 0.894  11.400  14.530  5.943 6.908 6.943

Note: Independent variable is a binary indicator of whether there was an outage on
a particular day. Dependent variables are: (1) Total Work Hours windsorized at
5% (2) Logged Marked Revenues conditional on working (3)Logged Market Prof-
its conditional on working (4) Lodgged Total Income conditional on working (5)
Logged Inventory Expenditures (6) Logged Total Expenditures. All regressions in-
clude individual and date fixed effects. Pvalues from t-wild bootstapped method

are in parenthesis.
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Chapter 3

Labeling and Liquidity: Evidence
from a Savings Experiment in

Urban Malawi

3.1 Introduction

A challenge in personal finance is deciding how to divide savings across multiple
savings goals. People are often simultaneously saving for large indivisible investments which
take many periods to save up for (such as buying land or paying for educational expenses)
while also holding smaller balances for day-to-day expenses or for dealing with unforeseen
emergencies. While in theory, an entirely rational economic decision-maker should be able
to effectively save for multiple purposes in a single savings vehicle, a large literature in

behavioral and development economics suggests that many people in the real world may
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find this challenging. Among other reasons, this may be because people overconsume due
to time inconsistency, because people lose sight of far-off goals, because saving is not always
salient in their minds, or because people face demands on their cash from family and
kinship networks (see [18], [61], [62], [85]; [117]) . Against this backdrop, savings might be
increased by setting up multiple labeled savings accounts, for example one account labeled
for the large investment and another for day-to-day expenses. Seminal work by Richard
Thaler [126] and many other authors on mental accounting shows how this may work once
money is deposited into a labeled savings account, its fungibility for other uses decreases
as the saver incurs a psychological cost for withdrawing money for another, non-earmarked
purpose. Thus, even without any hard penalties for withdrawing, holding mental accounts
can serve as a “soft” commitment device.!

We conducted a field experiment with a representative sample of 801 micro-
entrepreneurs in the city of Blantyre in Malawi. Treatment groups were given one of two
types of savings vehicles: (1) mobile money accounts offered by the telcom company Airtel
Malawi, one of the two dominant telcoms in Malawi; or (2) simple metal lockboxes similar to
those used in previous recent studies.? The mobile money accounts were identical to those

commercially available, with one key difference: withdrawal fees were waived.? In total,

there were four distinct treatment arms: one box, multiple boxes (in which the respondents

'Relatedly, the literature on cash transfers shows that the mere act of labeling an unconditional cash
transfer while doling it out to the recipient might be enough to activate a mental account and induce spending
on the labeled purpose (see [23], [25])

“These include [15], [61], [60], [71] and [81], among others.

3As discussed in more detail later, withdrawal fees are substantial. Though they depend on the size of
the transaction, the average fee is equivalent to about 5%. Please note that the withdrawal fees could not
technically be waived as Airtel was not actually set up to do this. The fees were instead reimbursed to the
mobile money account at the end of each week by our field staff via mass deposits back to the mobile money
account for all withdrawal fees incurred during the the past week.
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were offered up to 3 lockboxes), one mobile money account and 2 mobile money accounts.
4 To examine effects, we utilize three main data sources: (1) detailed high-frequency phone
surveys with a random subset of respondents, (2) less frequent monitoring surveys (also
done over the phone) with all respondents, and (3) transaction-level administrative data
from the telco for the mobile money sample for the duration of the study and an unan-
nounced, in-person box check with the lockbox sample at about 4 months after the study
began. In order to collect the phone-surveys as well as to facilitate the mobile money treat-
ment, we distributed basic dual-sim cellphones to our entire sample at the outset of the
study.

We have four main sets of results. First, take-up of both the lockbox and the mobile
money accounts was high. Within the first 4 months of account opening (or accepting a box),
nearly all the respondents used a box and 65% of mobile money users had used the account
at least once. In 10 months of account opening, the usage of mobile money grew to over 70%.
Amounts deposited were high: cumulative deposits after 4 months were $170 and $50 for
the lockbox and mobile money groups respectively.? However, usage of the second mobile
money accounts was inconsequential and only 6% of those offered a second account made
at least 1 deposit, likely because using the second mobile money account required people to
navigate to a second sim card in the phone,® which was likely not straightforward for many

users, and they may either have chosen to not do so or made mistakes while navigating. For

4The two multiple accounts treatments differ in the number of accounts offered because more than 2
mobile money accounts could not be accessed without physically removing the sim card, which we believed
to be impractical.

5The measurement comes from the self-reported data of deposits during the lockbox check and adminis-
trative records from the telco company for mobile money users.

SAirtel did not have the backend to provide two mobile money accounts on a single sim, therefore, we
provided dual sim phones to all respondents with a separate mobile money account linked to each sim.
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this reason, we pool the mobile money account groups. These are substantial given that
average income is about $20 per week. We find a total increase in savings of about 20% in
the single box group, a 44% in the multiple box group, and about half this big (11%) in the
mobile money group (though only the savings in the multiple box groups are statistically
significant from zero)”.

Third, we find a number of downstream effects of the accounts. We find that re-
spondents in treatment groups worked less in their primary occupation (i.e. small business)?,
and worked more on their farms or in secondary occupations. Treatment respondents gave
out more credit to customers (the result is driven by respondents with access to a lockbox
only). Households given saving accounts changed their spending patterns as well: house-
holds spent more money on holidays and were more likely to buy productive assets like land
(although, as would be expected, land purchases are rare) and we find some evidence that
they increased their spending on education (likely driven by school supplies). Treatment
respondents were more likely to give transfers but no less likely to receive them, suggesting
positive social spillovers to other households?. Interestingly, we find similar effects for the
box and mobile money even though, as discussed above, treatment effects in the mobile
money account was smaller and in fact total savings are indistinguishable from zero. We
note that in a mental accounting framework, there can be downstream effects even if money
is simply being shuffled from one account to another, since this shuffling will activate mental

accounts and thus induce different spending patterns.

"This measurement comes from the monitoring surveys

8This result is primarily driven by mobile money and single box holders. While we do not see the
probability of working decreasing for multiple box holders, we suspect that it’s driven by idiosyncratic factors
and other business indicators (such as revenues and profits) show more consistency across coefficients.

9However, we cannot rule out that this effect is not driven by airtime compensation and random payouts
during the surveying periods.
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Finally, we find no evidence of adverse effects of the accounts. We find that
treatment households were no less likely to fully treat health shocks and the accounts were
used during the weeks on which a respondent or a household member were sick. We do not
find increases in medical expenditures or total withdrawals from all saving places, suggesting
that there were no significant improvements in treatment of illnesses or improved ability to
deal with shocks. However, we find some descriptive evidence that people do indeed report
hesitating to withdraw from their accounts for shocks, but this effect appears to have been
offset by the overall increase in savings.

Our study also generates several other important ancillary results. We find the
mobile money treatment increased mobile money usage, despite the fact that these accounts
were already commercially available (aside from the waiving of the withdrawal fees). To
our knowledge, this is the first RCT of a mobile money savings account this is because
mobile money takes off so rapidly once it is introduced that there is only a narrow window
in which it is possible to evaluate its effects since any random assignment will likely get
contaminated by individuals adopting mobile money on their own. For instance, in the
case of [83] document that within 4 years of the launch of M-Pesa, nearly 70% of Kenya’s
adult population had adopted it. Our experiment also allows us to benchmark the effect
of mobile money against lockboxes. This is of significant value as there is keen policy
interest in deepening the penetration of mobile money, especially for making government
transfers digitally, but the benefits (and costs) of digital money are not fully understood.
Interestingly, all measures show stronger effects of the boxes than mobile money: deposits

are 2-3 times higher, and boxes have about twice the effect on total savings than does
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mobile money. We find evidence that the difference in usage is due to transactions costs
we sought participants’ views regarding the downsides of mobile money in a qualitative
module that was administered as part of our endline survey, where nearly 50% reported
network issues which did not allow them to use the service, 47% reported facing challenges
in withdrawing and depositing cash from/into their accounts due to liquidity constraints
faced by mobile money agents, and 12% reported distance from the agent as key downsides
(multiple responses were allowed). Administrative data on usage also shows that users
located farther away from mobile money agents are less likely to use the service.

Our paper is related to several strands of literature. First, our paper is a con-
tribution to a voluminous recent literature examining the effects of providing people with
essentially “vanilla” savings products (as opposed to more sophisticated products such as
commitment accounts).'® Our paper is differentiated first in that we are able to conduct an
RCT with mobile money rather than more traditional brick-and-mortar banks, and second
by the simple fact that usage of the products was extremely high and thus that we are
powered to look at downstream effects.!!

Our ability to look at downstream effects is also bolstered by the detailed high
frequency data collection exercise that lends us with three distinct advantages over the
current literature: a large number of downstream outcomes, many observations over several
weeks of data collection, and high frequency of surveying that led to better recall and low
measurement error. This is of great importance in the context of savings as individuals have

many different purposes for saving and withdrawing money, and therefore, a diverse set of

19 Among others, see [15], [61], [62], [42], [38], [108], [116], [60], [59)]

1A handful of previous studies have found statistically significant effects on downstream outcomes such
as business investment ([61], health investment [62], labor supply [42], and self-reported financial well-being
[86], [108]
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outcomes can potentially be impacted through a savings intervention.'? This can however,
prove to be a disadvantage in a study setting since impacts may get diffused over the many
purposes for which savings get used, rendering treatment effects undetectable. Our high
frequency data collection exercise was cognizant of this, enabling us to provide evidence on
a large number of outcomes. Most notably, we are able to look at labor supply and the
spillover effects of savings accounts on individuals’ risk-sharing networks, in addition to the
standard set of outcomes for savings studies, i.e., savings, expenses, and income.

On the risk-sharing side, an emerging literature in financial inclusion has consid-
ered the implications for informal risk-sharing, finding mixed evidence. On the one hand,
[99] and [56] show that greater financial access can enable within-person inter-temporal
pooling of risk through savings, thus crowding out spatial risk-pooling across people. In
contrast, [13], [91], [60], and [49] show that there may be positive spillovers through a
sharing of gains.

In addition to precautionary savings that allow inter-temporal consumption smooth-
ing, savings accounts may also bring about labor supply responses by allowing individuals
to either adjust their labor supply to the prevailing wage rate (i.e, work more when the
wage is high ),!3 or by delinking a day’s labor supply with that day’s cash needs by mak-
ing it possible to save up instead.'* For instance, [42] show evidence from Sri Lanka that
when households were given access to a deposit collection service, they responded to the

improved savings opportunities by working more. Moreover, in the absence of financial

12For instance, in the setting of our current project, at least 10 different savings goals were reported across
our 800 respondents at baseline (see Web Appendix Table A.20 for details).

13[57]) show that when individuals face borrowing constraints, labor supply only insufficiently responds
to changes in wage rate.

lGee [63] for evidence that people adjust labor supply on the intensive and extensive margins on days
when they have unanticipated as well as anticipated cash needs.
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instruments, household labor supply decisions of very poor households may be subject to a
subsistence constraint. Indeed, [69] show that alleviating rural Zambian farmers’ liquidity
constraints during the hungry season enabled them to reduce off-farm agricultural labor
and work more on their family farm instead. Owur findings are similar: savings accounts
enable entrepreneurs to cut back on hours in their primary business and reallocate labor
supply to another occupation, including farming.

Our paper was designed as a comprehensive examination of the costs and benefits
of limiting liquidity. It is well understood that limiting liquidity with hard commitment
devices may have negative consequences either by reducing access to funds in times of un-
foreseen need, or simply by reducing flexibility, and not allowing for mistakes or for bad
realizations of future states of the world.'® Despite these clearly apparent costs, the litera-
ture has found a robust demand for commitment which gets manifested as a willingness to
pay non-trivial sums of money for the tying of one’s hands (for instance, see [87] for evi-
dence on data-entry workers choosing dominated piece-rate contracts and [46] for evidence
on Kenyan dairy farmers accepting lower prices for the option of getting paid infrequently,
enabling saving up for lumpy expenses). However, there may also be other downsides of
commitment, which are not internalized at the time of making the commitment, for example
in terms of saving at very low rates via expensive microcredit loans [22], defaulting partway
through a loan contract [71], setting too hard penalties for missing savings goals [84], or
signing up for overly ambitious contractual obligations with a high penalty for default (see

[53] for gym membership contracts and [31] for early withdrawals from retirement savings

5These costs are well-recognized by individuals: in [61] and [85], strict earmarking of funds for a specific
purpose reduced take-up.
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accounts). Such concerns are also potentially relevant even for softer commitment such as
we study here, and to our knowledge there is no work on this topic.

Finally, we are one of the first RCTs about mobile money, which can only be
done in country with modest mobile money penetration. Mobile money has been such a
success that studying it in an RCT is challenging, since there is only a short window before
adoption is near universal. Thus, the best known studies of mobile money in Kenya are
based on the rollout of mobile money by the telcom company ([83], [123], [122]). Other
more recent studies of mobile money savings accounts in countries with high penetration
(namely Kenya) understandably show modest first stages since baseline adoption is already
high. Malawi is a unique opportunity to study mobile money at a point in which adoption
is far from universal but in which modest interventions (such as waiving withdrawal fees
and promoting the product) can induce added uptake. In parallel, we also contribute to
an emerging literature on the impacts of mobile money in developing countries. Much of
this literature has focused on transfers or payments through mobile money ([6], [33]), and
has found positive treatment effects as mobile money reduces transaction costs relative to
physical cash disbursals. In contrast, we focus on savings via mobile money, which has
several attractive features such as security (relative to cash) and convenience (relative to
visiting a bank branch that may be far away). The transaction costs and quality of service,
on the other hand, deter frequent usage, and the savings behavior induced by the simple

lockboxes is not mirrored with the mobile money accounts.
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3.2 Experimental Design and Data

3.2.1 Context and sampling

The study took place in a representative sample of small entrepreneurs operating
in Blantyre, the second largest city in Malawi. While Blantyre is an urban center with a
population just over 1 million people, the outskirts of the city contain farmland. Blantyre
contains 26 wards and 392 enumeration areas (EAs). To construct a sample with coverage
across the city, we sought to randomly select three enumeration areas in each ward, ulti-
mately selecting 77 EAs.'® Within the selected EAs, we aimed to census all small businesses
(defined as any business other than a warehouse, wholesale store or supermarket); however,
in some areas with high densities of business this was logistically impossible. Therefore,
in EAs with more than 100 businesses, we conducted census surveys with only approxi-
mately 40% of businesses (chosen randomly). We did, however, count the total number of
businesses, which allows us to recover sampling weights.

We counted all businesses in these areas, other than gas stations, clinics, hospitals,
banks or microfinance institutions and manufacturing plants. In total, we counted 9,848
businesses and classified 8,078 (82.1%) of these as small businesses.!” We randomly selected
3,854 of these businesses for the full census interview. Of these, 346 (8.9%) were permanently
closed and 51 (1.3%) were not found after 3 visits. Out of 3,457 reached businesses, 3,139
(90.8%) were willing to engage in the initial conversation with our field team, 63 (1.8%)
were not interviewed because either owners were under 18 years old or on all 3 visits, the

business was being minded by a person (shop-keeper) less than 18 years in age. Out of

'0One ward had only 1 EA.
" Two of the 77 EAs contained no small businesses. One was an industrial area and the other was farmland.
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these 3,076 businesses that were reached, 2,842 (92.39%) were willing to participate in the
census interview.

After the census, we randomly selected a study sample, subject to several exclusion
criteria. We excluded (i) businesses with more than 2 employees, not including the owner
(5.5% of the sample); (ii) businesses in which the owner was not actively involved in running
operations (where actively involved was defined as working there at least 5 days per week)
and thus could not answer business-related questions (9%), and (iii) businesses that were
planning to shut down within 6 months, i.e., before the project was slated to end (2.1%).
In addition, we excluded (iv) businesses in which the owner reported being polygamous
(5%) ; (v) businesses that operated as mobile money agents (2.57%); and (vi) businesses in
which the owner reported to be illiterate (14.9%) or whose eyesight prevented them from
reading a printed page (9% of the sub-sample which was randomly selected for a baseline
interview).!'® In total, 31.3% of businesses were excluded, leaving 1,953 eligible businesses.
Of these, 98.9% (1,937) consented to the census

We randomly sampled businesses for inclusion in the study, stratified by finan-
cial access (defined by either having a mobile money or a bank account) and self-reported
distance to the nearest Airtel mobile money agent (defined as above or below the sample
median). We oversampled businesses connected to the electricity grid: while 26% of eligible
businesses were connected to the grid, we sampled 35%.!” Businesses thus sampled were
enrolled for a baseline survey. At this survey, vision and literacy was re-checked and respon-

dents who could not read or write (6.3%) or could not see small text (9%) were not eligible

18This last criterion was applied because we had originally planned to collect data via printed logbooks.
As discussed later, however we ultimately switched to high frequency phone surveys.

19This decision was made to improve the power of the related paper, [35], which utilizes some of the data
in this experiment to calculate the effect of power outages on business outcomes.
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to continue . The remaining respondents were asked to enroll in the study and consent to
further surveys. Those who refused were replaced by randomly selected backups. In total,

90% of businesses consented to participate. The baseline sample includes 801 businesses.

3.2.2 Experimental design

The experimental design is summarized in Figure A.10 and the timeline of project
activities is shown in Figure A.11. As discussed below, the experiment involved a design in

which access to savings products and the frequency of surveying were cross-cut.

Savings products

We offered two types of savings products: metal lockboxes and mobile money
accounts offered via the telecom company Airtel. The lockboxes are very similar to those
offered in [63] and subsequent projects. These were metal boxes with a deposit slit in the
top, and a latch that could be locked. The boxes were produced by a local artisan and cost
about $3.4 (at wholesale prices). Respondents were also given a lock and key, worth about
$1. These boxes were not commercially available in Malawi at the time. While a sizeable
minority of people (22%) had lockboxes at baseline, these were anecdotally more primitive
wooden or carton boxes that often had to be broken to be opened, or did not have a lock
at all. The project boxes were widely seen as superior, with almost universal takeup rate.
Finally, as in [63], respondents were given a passbook to record withdrawals and deposits,
and so that they could track the balance without having to open the box.

The mobile money accounts were nearly identical to accounts which were already

widely commercially available from Airtel Malawi, with one key difference: we reimbursed
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all withdrawal fees for the duration of the project, making withdrawals effectively free for
respondents. While these fees are typically not enormous, they can still be an important
deterrent, especially if people are not sophisticated about their usage. There is a fixed fee
for withdrawals in different monetary ranges (see Web Appendix Table A.19 for the schedule
of withdrawal fees). If a respondent makes the maximum allowable withdrawal within a
range, the average fee is around 4%; however, if a respondent were to mistakenly withdraw
at the bottom of a range, the fee can be as high as 10% (and potentially higher for the lowest
range). For our sample, the average fee charged is about 5% of the transaction amount.
An important logistical note in interpreting effects is that it was not logistically possible to
waive these fees directly; instead, a research assistant received the set of transactions at the
end of the week and reimbursed respondents. Finally, though these accounts were already
available, we found in initial work that knowledge of mobile money was somewhat limited.
We thus developed modules to train people in how to use the accounts. This module, along
with surveys, can be found on the authors’ websites.

Finally, during baseline, we asked all respondents about their savings goals. At
the time of treatment administration and account opening (which was about 2 months after
baseline), those in the treatment groups were encouraged to use the project account to save
towards their savings goal. Specifically, we asked respondents to write their savings goal on
a piece of paper. In the case of the box group, this piece of paper glued to the lid inside
of their project boxes. Summary statistics of goals are reported in Web Appendix Table
A.20. Columns 1-4 show goals elicited at baseline for the various treatment groups, while

the remaining columns show goals elicited at account opening (note that people could pick
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more than one goal for the account). Consistent with prior work, at baseline we see a wide
variety of goals in the control group, 65% want to invest in a business, 56% want to save up
for emergencies, 47% want to save up for regular household expenses, 42% want to save up
for the hungry season, and 27% want to save up for durable goods (with smaller percentages
on other items). We observe no difference in baseline goals across treatment groups (with
the one exception of durables as a goal, which is less common in the mobile money group).

Turning to the project accounts, the percentage of people saving for each goal is
lower than in the baseline due to the fact that at baseline we asked about goals across
all places that a respondent uses for saving. In the single box group, the biggest goals
were investing in business (26%), buying land (25%), education for children (12%) and
emergencies (11%). We examine whether these differ between the other treatment groups.
Our prior here is that the multiple box group will have more goals but that the mobile
money and single box will likely be similar. The pattern of goals looks very similar to this
prediction people with multiple boxes are much more likely to mention nearly all of these
goals, suggesting that people with a single box chose to set only one goal while those with

more than one box set several.

Number of savings accounts

One of the key features of the project is measuring the effect of an incremental
account. To this end, we split each of the savings groups (lockboxes and mobile money)
into subgroups. In the lockbox treatment, a single lockbox group was only offered one box,
while in the multiple lockbox group respondents were offered to receive up to 3 lockboxes.

To differentiate the boxes, they were painted different colors (the first was silver, the second
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if any was black, and the third if any was brown). For the mobile money treatment arms,
respondents in a single Mobile money group were offered only 1 account, while those in
multiple account group received were given a choice to get up to 2 Mobile Money accounts
with Airtel. These accounts were separate mobile money accounts with a separate sim card
and associated phone number due to the fact that the current product does not offer several
mobile money accounts within a single phone number. To encourage people to use these
with minimal hassle, the respondents were provided a dual-sim phone, discussed below. As
with the boxes, the mobile money accounts were labeled as silver or black. In the case of
both mobile money as well as boxes, respondents were encouraged to save for their different

savings goals in different accounts.

Cell phones

Of course, a cell phone is needed to utilize mobile money. While the vast majority
of respondents (94%) already had cell phones, we did not want the lack of a phone to be
a deterrent for using mobile money accounts. In addition, anecdotes suggested that some
people had outdated or poorly functioning phones that did not work well. Thus, the full
sample received a simple phone, including the control groups. The phones were simple
feature phones, worth about $12 in Malawi. These phones did, however, allow the inclusion
of 2 sim cards, which is important for the multiple mobile money account treatment arm.
Though the phones were initially given out to avoid a confound, we used the cell phones to
conduct most of the follow-up surveys since the cost of reaching respondents via phone was

much lower.
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Survey Frequency

We are interested in measuring the effect of savings products on daily economic
outcomes. However, in the absence of objective administrative data such as barcode scans
to measure sales, the only way to measure these outcomes is through surveys (in fact, most
businesses do not keep records). Moreover, for some of the outcomes that we were interested
in tracking for this study, such as cash management, labor supply, and coping with shocks,
these surveys need to be administered at a high frequency to get around measurement error
introduced by imperfect recall.2 Therefore, we developed a phone-based survey which we
administered once or twice per week during 2 post-treatment periods. We call this survey
the high-frequency phone survey, or HFPS. The survey, which we discuss in more detail
below, is similar to the logbooks used in [61] and includes a battery of questions about
personal finance and business outcomes.

It is possible that the survey itself is a treatment, for example by making certain
business decisions more salient.?2! To test this hypothesis, we randomly split the sample
into two groups: one administered the HFPS and the other not. To measure the effect
of surveying at high frequency, we administered two monitoring surveys. These surveys
included some of the same questions as the HFPS, but also included a number of other one-
time only questions. A detailed analysis of the HFPS can be found in the companion paper
[4], which finds that the HFPS had effects on several outcomes (likely through focusing

attention on those outcomes) but that the effect of the HFPS was not additive and had

20Tn a field experiment set in Ghana, [80] find that individuals who were surveyed more frequently report
working more in self-employment, suggesting better recall.

2'For instance, in the context of a field experiment on water chlorination based in Kenya,[133] show that
the subset of treatment households that was subject to more frequent surveying was more likely to chlorinate
their water.
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limited impact on estimated treatment effect. For the purposes of this paper, we focus
on the results from the HFPS, but use the monitoring survey as a validation of the main
results. Since we find no substantial effect of the monitoring in our companion work, we
prefer the HFPS results for many of the outcomes, since they are better powered due to

expanded time coverage and are more reliable with reduced recall bias.

3.2.3 Data

We utilize 6 main sources of data in this study. First, the census has a limited set
of information, including distance to the nearest mobile money agent. Second, the baseline
survey contains a host of questions on business outcomes, savings and cash flows, as well as
detailed questions about household and demographic characteristics.

Our two main sources of data to measure treatment effects are the high-frequency
phone surveys (hence HFPS) and two monitoring surveys. As discussed above, the entire
sample was administered the monitoring surveys whereas only half of the sample (randomly
selected, stratified by treatment) was administered two HFPS’s.

The HFPS was intended to measure business outcomes, labor supply, household
expenditures, transfers, savings, credit, shocks and related outcomes at the daily level.
The HFPS was conducted in two waves: the first wave was in September-October 2017,
approximately 1-2 months after account opening, while the second wave was in February-
March 2018. Wave 1 lasted for 8 weeks while Wave 2 lasted for 6 weeks. In Wave 1,
respondents were called twice per week, with the 2 calls being 3-4 days apart. In one of the
weekly interviews, the respondent was administered a “short” survey which asked about

business outcomes over the past 3 days (day by day). The survey took about 15 minutes to
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complete. The other “long” call included all the questions in the short call, but also added
a recall module over other outcomes that were expected to be rarer or more memorable and
thus could be remembered over a week. These included shocks such as household illness and
funerals, deposits to savings groups, and transfers given and received. The long survey also
included questions about expenditures over the past 7 days. The long survey took about
40 minutes on average.

Respondents were randomized into which days they were to be called; however,
once the day of the week was selected, it was kept the same throughout the project (so
that respondents could plan on the call at a specific time and day).?? Respondents were
able to pick the time of day when they wished to be called. To encourage compliance,
respondents were given US $2 for each week of the survey and were enrolled into a lottery
in which there was a 1/4 chance of winning an additional US $3. Airtime was sent directly
to the respondents’ phones after each phone call was completed.?? If the respondent was
not reached on the original day of the phone call after 3 attempts, a make-up call would
be scheduled for the following day in order to reconstruct the lost days. Due to difficulty
of recalling information with longer recall periods, only up to 4 recall days were asked at
every phone call and some days were lost as a result.

We conducted two monitoring surveys, after each round of the HFPS (in January
2018 and in March 2018). These surveys took approximately 75 minutes to complete, and
included a host of questions similar or identical to the HFPS, though over a longer recall

period for some outcomes. The surveys also included a number of other questions, such as

220ut of 400 respondents, only 2 respondents asked to be called on different days and the rest complied
with the original day assignment.

23Respondents were enrolled in the lottery even if they were not reached for a specific call, but they did
not receive the US $2 payment
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questions about self-reported financial security and regret spending. In addition, the second
monitoring survey (the endline survey) included some debriefing questions about people’s
attitudes and experience with the savings products (including upsides and downsides of
using mobile money), pressures to share money and experiences with the surveys themselves.

We measure usage of mobile money through administrative data shared by the
mobile money operator Airtel. This dataset includes all deposits, withdrawals, transfers
received and sent, as well as other uses of mobile money. For the lockbox, we measure
usage through a “lockbox check” visit which occurred in December 2017. During this visit
we asked a number of questions about usage of the boxes, including the total number and
value of deposits and withdrawals since July 2017. Following [62], the one verifiable outcome
we could collect was the balance in the box at the time of the visit.2* We show a regression
of the amount in the box on self-reported deposits in Web Appendix Table A.23 (column
1), which shows a coefficient very close to 1 (1.05). We take this as suggestive evidence that
self-reporting of box usage was accurate.

The final survey we utilize is a short intake survey, which was administered at
the time of account opening. This survey included many of the questions that would later
constitute the HFPS, recalled over the previous 3 days. These pre-treatment values are used
as controls to improve power of the main regressions [37], so that our baseline specifications

are always ANCOVA.

24Geventy-nine percent of respondents who we interviewed were willing and able to open at least one of
the boxes Of the remaining 21%, 5.4% could not open the box because they did not have the key with them,
9.4% refused to open the box or travel home to show the box to the field officer, 2.4% didn’t have access to
the boxes at box checks, 3.3% respondents with boxes were not checked because the respondent could not
travel home with the field officer on the day of the survey.
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3.2.4 Attrition

Attrition for the different surveys is shown in Table A.21. Columns 1-4 show
attrition during the HFPS, with the odd columns showing whether a respondent appears
at least once and the even columns showing the percentage of calls that were successfully
completed. In round 1, 98.8% of respondents completed at least one survey and 88.8% of
calls were made; in round 2, this fell 83.8% and 73.5, respectively.?®> While not unexpected,
lower compliance in round 2 points to the problem of conducting phone surveys in general.
We do not find any differences in attrition across groups, however, the coefficients on the
treatment indicators are not significant for any of the surveys. The only statistically signifi-
cant coeflicient is for an indicator for the HFPS sample in round 1: HFPS respondents were
6.5% less likely to complete a survey. However, in round 2, there is no difference between

the HFPS and non-HFPS samples.

3.2.5 Summary statistics and randomization check

Summary statistics and a check of randomization balance are presented in Table
3.1 (from the baseline survey) and Web Appendix Table A.22 (from the intake survey).
From Table 3.1 Panel A, 46% of the sample is male and the average business owner is 34
years old and has 9 years of education. Ninety-three percent of respondents have an iron
roof on their homes and the average value of assets owned by respondents’ households is
$861. Sixty-eight percent of the businesses are in retail, with the remainder predominantly

in services, which includes occupations such as barbershops, tailoring, and welding. These

2In round 1, 1.25% of respondents were reached but refused to do the survey; in round 2, this figure
6%. The remaining attriting households were not reached, which could be because people changed numbers,
moved, or because they were screening our phone calls.
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businesses are very small: average weekly profits are about $18 per week and the average
firm has only $154 in inventory.

Panel C shows statistics on savings. Average savings across all sources was $143
at baseline. This was split across multiple locations for the average respondent: the average
respondent has 2.5 savings places. The most predominant saving place is keeping cash
at home, with 82% of respondents, suggesting that despite access to more formal income
sources in an urban environment (such as banks), transactional costs are a major deterrent
to usage. Saving groups (VSLAs and ROSCAs) are used by 52% of the business owners,
and 30% use mobile money accounts explicitly for saving 26 . Twenty-nine percent of the
sample have access to a bank account and 22% save in saving boxes.. Note that sizeable
minorities of the sample already save in mobile money and lockboxes, raising the question
as to whether our interventions are likely to be effective. As we will show, however, both
interventions have a high takeup of both products and show persistent usage throughout
the duration of the project. This suggests that the offer products are of superior quality
and there may be limited access to information on mobile money which prevents higher
adoption rates.Nevertheless, it is important to keep in mind that our experiment consists
of providing savings vehicles that are not completely new products.

In columns 2-8, we present regression coeflicients from bivariate regressions of
dependent variables on an indicator of each treatment arm for the full sample. In columns
6-8, the regressions are replicated for HFPS groups only, where each coefficient represents

the effect of being in a particular treatment group relative to the HFPS control group.

26Usage of mobile money account for any purposes defined as having own account or using someone else’s
is 62%, while about half of the respondents have their own mobile money account at baseline.
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Reassuringly, we find minimal differences between the groups in the full and the HF sample,
with a very few characteristics displaying imbalance by chance. For this reason, all the
regression specifications include baseline characteristics We further supplement the balance
check with the intake survey data to verify that the groups are similar on measures taken
at higher frequency, with the results displayed in Web Appendix Table A.22. While there
are some categories that do not perfectly balance between the treatment and control groups
(there are different deposits into home savings, boxes and mobile money across groups
and treatment groups are less likely to receive non-spousal transfers), the majority of the
characteristics suggest comparability. In order to ensure that the treatment effects are not
driven by the differences recorded pre-treatment, the HF regression analysis includes the

intake survey measures.

3.3 Take-up

3.3.1 Pooled take-up of lockboxes and mobile money

We start by documenting take-up. Figure A.10 shows a CDF of deposits into
lockboxes (measured from surveys at the “lockbox check” visit in early December) and the
mobile money accounts (measured from administrative data). For comparability between
the accounts, Figure A.10 focuses only on deposits made until the month of the lockbox
check (December 2017). In Table 3.3, we show summary statistics and the difference be-
tween the usage of the accounts through December 2017 (columns 1 through 3). We observe
substantial usage of both products: nearly everybody took the product or opened an ac-

count, and 97% and 65% of respondents made at least one deposit before December 2017
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in the box and mobile money groups, respectively. The total savings measured by the cu-
mulative value of deposits was sizeable in both groups: mean deposits were $130 in the box
groups and $44 for the mobile money groups, quite substantial given baseline daily income
of about $3-4 per day. The products appear to be used differently: the average respondent
made 65 deposits into their box, compared to only about 6 in mobile money. This is not
surprising since the predominant saving methods is keeping cash at home, and it seems
natural that the box becomes a substitute to home savings. In addition, saving at home
has zero transactional costs in contrast to making deposits at mobile money agents, which
are 11 minutes of travel time away for an average business owners. In addition, there is
a risk of a network failure at the time of the transaction and agents holding inadequate
balance to process deposits, which may discourage making a trip to a nearby agent.

Since box deposits are self-reported whereas mobile money transactions are from
administrative records, it is useful to compare a verifiable measure of usage — the balances
in boxes in December 2017 (i.e. at the date of visit in the lockbox group). We observe
that 53% of box respondents had a non-zero balance?”. While balance is a measure which
misses a lot of activity (since the whole point of savings is to withdraw once goals have been
reached), we view this data as generally supportive of the notion that the box group used
the accounts.

In general, usage of both products in this study was substantially higher than in
previous studies, where usage typically features a large number of non-users with a few

heavy users.?® One exception to the norm of low take-up in basic savings access studies is

2"The corresponding figure is not yet available for the Mobile Money group because we are in progress of
obtaining additional data from Airtel.
28Gee [108] and [63] for a compilation of take-up rates in previous work.

129



[108], where the product provided was the only option available to respondents in Nepalese
slums. Thus the high take-up we observe may be an artifact of the limited financial access
in Malawi, though it’s also likely that mobile money and lockboxes are simply more ap-
pealing than other saving tools.?? In fact, endline qualitative-type questions about saving
constraints suggest that the treatment groups are 8-10 percentage points less likely to be
deterred from accumulating money because of theft, compared to 14% in the control groups,
evidently indicating that the offered products they were superior. Thus even in contempo-
rary urban Malawi, basic questions of security are relevant impediments to savings. The
most dominant reason for having trouble saving is not having enough extra cash (46%) and

excessive spending on personal expenses (38%), 3°

3.3.2 Usage of multiple accounts

The key test of the effect of multiple accounts is to examine whether usage was
increased with the introduction of multiple accounts or not. This is shown in Table 3.4 in

which we run the following regression for measures of takeup U; separately for lockbox and

20ne of the sites in [63] is in the Liwonde area in Southern Malawi. Only 41% of people used those
accounts in the 2 years after account opening, and only 25% used the accounts at least twice. While there
are important differences in the samples between studies which preclude direct comparisons as to reasons
for differential take-up, is it nevertheless true that higher usage in the current study provides more power
for identifying downstream effects.

39An important difference with some of the previous work in this space is that many of our respondents
already had access to the products in question (lockboxes and mobile money accounts). We examine usage
among those who had accounts at baseline and those who didn’t in Web Appendix Figure A.13 and Web
Appendix Table A.24. Among box respondents, we find minimal differences in usage between those who
had boxes at baseline and those who didn’t, suggesting that the boxes we provided were a better product
than the previous boxes (which indeed they seemed to be). For mobile money, however, usage was clearly
higher among those who already had accounts, which may be for several reasons, including (1) the waiving
of withdrawal fees, which may encourage people to use mobile money more than they had before or to shift
money into project accounts (though this is not the only explanation since total mobile money savings went
up); (2) the training about how accounts worked; or (3) the implicit goal-setting. Nevertheless, we still
observe substantial usage even among people with no experience with mobile money previously.
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mobile money.

U; = 01 Multiple Account; + X; + €; (3.1)

where X; include a variety of baseline characteristics: standard demographic in-
dicators, several measures of baseline wealth and other correlates identified in prior work
as possible constraints on saving, including inter-household pressures on sharing income
(we also are in the process of adding in baseline time preferences). Results are shown in
Table 3.4 and in Figure A.10, which shows a CDF of deposits into the 2 accounts. For both
treatments, we observe effects of multiple accounts though the effects are stronger for the
box. Since takeup of the box(es) was universal, there is no margin to improve take-up on
the extensive margin. However, on the intensive margin, we observe $32 higher deposits for
those given multiple boxes (23% of the baseline mean in the single box group). For mobile
money, by contrast, the effect is entirely on the intensive margin. In contrast to our prior,
groups with multiple mobile money accounts were less likely to use the the product at all.
While we do not have a clear explanation of the reason for this result, we speculate that
having 2 sim cards may have been confusing for new users which may have caused frustra-
tion with trying the account at all. Due to low takeup of multiple mobile money accounts
(only 6% of those offered multiple mobile money accounts used it at least once), we pool
the multiple and single mobile money groups when presenting the results, and, thus, the
effects of mental accounting largerly rely on radnomization within the lockbox groups.

Table 3.5 examines how people decided to split money between multiple accounts,
for boxes (in columns 1 through 4) and in mobile money accounts (in columns 5 through 8). .

Columns 1 and 5 show mean usage for the group offered 1 box and 1 mobile money account,
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while the remaining Columns show usage for those offered multiple accounts. Columns 2
and 6 show usage in the most-used (“dominant”) account, and Columns 3 and 7 show
usage in the non-dominant accounts (Columns 4 and 8 show the difference between the
accounts). While people in the single box group save $151 in their only box, people in the
multiple box save somewhat less ($132, i.e. 13% less) in the dominant box. They also save
another 1/3 as much in their other boxes ($47), which accounts for the overall increase in
savings observed above. We also observe that the average number of deposits for multiple
box holders is evenly split between the two groups, while for the median respondent, the
usage of dominant boxes is similar to single box holders and the total number of deposits
is higher due to having access to another account. The results are not mirrored in the
mobile money groups. About 60% of respondents made at least 1 deposit into their first
account, and only 6% have used the second account at all. Other measures of usage (values
of deposits/number of deposits and withdrawals) also suggest that having 2 accounts with
the same telecom company was not useful to the users and the second account as largerly

neglected.!

3.3.3 Other determinants of take-up

Table 3.4 also shows other correlates of take-up, in addition to the indicator of
having multiple accounts. As in many previous studies, we find that wealthier people save
more: log assets and years of education (likely correlated with income) are correlated with

higher savings. As in [62] people who are taxed by social networks (i.e. who give money but

31 Anecdotes suggest that respondents preferred having mobile money accounts from two different compa-
nies as opposed to 2 accounts within the same company.
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do not receive at baseline) also save more. Lastly, women save less in boxes. Interestingly,
we see no negative correlation between having a savings box at baseline and savings in the
box, suggesting that the boxes were improved technology. Correlates of mobile money are
less clear-cut. People with bank accounts and mobile money accounts at baseline save more,
whereas though with savings boxes at baseline save less (perhaps because people who save
in savings boxes are negatively selected). A final interesting finding is that people save less
if they live farther away from a mobile money agent, which could indicate that transactions

costs are a deterrent (though there may be other factors correlated with distance).3?

3.4 Level treatment effects on outcomes from surveys

3.4.1 Specification

For both the HFPS and monitoring surveys, we utilize two main specifications.

First, we pool the multiple and single accounts treatment and run the following:
Yist = O0MM; + 05LB; + 8X; + YLi + ps + €5t (3.2)

where Y4 is an outcome for individual ¢ at time t in strata s, ps is a strata fixed
effect, X; are individual controls including a baseline measure of the outcome variable (thus
making the specification into an ANCOVA), and L, are lottery airtime winnings. Second,
we separately look at the effect of single and multiple accounts, which we estimate in a

similar specification:

Yist = a1 MM; + asLB} + oy LB™ + BX; 4 pis + €t (3.3)

32This result is similar to [59] who find a negative gradient between distance and usage.
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where M M; is a dummy for being offered a mobile money account, LB} is a dummy for
being offered 1 lockbox, and LB is a dummy for being offered multiple lockboxes. We
pool mobile money based on the prior evidence that suggests no difference in outcomes
between single and multiple mobile money accounts. In both specifications, standard errors

are clustered at the individual level. All regressions are weighted by population weights.

3.4.2 Treatment effect on savings

In discussion of the treatment effects we focus on results derived from the high
frequency surveys since they are superior in measurement of the outcomes to the monitoring
checks, however, the monitoring checks are presented as supporting evidence for results
found in HF surveys. Effects on savings from HF surveys are presented in Table 3.6.
Columns 1 and 2 show a first stage in which the dependent variable is using any box or
a mobile money. We find big effects for each treatment: the box treatment increased the
probability of making a deposit by about 35-36 percentage points while the analogous figure
for mobile money was 37 percentage points. This alone is an interesting result: due to the
still limited penetration of mobile money in Malawi, we were able to significantly increase
usage through this simple experiment. To our knowledge, this is the first-ever RCT of
mobile money — since an RCT is only possible in a narrow window when mobile money
is not yet prevalent. Other papers like [83] and [123] are instead differences in differences
based on the rollout of the program.

Turning to the other columns in Table 3.6, we look at deposits into the savings
product offered in the study (i.e. lockboxes or mobile money). For both groups, we observe

a substitution effect from other saving sources into offered product accounts. For the lock-
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boxes, we observe a $5 and $11 treatment effect on lockbox saving for single and multiple
box holders, respectively. However, usage of home savings and other boxes for the lockbox
treatment groups decreases by $3.5-3.8 and about $2. Consequently, the overall treatment
effect on deposits is negative (but statically indistinguishable from zero) for single group
holders, but positive for multiple box holders. For mobile money, the effects are very similar
but more muted. Deposits into mobile money go up by $2.5 but is fully crowded out by
other forms of savings. While we observe a much larger savings effect in the multiple box
group, we do not make too much of this given that the single box groups do not display the
same patterns.

One reason that effects may be muted is that many deposits might occur outside
the high frequency surveying window. Table A.24 shows effects on deposits over the past 2
months measured by the 2 monitoring surveys and while the pattern of crowd-out is similar,
here we find positive effect on total saving for single box group ($23) and a statistically
significant effects of $49, on the base of $110. Similarly, mobile money shows a large

treatment effect ($19) but it is not significant.3?

3.4.3 Treatment effects on business outcomes and labor supply

Table 3.7 shows effects on labor supply and business outcomes from HF surveys.
Interestingly, we find that treatment respondents worked less in their primary business

after receiving accounts: treatment respondents worked 4.8-6.5 percentage points less, on

33Effects on withdrawals are shown in Web Appendix Table A.25 and on balances in Web Appendix Table
?? (available in the monitoring check only). Results appear broadly similar.Reasons for withdrawal are in
Web Appendix Table A.33. The most common types of withdrawals were for business expenses, general
consumption or bills, emergencies or school fees. We observed significant effects on several but not all of
these outcomes (notably we find no effect on business outcomes). Consistent with previous evidence, we
observe higher withdrawals of all types for the multiple box group.
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a base of 83% in the control group. While the effects are driven by one box and mobile
money groups only, we attribute the lack of results in multiple box group to noise since
(1) it is unlikely that having 1 or more than 1 account induced opposite responses in labor
supply and (2) other business indicators (profits and revenues) exibit negative responses in
multiple box groups, which is in line with the single box group. Effects are similar in the
monitoring survey (Table A.23) though not significant. Respondent appear to switch to
farming and other occupations instead: though only 6% of control group respondents did
any farming, this increased by 2-8 percentage points in the treatment group. We also observe
some switching to secondary occupations, though this is only significant for mobile money
respondents in the monitoring survey. On the whole, these labor supply results are very
similar to [69] who find that providing hungry season loans to farmers reduces casual off-
farm labor and increases labor at home, implying that households work off farm to generate
enough cash to meet daily expenses. Similarly, our results imply that entrepreneurs would
prefer to work less in their primary business and some would prefer to work more on farms
and in other occupations. This implies that entrepreneurial activity is partly designed to

meet daily subsistence needs and if anything people work too much.

3.4.4 Treatment effects on expenditures

Table 3.8 shows effects on various expenditure categories. We observe a sizeable
increase in total expenditures for the box group ($3-4 on a control mean of $26, i.e. 15%).
This is driven by an increase across a number of different categories. Though most are in-
significant, we find statistically significant increases in education for children and in “other

expenses.” The results for other categories are confirmed in Table A.25 where we use the
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monitoring survey data. The educational results are not mirrored during the monitoring
checks. We attribute this finding to either a recall bias (and difficulty recalling aggregate
educational expenses for longer time periods) or the results found in high frequency sur-
veys are driven by smaller educational expenses which are harder to detect with questions
spanning a larger recall period.

Table 3.9 shows several categories of rare spending that we only measured in the
monitoring surveys, including holiday spending, farm inputs, durable goods, and buying
and renting land. We find statistically significant increases for several of these, suggesting
that the products were helpful for saving for these goals. Treatment respondents spend more
on holidays, and are more likely to buy or rent land. In addition, box respondents spend

more on farm inputs, consistent with previous results on increases in farming activities.

3.4.5 Treatment effects on loans and transfers

Table 3.10 shows spillover effects on risk-sharing partners. We find that treatment
respondents were more likely to give out transfers but no less likely to receive them, suggest-
ing positive spillovers on untreated individuals (a result consistent with [60]). We find no
effect on transfers to the spouse. Monitoring Survey results shows less compelling evidence,
with no effect on transfers outside the household and a decrease in transfers received from
the spouse. The difference in the results may be driven by the different in the recall period.
During the HF survey, the respondents were asked to report transfers in the past week,
in contrast, during the Monitoring check the transfers were recorded for the past month,
which is subject to larger measurement error. We are unable to rule out that the transfers

during the HF surveys resulted from the survey compensation during since the HF groups
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are not likely to give out transfers during the non-HF periods.

3.5 Measuring Liquidity Costs via Responsiveness to Shocks

3.5.1 Specification

A primary contribution of this paper is to use the high frequency surveys to ex-
amine the ability of treatment households to respond to shocks. As discussed previously,
effects could go either way. For instance, having access to savings instruments, and there-
fore, greater savings, may increase resilience. On the other hand, mental accounting may
make people less likely to withdraw money from accounts in response to shocks.>* To

examine this we will run a fixed effects specification as follows:
Yist = m1Sit +v2MM; * Sit +v3LBi * Sit + ALit + @i + s + €ist (3.4)

where Y4 are outcomes including whether an illness is treated immediately, health
and other spending, and labor supply and Sj; is a health shock (including own or household
illness),p; are individual level fixed effects. 3> We will test whether whether 7o and ~3 are
equal to 0.

As previously, we will separately examine effects for multiple and single accounts

as follows:

Yist = 015 + 02Ss * MM} + 0355 % LB} + 04Sis x LB™ + XLi; + ¢ + pus + €55t (3.5)

34There is also the possibility that having access to savings instruments may make people less likely to
fall sick in the first place, for instance, by improving the likelihood of using preventive medicine. We check
for this in Web Appendix Table A.34, and find no difference in the likelihood of being sick by treatment.

35We have a limited number of other shocks in our dataset but many of these are underpowered because
they are rare (i.e. funerals) or don’t affect many people (i.e. electricity outages — see Brailovskaya 2018).
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and we test whether 6> and 03 are equal to 0.

3.5.2 Results

Results are shown in Table 3.11 for household illness (Panel A) and own illness
(Panel B). Columns 1 and 2 show indicators for whether, conditional on being sick, the
illness was treated immediately and fully. In the control, 95% of illnesses were treated
immediately while 74% were treated fully (the difference may be attributable to people
treating an illness that should require seeing a doctor with medicine from a pharmacy). We
do not find any evidence that this was smaller in the treatment groups, in fact, treatment
groups in with mobile money and multiple box accounts were more likely to treat the
illness fully. In contrast, we observe no effect on medical expenses — while all households
increase medical expenses (and other expenses, perhaps to make up for lost purchases of
the sick member), we do not observe any difference between the treatment groups and
control. Columns 8-12 show effects on withdrawals. We find that treatment respondents do
withdraw money from project accounts, whereas control respondents withdraw from home,
so that total withdrawals are not differential across treatment groups. Thus if there are

liquidity costs of withdrawing money, these are modest for events like health shocks.

3.6 Discussion and Conclusion

In this paper, we examine possible positive and negative effects of mental account-
ing. We show that people actively use labeled lockboxes and mobile money accounts and

that encouraging the activation of additional mental accounts increases total savings. In
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contrast to much of the prior savings literature, we find effects on a number of downstream
outcomes, including labor supply, certain types of expenditures, and transfers outside the
household. However, we find no negative effect on risk-coping. Why is this? One possibility
is that there is no liquidity cost and the accounts are indistinguishable from home savings.
However, when asked directly in debriefing questions at the end of the final survey, we find
that 57% of people ever decided not to take money out of the box because the box was
intended for a specific purpose, while 30% reported not being willing to take money out of
the box to deal with a health emergency. It may be then that the accounts discouraged more
”frivolous” spending, but that liquidity was not reduced for more important emergencies
like the health shocks we study. It remains a question for future research to document what
types of spending are reduced from the provision of savings accounts.

Another important result we find is that the seemingly more primitive technology
of lockboxes were used much more than mobile money. Why is this? In qualitative debriefing
interviews, we identified several likely explanations, including higher transactions costs,
limited liquidity, and trust. We asked study respondents about the downside of using
mobile money, which we tabulate in Web Appendix Table A.35. While 25-30% of people
list no downsides, when prompted, 46% of respondents report that the network is often
down, 35% report that agents don’t have enough cash to make withdrawals, 15% report
that agents are too far away, 14% report that agents don’t have enough balance to make
deposits, 13% report that they don’t trust the agents, and 10% report that the system is too
complicated. We also observe that usage of mobile money was lower for people living farther

away from the agent (Table 3.3). While there are other differences between people that live
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closer to agents and people who live farther, this result is also suggestive of transaction
costs being a deterrent.

Nevertheless, we do find compelling evidence that mobile money affected many
outcomes compared to control, which serves in contrast to other papers including a previous
study in Malawi [59]. This is promising since banking in the future is likely going to be
in some form of digital platform. Already the number of mobile money agents is orders
of magnitude higher than traditional bank branches, and this will only increase over time.
A Gates Foundation initiative to map financial service providers in Kenya, Tanzania, and
Uganda found 65,569, 45,429, and 41,794 mobile money agents respectively, compared to
just 1,254, 579, and 477 bank branches.?¢ Mobile money will likely be the vehicle through

which developed countries close the gap in financial inclusion with the developed world.37

36See www.fspmaps.com.

3T According to the 2017 FINDEX, only 63% of adults in developing countries have a bank account com-
pared to 94% in OECD countries [54]. The statistics are similar for enterprises: according to [120], only
about 65% of the MSMEs in non-OECD countries had a deposit account in 2010.
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3.7 Tables and Figures

Table 3.1: Summary Statistics and Randomization Check (Part 1)

(1) (2) (3) (4) (5) (6) (7) (®)
Full Sample HFPS sample only
Regression Coefficient for: Regression Coefficient for:
Control One Multiple Mobile Control One Multiple Mobile
Mean Box Boxes Money Mean Box Boxes Money

Panel A. Demographic information and asset ownership

Age 34.36 2.168 1.008 2.310** 33.58 2.707 2.800%* 2.934*
(10.16) (1.39) (1.41) (1.07) (9.27) (1.78) (1.69) (1.55)
Married 0.81 -0.09 -0.08 -0.083* 0.79 -0.13 -0.06 -0.07
(0.06) (0.07) (0.05) (0.09) (0.08) (0.07)
Male 0.46 0.04 0.091 0.014 0.56 -0.07 -0.017 -0.095
(0.08) (0.09) (0.07) (0.11) (0.10) (0.09)
Household Farms 0.71 -0.004 -0.021 0.048 0.69 -0.072 0.099 0.045
(0.07) (0.09) (0.06) (0.11) (0.09) (0.08)
Years of Education 9.02 -0.033 0.102 -0.228 9.09 -0.187 0.033 -0.281
(2.85) (0.40) (0.41) (0.35) (3.01) (0.65) (0.60) (0.53)
Land Owned (Acres) 0.65 0.04 -0.029 0.084 0.58 0.258 0.016 0.294
(1.18) (0.19) (0.16) (0.16) (0.93) (0.29) (0.18) (0.24)
Value of Assets 861.30 -174.302 -7.707 -7.913 960.00 -164.555 182.549 21.111
and Livestock (1502.00)  (154.07)  (194.08)  (154.28) (1576.00)  (152.08)  (291.72)  (171.91)
House has iron roof 0.93 0.021 0.019 -0.013 0.93 0.023 0.028* -0.042
(0.01) (0.01) (0.02) (0.02) (0.02) (0.03)
Uses Own Mobile 0.55 0.045 0.179** 0.066 0.53 0.117 0.156 0.114
Money Account (0.08) (0.08) (0.07) (0.10) (0.10) (0.09)
Owns a cell phone 0.94 0.01 -0.088 -0.027 0.93 0.005 -0.041 0.017
(0.02) (0.06) (0.03) (0.04) (0.05) (0.04)
Distance to closest mobile 11.35 -0.083 -1.211 -0.764 9.84 0.976 1.204 2.033
money agent (minutes) (14.21) (1.43) (1.27) (1.16) (1.88) (1.61) (1.62)
Pavel B: Business
=1 if Retail 0.68 0.008 -0.045 0.058 0.66 -0.016 0.083 0.057
(0.07) (0.09) (0.06) (0.10) (0.08) (0.08)
Average Weekly Revenue 65.96 5.051 -8.272 -4.967 66.51 -3.872 12.067 -1.163
(98.79) (13.89) (12.81) (12.22) (106.80) (12.70) (14.26) (12.13)
Average Weekly Profit 18.67 0.562 -0.536 -0.008 17.80 0.144 3.008 1.288
(23.15) (2.94) (3.05) (2.56) (23.24) (2.59) (3.07) (2.21)
Current Inventory Value 154.00 12.299 -10.3 -57.713 107.90 84.437 120.464 14.338
(362.20) (54.43) (57.99) (45.02) (219.60) (56.50) (75.35) (27.46)
Value of Equipment 101.10 -1.043 49.065 17.398 121.90 -15.912 43.975 18.559
(206.60) (19.38) (31.72) (20.07) (240.60) (21.93) (42.93) (26.27)

Note: Means are population weighted. Randomization check is performed only for businesses that appear in the analysis sample
(i.e. completed a monitoring survey or at least one phone survey). There are 761 observations. Monetary values are winsorized

at 1% and expressed in USD.
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Table 3.2: Summary Statistics and Randomization Check (Part 2)

&) ©) ©) 4) (5) 6) ) (8)
Full Sample HFPS sample only
Regression Coefficient for: Regression Coefficient for:
Control One Multiple Mobile Control One Multiple Mobile
Mean Box Boxes Money Mean Box Boxes Money
Pavel C: Savings
Number of savings places 2.54 0.07 0.008 -0.004 2.54 0.105 -0.067 -0.033
(1.17) (0.17) (0.16) (0.15) (1.19) (0.24) (0.24) (0.21)
Total Cash Savings 143.10 -7.264 -15.098 -5.293 164.30 7.845 19.001 9.11
(400.90) (28.80) (28.99) (26.42) (529.00) (31.65) (39.03) (30.48)
=1 if has separate savings 0.65 -0.009 0.024 -0.042 0.60 0.028 0.074 -0.014
places for different purposes (0.07) (0.08) (0.06) (0.10) (0.09) (0.08)
Saves in:
Mobile money 0.31 0.029 0.112 0.052 0.31 -0.014 0.022 0.043
(0.06) (0.08) (0.06) (0.08) (0.09) (0.08)
Bank account 0.29 0.025 0.11 0.021 0.31 0.048 0.083 0.034
(0.07) (0.08) (0.06) (0.09) (0.09) (0.07)
VSLA / ROSCA 0.52 0.044 -0.054 -0.015 0.49 0.095 -0.005 -0.001
(0.07) (0.09) (0.07) (0.11) (0.10) (0.09)
Secret place at home 0.82 -0.032 0.026 0.01 0.80 0.01 -0.024 0.033
(0.06) (0.06) (0.05) (0.09) (0.09) (0.07)
Savings box 0.22 0.008 -0.093* -0.046 0.29 -0.076 -0.154* -0.137*
(0.06) (0.05) (0.05) (0.09) (0.08) (0.08)

Note: Note: Means are population weighted. Randomization check is performed only for businesses that appear in the analy-
sis sample (i.e. completed a monitoring survey or at least one phone survey). There are 761 observations. Monetary values

are winsorized at 1% and expressed in USD.
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Table 3.3: Take-up of project accounts

(1) 2 3)
Take-up by December 2017

Difference
Mobile between
Boxes Money (1) and (2)
Opened account / accepted box 0.99 0.99
Opened more than 1 account if offered 0.76 0.29
Panel A. Take-up by December 20171
Ever used account 0.97 0.65 0.32%**
(0.03)
Made at least 2 deposits 0.95 0.53 0.43%**
(0.03)
Total value of deposits 130.73 44.74 85.98***
(149.29) (73.57) (9.60)
[78.57] [10.00]
Number of deposits 65.41 5.75 59.66***
(91.09) (9.31) (5.13)
[40.00] [2.00]
Total value of withdrawals 96.71 44.53 52.17***
(127.50) (76.10) (8.65)
[50.00] [7.43]
Number of withdrawals 11.38 5.38 6.00%**
(27.83) (8.84) (1.66)
[3.00] [2.00]
Had a non-zero balance 0.53 - -
Balance 13.77 - -
(25.74) - -
[1.43] - -
Observations 241 320

Note: Figures come from administrative data from telecom company for mobile
money accounts, and from in-person visits for the lockbox (which occurred in
December 2017). Means are presented, with standard deviations in parentheses
and medians in square brackets. All monetary values are expressed in USD and

winsorized at 5% level. 1Figures only available from mobile money group.
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Table 3.4: Determinants of Account Usage

(1) (2) 3) (4)
Mobile money Boxes
Used Total deposits Used Total deposits
account (USD) account (USD)
Multiple accounts -0.10%* 10.44 0.01 31.94*
(0.05) (15.64) (0.02) (18.19)
Other Covariates
Female 0.02 29.32 -0.05 -81.84%*
(0.11) (34.36) (0.05) (40.15)
Married 0.00 13.23 -0.04 -48.10
(0.09) (29.58) (0.04) (34.19)
Female * married 0.04 -38.69 0.07 45.83
(0.13) (40.43) (0.06) (44.78)
Age (tens of years) 0.00 -16.11* 0.01 10.35
(0.03) (8.95) (0.01) (10.61)
Years of education 0.02 -1.89 0.00 7.42%
(0.01) (3.29) (0.01) (3.78)
Has kids under 18 0.1 39.61 0.02 21.78
(0.09) (27.39) (0.04) (32.82)
Distance to nearest agent (hours) -0.17 -67.85* -0.05%* 10.21
(0.11) (35.35) (0.03) (22.56)
Had savings box at baseline 0.03 -42.94* -0.04 -1.89
(0.07) (22.03) (0.03) (25.72)
Had bank account at baseline -0.01 33.79% 0.03 25.4
(0.06) (19.47) (0.03) (22.86)
Had mobile money account 0.19%** 48.15%** -0.02 36.43*
at baseline (0.05) (16.39) (0.02) (19.13)
Inverse hyperbolic sine of 0.02 7.06 0.00 5.11
baseline monetary savings (0.01) (4.54) (0.01) (5.62)
Log assets -0.01 0.75 0.00 13.63%*
(0.02) (5.28) (0.01) (5.79)
?Taxed” (i.e. gives money but does 0.02 -9.46 0.05%* 51.04%*
not receive) (0.05) (16.54) (0.03) (19.99)
Observations 317 317 238 238
Mean of dependent variable 0.79 87.78 0.97 112.20
SD of dependent variable 0.41 122.80 0.18 135.40

Note: Figures come from administrative data from telecom company for mobile money accounts,
and from in-person visits for the lockbox (which occurred in December 2017). Monetary values
are winsorized at 5%. Standard errors in parentheses. *, ** and *** indicate significance at

10%, 5%, and 1% respectively.

145



‘Aloa1poedsar T pue ‘0/¢ ‘94T e 90URIYIUSIS 9)RIIPUL 4 .. PUR ‘L, ¢, ¢ UWN[O)) Ul sesoyjuared

Ul SIOLIO PIepuelS 'sjosdelq arenbs Ul sueIpaw pue sasayfjuared Ul SUOIIRIADD pIepue)s YIM ‘g-T suwnjo)) ur pajussaid are suedy “(L10g I0qUo09(]

ySnoay) oSesn) vyep [RUOIJORSURI) SAIJRIJSIUTWUPR PUR (LT0g 19QUE9(] Ul PIIINIIO UYDIYM) XOQID0[ 93 I0J SIISIA uosiod-Ul WOI] oW0d SaINSI] 270N

091 091 LIT 811
[00°0] [00°0] [00°0] [00°0] [gz'1] [LT7]
(29'9) (gz'29) (ezz9)  (00°99) (91°2) (08°2) (65°09) (80°L¥)
ez'9 110 110 ¥1'9- v1'g- v9'e 08'91 ¥6'1C
[00°0] [00°T] [oo°2] [00°T] [00°¢] [00°€]
(g6'0) (gzz) (02°8) (zz'8) (vze) (6L°9T) (697T) (12°18)
¥0'1- Lv°0 €97 99°g 09°¢- 8.9 189 L6
[00°0] [evc] (68°2T] [76°9] (2917 [L9°T¥]
(08'6) (g6°6T) (ge'e6)  (¥9°18) (69°€2) (L8ceT) (6¥7'661)  (cz¥¥1)
€y'g- oF'e TLEY cr'6¥ 7'el e 68 ¥'901 €076
[00°0] [00°T] [00°€] [0g7T1] [00°cg] [00°0¢]
(zo'1) (88°1) (19°6) (g2°8) (¥9°01) (9z°6%) (96'¢8)  (zz'601)
(¢8'0) 8€°0 vI'g 66 #%CL T~ L07€ 96°'8¢ 8219
[00°0] [19°¢] [L571] [e8°GT] [0g°z9] [0g°z9]
(L8°6) (11°2T) (90'16)  (2¥°98) (06°2¥) (eg9e1) (92°0z2)  (¥1°80%)
g€~ 67T 0r'sy 876V 08'ST- 98'9¥ 09°2ET 0% IGT
90°0 090 1L°0 99°0 00'T 00'T
(9) pue (g) ININ NN NN T (¢) pue (1) soxoq x0q x0q T
PEEIUETe] Ia1)0 JURUIWOP  POILfjo [ EEVUETe] I91)0 JuRUIWOP paiago
2ouLIaPI(] Jo o3es) jo o8es) dnoir) 20URISPI(T Jo a8es Jo a8es( dnoin)
S3UNOodde 2I0W IO N mu@.H@‘mO QSOHU w@KOQ 2J0W I0 N —U@,meo QJO.HU
ASUOIN S[IqOIN soxog
(8) (L) (9) (¢) 2 (2) (@) (1)

suorjeAIssq

Qouereg

S[emeIpY M

Jo ToquunN

S[eMeIPYIIM

Jo anyea Te)0],

syisodep

Jo ToquunN

syisodep
Jo onfea 1ej0],

JUNOd2dOe pasn JI2AH

Suruado junosoe 19Je syjuou § (sdnoiry odinjy) syUN020Yy ASUOJN S[IOJ\ PUR soX0g JO a3es() :G'¢ d[qR],

146



‘S[re1op 10J X9} 99s - AoAIns

ayequr oY) SuLnp s[qerres juopusdap o1} JO URSW YY) SPN[OUI SUOISSAISAI [[Y "% 1@ pozLosuim pue ‘Koaims ayj 0} Iotid sfep , oY) IoA0 painseawr are sysodo sederd

sSuIA®S SNOAUR[[EISIW ISYJ0 PUB ‘syyueq ‘SYDSOY ‘SYTISA Ul sSuraes apnpour sSuraes 1oy30) A[uo dnoid juswjeary ajerrdordde o1} 10J SUOIJRIASD PIERPUR)S PUR SURSUI

aIe INq SHUSIOYJO0D UOISSITAI J0U oIR f-¢ SUWN|o)) Ul oINS "(JS[) Ul ole so[qeliea Arejouow [[y ‘A[oA130edsor 9T pue ‘¢ ‘9407 e 90uedyIudIs 9JedIpul 4 .. pue ‘, . ‘.

‘sosoyjjueted UT [9A9] [RNPIAIPUT 18 POI9ISN[D SIOLIO PIepurls "(S[IeIop I0] 1X0] oY) Ul 998) S[OIJUOD SUI[dSe] PUR SI09JJo POXY 91BP ‘BJRI)S I10] [0IIUO0D SUOISSOISOL [[y 970N

Aouow o[IqoJ\ = x0q o[dInN

Asuow S[IqO]N = Xog T
xoq oydnmN = xog T
:JO $9899- 10] senpea-d

ds [onuon

URIA [0I3U0))
sossouIsng Jo Ioquiny
SUOTYeAIdsq ()

Asuowr 9[IqOIN

soxoq o[diynN

X0q 2uUQ

sfaaans Aouenbeay Y31y vy [oued

#x70°0 LG°0 LT°0 #5x100°0 #xx600°0 - - #xx 1000 %xx100°0
2.0 V0 **mo.o ***ﬂoo.o ***HO0.0 - - ***HO0.0 ***HO0.0
xG0°0 18°0 16°0 19°0 ¥8°0 - - 870 0.0
0€°L¢ 96°0¢ VLY ¥0'g €eel - - 0g°0 67°0
L6'91 L8°G 99'1 6CC 6T°L 00°0 00°0 §g0 6470
68¢ 68¢€ 68¢ 68¢ 68¢€ 961 9¢1 68€ 68¢
91G¥ 91sv V1sy v1sy €1sv [ai] GLLT 916V 91sY
taxd (68°0) (ze0) (97°0) Ly (2£70) - (80°0) (80°0)
99°0- 09°0- ***mwo.ﬂu *mow.ou 1€°0 %**@Nm.ﬂ - ***Ohm.o *%N@H.Ou
(6272) (gz1) (2r0) (2r0) (21 - (e6°1) (01°0) (20°0)
*9L8F 9€0°0 189°0- ##x 160707 4xxL08°€" - #xx8C0"TT ¢c0°0- #xx99€°0
(09°2) (¢7'1) (07°0) (07°0) (61°1) - (18°0) (60°0) (20°0)
syrsoda(g S92IN0g WIN soxog] QWO e WIN SOX0Q}20] NIN xog
101, Y10 BYI0 Y10 se) 100loxd 100loxd Aue ojur ysodep T
oqur sjisode( oqur sjisodo(] 1S®a[ 9 OPRIN
(@sn) seoanos s8uraes 1oy30 ojur sysodo(g 1(@sn) srunoooe goafoad ojur syisoda(y a8e)g 9sI1q
(6) (8) (L) (9) (9) ) (€) (@) (1)

sysodo(] UO S309H JULUWIYedl], :9°¢ SR,

147



‘ToA9] A3Pom 91} Je painsesw are suorjednddo AIepuodss ul SINoy pue sinoy Suruwre '(JS() Ul passardxs ale sa[qelres Arejouour

IV A[ea1p0adsar 941 pue ‘¢ ‘40T e 9ouROYIUSIS 99RIIPUT 4 . PUR ‘, . ‘. "sosoyjuered UL [9A9] [eNPIAIPUL J8 POISISN[D SIOLIO PIepurlS (S[Iejop I0] 1X9) oY)

Ul 995) S[OIJUOD SUI[OSB( PUR S$109J0 POXY 98P ‘@Jells 10J [0IJUO0D SUOISSEIZDl [[y 'S[Ie)op 10J 1X%99 99s - AoAINs oxequl oy} Sulmp o[qerrea juapuadop oY) Jo

UROW 9Y) 9PN[OUI SUOISsaI3al [y *([9A9] A[{o0M 97 e dINsesw dIe YoIym) suolpednooo Arepuooss ‘Sururre] 10j 1deoxs ‘(oad] A[rep o9y} Je oI SOWOIINO [[Y 210N

770 %170 260 G1°0 %90°0 180 €80 720 820 #xG0°0
S0 Gz0 G680 00T 0%0 G660 19°0 750 1%°0 41|
66°0 80 18°0 €20 #x00°0 9.0 €80 ¥9°0 %80°0 #x10°0
1€ 1T 1T°6 - 0z'1 - T6°ST 63°¢ 9L°GT 197 -
80°¢ 96'T 8T°0 020 900 i) L8°¢ 98°TT 12°8 €80
68¢ 68¢ 68¢ 68¢ 68€ 06€ 06€ 06¢ 06€ 06¢
91G'% 9IS’V 916y €18’y eI8'y 860°9% 1€6°CT 101°9% 182°1¢ 78C°1¢
(82:0)  (sL0) (¥0'0) (z1°0) (20'0) (98°0) (vz0) (68°0) (g¥0) (€0°0)
€z°0- 11°0- G0°0 #xx8€€°0  %%9€0°0 01T «1S7°0- 11°0 qg 0- #x990°0-
(com)  (zeo) (g0°0) (¥g0) (€0°0) (80'1) (62°0) (66°0) (17°0) (z0'0)
Ge0 9g°¢ 900 #xx879°0  %xx080°0 670 6€°0- T6°0- L0°0- 10°0~
(to1)  (ge1) (¥0°0) (L1°0) (z0'0) (ve'1) (Lz°0) (88°0) (L¥°0) (€0'0)
¥€0 FTT G0°0 #x8€€°0 200 10°T £e0- v o- #x0G96°0-  %4x980°0-
Quoouy SINOH Pos[IOA SINOH pourreg JUOUI)SOAU] S1JoId  ONudAdYy SINOH POYIOA
ni= ni= A10yueAu] ni=
uoryednddo Arepuodsg Sururre,g SSOUISTIE UTRIA

(6) (8) (2) (9) (9) @) (e) (2) (1)

Asuow 9[IqOJN = X0q o[dI}NA

Asuow 9[IqO]N = Xog T
xoq o[dnynjyN = xog I
:JO s9899-, 10} senjea-d

as ronuopn

UeSN [0IJUO))
sossoulsng Jo Iaquuny
SUOI1RATIOSq )

Asuowt 9[IqOIN
soxoq o[drnN

x0q 2UQ

A1ddns 10qe[ puR SOUWI0DINO SSOUISTI] UO SIOOP JUIWIIRALT, :L°¢ S[qe],

148



"04G YR POZLIOSUIM pUR (JS() Ul possardxe oIe so[qeriea [[y “A[oA1300dsar T pue ‘%G ‘9 0T Je 90UROYIUSIS 9)edIpul

sxx PUE

‘wx ‘x "Sesoyjuared Ul [0A9] [RNPIAIPUL JB PAINISN[D SIOLID pIepue)g (S[Iejdp IOJ X903 9Y) Ul 99S) S[OIJU0D

k% ok

QuI[eseq PUR S109[Jo POXIJ 9)eP ‘“ejeI)s I0J [0IJUOD SUOISSAISAI [y "SAep ) I01id o1} I9AO PaINSeaW oI SO[eLIBA [[{ 970N

Aouowr 9[IqOJN = X0q o[dIyniN

Asuow 9[IqO]N = Xog T
xoq a[dnny = xog |
:JO $1899- 10} sonpea-d

ds 1o1uo)

URJN [0I3U0))
SOSSoUISN( JO IoqUUIN N
mﬁoﬁuﬁ\fuwmn—o

Aauowr oIqOIN
soxoq o[d1yniy

X0q 9uUQ

sfaaans Aouenboaay Y31y v [oued

€50 6€°0 61°0 0.0 0.0 1870 00'T
12°0 ¥2'0 020 ¥8°0 290 2T 0 12°0
290 190 18°0 €9°0 o 820 820
10°ST LL8 A7 629 €0'T z0'¥ 9z'9
069 g9 19T 99°¢ €8°0 or'e 8201
68€ 68¢ 68¢ 68€ 68€ 68¢ 68€
915V 915V 91S'¥ 915V TIS'y 9ISV T05'v
(86'1) (z9°0) (0g°0) (L¥'0) (1T°0) (z¥'0) (e8°0)
eeL'T 590 99¢°0 €970 110 87€°0 8€0°0
(€5°2) (€8°0) (6£°0) (69°0) (€1°0) (¥5°0) (28°0)
€92°€ €21 #%676°0 91L°0 €90°0 L9%°0 9€0°0
(97°2) (¥0'1) (ze0) (9¢°0) (€1°0) (87°0) (28°0)
«789°F «EGLT ++118°0 gge0 691°0 «CV8°0 c16°0
1e101, sosuadx3  uorpRONPH sosuodxy ownary  sesuadxy  SPI00Oqg
Y10 IV proyssnoy [euosiag srdesg
(L) (9) (c) ) (g) (2) (1)

(s£oAaIms SurIojuow Ul AHO POINSLIUL) SOIMIIPUIAXD UO $1000 JUOUIJRDI], Q¢ O[(R],

149



Table 3.9: Treatment effects on expenditures (measured only in monitoring

surveys)

(1) () ®3) (4) (5)
Holiday Farm Durable =1 if Bought =1 if Rented

Spending  Inputs Goods Land Land

Panel A. Monitoring Surveys
One box 1.88 7.935% 0.09 0.02 0.104**

(1.35) (4.48)  (12.76) (0.02) (0.05)
Multiple boxes 2.318% 8.28 9.27 0.069** 0.105%*

(1.39) (5.16) (13.29) (0.03) (0.05)
Mobile money 3.516%** 4.44 7.31 0.040* 0.06

(1.08) (3.88) (12.85) (0.02) (0.04)
Observations 1308 1287 1308 636 637
Number of businesses 719 715 719 636 637
Control Mean 8.30 27.52 44.35 0.02 0.05
Control SD 13.94 40.47 110.40 0.13 0.21
p-values for F-tests of:
1 Box = Multiple box 0.78 0.94 0.43 0.09* 0.99
1 Box = Mobile money 0.22 0.33 0.51 0.43 0.29
Multiple box = Mobile money 0.35 0.37 0.86 0.27 0.27

Note: Expenditures are cumulative for the past months (July-January for Monitoring Survey 1
and January-April for Monitoring Survey 2). Conditional on being positive, the average amount
spent on land is $386 (mean) and $250 (median); while the amount spent on rent per month is
$35 (mean) and $2.3 (median). All regressions control for strata, date fixed effects and baseline
controls (see in the text for details). Standard errors clustered at individual level in parentheses.
¥ ¥*and *** indicate significance at 10%, 5%, and 1% respectively. All variables are expressed

in USD and winsorized at 5%.
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Appendix A

Appendix Tables and Figures

Figure A.1: Hlustration of a call schedule
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Table A.1: Census, Baseline, Phone Surveys: Summary and Attrition

Counts Percentages
Panel A: Census
Total Business Count 9848
Total Large Businesses not interviewed 1770 18.0%
Total Small Businesses Counted 8078 82.0%
Total Small Businesses Selected to Interview 3854
Permanently Closed 346
Owner/Keeper not found after 3 Attempts 51
Opened Businesses Selected for an Interview 3457
Business Willing to interview 3139 90.8%
Excluded based on age criteria 63 2.0%
Consented to the survey 2842 92.4%
Interviewed - eligible 1952 68.7%
Interviewed, eligible, consented 1937 99.2%
Panel B: Baseline Attrition
Visited 602
Refused 60 10.0%
Not-Eligible 100 16.6%
Enrolled 400 66.4%
Full Connected

Panel C: Phone Surveys Attrition Sample With Appliances
Enrolled 400 74
Reached for at least 1 interview 391 70
Average Number of Days/Person 49.04 47.2
Median Number of Days/Person 52 52
Panel D: Missing Scheduled calls due to Outages
Probability of Skipping a call for non-outage reasons 0.07 0.06

Skipped calls due to outages (regression coefficient) 0.01 0.02

Note: Panel A: Counts of businesses during Census. Panel B: Attrition during baseline. Panel

C: Completion rates and attrition during phone surveys.
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Figure A.3: Attrition: Number of Surveys Completed through Time

60 80
|

Total Number of Sureys
40
-

20

o

Mother's Day

T
27aug2017

T
24sep2017

T
10sep2017
Date

173

T
08oct2017

T
220ct2017



Table A.2: Sample Composition

) @) 3)
Connected Not-Connected
Without ”Highly Dependent”
Appliances (with Appliances)

68 74 258
Panel A: Food Items Retail
Staples 1% 0% 6%
Raw Produce 7% 0% 12%
Meat /Fish 1% 0% 5%
Prepared Food 13% 7% 22%
Other Edible 3% 1% 7%
Total 26.5% 8.1% 53.1%
Panel B: Non-Food Items Retail
Charcoal 0% 0% 7%
Hardware 6% 0% 3%
Household Items 0% 0% 1%
Livestock 1% 0% 0%
Shoes 3% 0% 7%
Convinience Stores 44% 5% 11%
Electronics 0% 8% 0%
Other Non-Edible 1% 3% 6%
Total 55.9% 16.2% 35.7%
Panel C: Services
Music 1% 14% 0%
Printing 0% 1% 0%
Salon 7% 45% 0%
Tailor 1% 4% 5%
Welder 1% 8% 1%
Bar/Restaurant 1% 1% 1%
Other Services 4% 0% 3%
Total 17.6% 75.7% 11.2%

Note: Dissagregate business categories in the sample.
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Table A.3: Systematic Attrition. Number of Surveys Completed

(1) (2)
Number of Surveys Completed
Unconditional  Conditional on at least 1 phone call

Male -3.122%%* -1.502
(1.41) (1.11)
Age 0.115 0.133*
(0.09) (0.07)
Education -0.046 0.23
(0.24) (0.20)
Married 0.309 -1.676
(1.26) (1.02)
Uses a Bank Account 1.937 0.948
(1.25) (0.98)
Uses Mobile Money Account 1.141 0.163
(1.48) (1.20)
Total Value of Assets and Savings (Z) 0.105 0.135
(0.42) (0.32)
Monthly Profit -0.021%* -0.019%*
(0.01) (0.01)
Market Area -0.714 -1.208
(1.21) (0.99)
Risk Averse (Z) 0.128 0.502
(0.56) (0.47)
Loss Averse (Z) -0.912 -0.109
(0.65) (0.57)
Business type 2: Non-food items 4.258%* 2.642
(2.43) (1.87)
Business type 3: Services 2.177 1.856
(2.12) (1.63)
Observations 74 70
Mean 0.23 0.2
Median 13.0 13.7
P-Value from F-test 15.0 0.27

Note: Dependent Variable is the number of surveys completed conditional on being

reached once.
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Figure A.4: Effect Sizes on Hours Worked For Various Outage Durations, ”Highly-

Dependent” Sub-sample
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Figure A.5: Effect Sizes on Hours Worked For Various Outage Durations, ”Highly-

Dependent” Sub-sample
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Note:  Point estimates for effects of outages varying in intensity on hours worked and profits in the
main business. All regressions include individual, date, recall day fixed effects and lottery wins as
control variables. Profits are expressed in USD and are winsorized at 5% level. Standard errors

are clustered at the transformer level. Red bars represent confidence intervals around the estimate.
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Table A.4: Effects of Outages Conditional on Working,

”Highly-Dependent” Sub-sample

1) (2) (3) (4)
Hours Customers Revenue Profit
Outage SLIOTRRE 2. 214%kk ] BETRRE ] 068%HH
(0.32) (0.43) (0.53) (0.19)
Observations 2681 2714 2719 2714
R-squared 0.046 0.064 0.047 0.061
# of Businesses 70 69 70 70
Control Mean 10.76 21.45 19.91 5.494
Control SD 3.484 19.48 22.47 4.314

Note: Independent variable is a binary indicator of whether there was
an outage on a particular day. All regressions include individual,
date, recall day fixed effects and lottery wins as control variables.
Monetary outcomes are expressed in USD. Monetary outcomes and
customers and are winsorized at 5% level. Standard errors are clus-

tered at the transformer level.

Figure A.6: Distribution of Electricity Connected businesses by Business Type At Census
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Table A.5: Effects of Outages on Business with Lagged Terms, ”Highly-Dependent” Sub-

sample
(1) 2 3) 4) (5) (6) ()
Worked Work Num Main Main 2nd Total
Today Hours Customers  Revenues Profits Income Income
Outage -0.096***  -1.817FFF  _2.699%*** -1.508**  -1.145%** 0.057 -1.030%**
(0.03) (0.40) (0.67) (0.56) (0.21) (0.07) (0.22)
Outage Yesterday 0.022 0.151 0.7 0.471 0.175 -0.025 0.19
(0.02) (0.25) (0.50) (0.48) (0.18) (0.09) (0.19)
Outage 2 Days Ago -0.013 -0.443%* -0.578 -0.595 0.019 -0.004 0.015
(0.02) (0.20) (0.49) (0.37) (0.16) (0.06) (0.17)
Outage 3 Days Ago 0.009 0.033 -0.022 -0.731 0.026 0.084 0.096
(0.02) (0.22) (0.41) (0.67) (0.20) (0.08) (0.21)
Outage 4 Days Ago 0.034** 0.331%* 0.071 -0.058 0.199 -0.003 0.303**
(0.02) (0.15) (0.29) (0.42) (0.14) (0.08) (0.14)
Outage 5 Days Ago 0.041%* 0.215 -0.067 0.206 0.08 0.036 0.147
(0.02) (0.20) (0.42) (0.46) (0.18) (0.12) (0.21)
Outage 6 Days Ago 0.012 0.225 -0.413 -1.830** -0.443%* -0.076 -0.375
(0.02) (0.23) (0.53) (0.72) (0.24) (0.10) (0.24)
Observations 3,232 3,232 3,225 3,229 3,224 3,229 3,232
R-squared 0.085 0.09 0.049 0.042 0.056 0.026 0.05
# of Businesses 70 70 70 70 70 70 70
Non-Outage Day Mean 0.866 8.663 11.36 11.95 4.575 0.328 4.783
Non-Outage Day SD 0.341 4.515 14 17.85 4.078 1.967 4.192
Pval F-Test: sum of B2-B7=0 0.0278 0.327 0.816 0.139 0.904 0.969 0.438

Note: Independent variable is a binary indicator of whether there was an outage on a particular day, yesterday and 5

days before yesteday. All regressions include individual, date, recall day fixed effects, lottery wins as control variables

and controls for missing days. Monetary outcomes are expressed in USD. Monetary outcomes and customers and are

winsorized at 5% level. Standard errors are clustered at the transformer level.
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Table A.7: Effects of Number of Outages per Week on Business Outcomes,

”Highly-Dependent” Sub-sample

(1) (2) ®3) (4) () (6)

Work  Number of Main Main Total Inventory
Hrs Customers  Revenue Profit Income

# of Outages a week -0.693 -0.63 -3.603%*  -0.993** -1.118 -3.784

(0.63) (1.63) (1.64) (0.42) (1.07) (2.40)
Observations 473 473 473 473 473 473
R-squared 0.366 0.232 0.204 0.258 0.115 0.147
# of Businesses 70 70 70 70 70 70
Dep Var Mean 47.57 58.34 53.74 21.45 28.18 19.39
Dep Var SD 20.27 75.29 74.06 16.56 38.83 51.74
Num Outage per Week 4.531 4.531 4.531 4.531 4.531 4.531
Num Outage per Week SD  2.006 2.006 2.006 2.006 2.006 2.006

Note: Independent variables are: number of outages per week (aggregated from individual reports),
aggregated lottery payment wins for the week, and a number of non-missing days in the week.
Dependent variables are aggregated to individual week level. Individual and call date fixed effects
are included. Errors are clustered at the transformer level. Monetary outcomes are expressed in

USD and are winsorized at 5% level.
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Table A.8: Effects of Number of Outages for 2 weeks on Business Outcomes,

”Highly-Dependent” Sub-sample

(1) 2) ®3) (4) &) (6)

Work  Number of Main Main Total Inventory
Hrs Customers  Revenue Profit Income

# of Outages per 2 weeks -0.87 1.922 -1.591 -1.260* -2.036 -2.141

(0.99) (1.87) (1.35) (0.68) (2.10) (2.62)
Observations 252 252 252 252 252 252
R-squared 0.718 0.519 0.634 0.472 0.205 0.395
# of Businesses 70 70 70 70 70 70
Dep Var Mean 89.12 109.3 100.7 40.19 52.79 36.33
Dep Var SD 39.73 134.5 131.8 29.48 66.35 82.53
Num Outage per Week 8.504 8.504 8.504 8.504 8.504 8.504
Num Outage per Week SD  3.752 3.752 3.752 3.752 3.752 3.752

Note: Independent variables are: number of outages per week (aggregated from individual reports),
aggregated lottery payment wins for the week, and a number of non-missing days in the week.
Dependent variables are aggregated to individual week level. Individual and call date fixed effects
are included. Errors are clustered at the transformer level. Monetary outcomes are expressed in

USD and are winsorized at 5% level.
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Table A.9: Robustness Checks. Dependent Variable - Daily Profits

1) ) 3) ) )
Not Transformer Level Neighbor i1 km
Anticipated All but 1
Outages % Reports or 2
Only 50% 65% Reports v
Outage -0.800%** -0.820%**  -0.823%**  _1.055%** -0.697
(0.19) (0.24) (0.23) (0.23) (1.27)
Observations 1,670 3,239 3,239 3,283 2,603
R-squared 0.058 0.039 0.039 0.046 0
# of Businesses 70 70 70 70 67
Non-Outage Mean 4.575 4.331 4.306 4.307 4.681
Non-Outage SD 4.078 4.085 4.069 4.071 4.118
First Stage 0.166
First Stage Tstat 4.564
# Business/Transformer 2.91 2.91 2.91

Note: Dependent variable is profit expressed in USD, winsorized at 5% level. All regressions include
individual, date and recall day fixed effects. Sub-sample of only unanticipated outages (column 1);
definitions of outages at the transformer level (columns 3 through 4); Neighbors’ reports are used as
an instrumental variable (column 6); Sub-Sample of respondents who were affected by outages on less

than 70% of the days (Column 6)

182



‘[9A9] JounIojsue.d} oyl

Je palajsn[d oJde SIOLI9 pIePUR}S ‘[9A9] &m Je PIzZLIOSUIM ol puR SI9WO0}SNd pue Sawodino %HN@@QOE 970N

965 908°0 ¥L0 6V1°€ IT€T 88'91 601°8
€L1'0 8F1°0 z0 8e€°0 €9G°0 8290 LET0
602‘¢ 122'€ TeT'e 862°¢ cog'e 662'¢ 20g‘e
(1€°0) (£0°0) (z0°0) (81°0) (gg'0) (g7°0) (¥2°0)
08€°0-  4xxS80°0-  STO0- GIT'0 +€00°T 1€L°0 €91°0
(sz°0) (€0°0) (z0°0) (¥1°0) (g%'0) (L£°0) (61°0)

+49C9°0-  44x690°0-  4€€0°0-  TO0- 1670 1S 9F1°0
(sz°0) (£0°0) (z0°0) (¥1°0) (g7°0) (9g°0) (61°0)
€9€°0- +8V0°0- 810°0- 20°0- €€0°0- 802°0 180°0

uoryen(J Joquun N Areurg SIJOIJ  SONUSAdY  SIDWO)SN)  SINOH
sogeinQ Jo Iequuny  MIOA\
(L) (9) (g) @) (e) (2) (1)

uealy (1 Ae(q) Aeplogsox

poaxenbs-y

SUOTYeAIasq ()

¥ Ae(d [[Bo9Y

¢ Ae(q ey

Z Ae(] R0y

Serq [[e99Y JO 0dUSPIAT 0T’V OIqEL

183



Table A.11: Sub-sample with only Yesterday’s Values (Recall day=1)

(1) () 3) (4) (5) (6)

Hours Number of Main Main 2nd Total

Total Customers  Revenue Profit Income Income
Outage -1.405%** -1.81 -1.283 -1.380%*** -0.132 -1.341%%*

(0.41) (1.14) (1.27) (0.32) (0.21) (0.33)
Observations 936 935 936 935 935 936
R-squared 0.137 0.105 0.069 0.105 0.054 0.099
# of Businesses 70 70 70 70 70 70
Non-Outage Mean 8.663 11.36 11.95 4.575 0.328 4.783
Non-Outage SD 4.515 14 17.85 4.078 1.967 4.192

Note: Sub-sample with values from yesterday only. Independent variable is a binary indicator
of whether there was an outage on that day. All regressions include individual, date, recall
day fixed effects and lottery wins as control variables. Monetary outcomes are expressed in
USD. Monetary outcomes and customers and are winsorized at 5% level. Standard errors

are clustered at the transformer level.

Figure A.7: Matches Agreement Rate between neighbors located within 1 km of each other

4 K]
Matches %

Real ——— Simulated

P value from Kolmogorov—Smirnov test 0, P value from equality of means 0
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Table A.12: Differences between Businesses Connected and Not Connected to the grid

(Part 1)
(1) @  ® ) (5)
Not Connected Connected
No appliances ”Highly-Dependent”
Mean/SD Diff. P-value Diff. P-value
Demographics

Male 0.465 0.12 0.071* 0.27 0.000***
[0.031] 0.00 0.00

Age 34.279 1.84 0.189 -2.51 0.045%*
0.619] 0.00 0.00

Education 8.686 0.65 0.084* 1.45 0.000***
(0.173] 0.00 0.00

House Connected to Electricity 0.523 0.32 0.000%*** 0.15 0.020**
[0.031] 0.00 0.00

Business Outcomes

Number of Employees 0.070 0.15 0.003*** 0.31 0.000%**
[0.019] 0.00 0.00

Monthly Revenue 212.220 123.06  0.000*** -76.23 0.010**
[14.820] 0.00 0.00
Monthly Profit 54.783 33.71 0.000*** 4.19 0.553
3.289] 0.00 0.00
Value of Inventory 95.148 242.90  0.000%*** -31.61 0.445
[21.587] 0.00 0.00

Value of Tools and Equipment 51.047 126.36  0.000*** 585.47 0.005***
9.319)] 0.00 0.00

Note: Outcome variables are expressed in USD and winsorized at 5% level.
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Table A.13: Differences between Businesses Connected and Not Connected to the grid

(Part 2)
(1) @) 3) (4) (5)
Not Connected Connected
No appliances ”Highly-Dependent”
Mean/SD Diff. P-value Diff. P-value
Financial Access € Security
Uses a Bank Account 0.260 0.15 0.014** 0.19 0.002***
[0.027] 0.00 0.00
Uses Mobile Money Account 0.539 0.08 0.246 0.25 0.000***
[0.031] 0.00 0.00
Total Value of Assets 478.470 1078.21  0.000*** 721.67 0.000%**
[48.772] 0.00 0.00
Total Value of Cash Savings 100.799 60.78 0.020** 96.53 0.017**
[11.412] 0.00 0.00
Dual Income 0.453 (0.06) 0.406 -0.14 0.028**
0.031] 0.00 0.00
Monthly Spouse Earnings 38.184 86.23 0.012%* 37.48 0.115
[5.019] 0.00 0.00
Has a Secondary 0.190 0.12 0.034** 0.07 0.210
Earning Activity [0.024] 0.00 0.00
Second Earning: 7.922 30.37 0.001%** 14.21 0.059*
Average Monthly Income (2.323] 0.00
Attitutes Towards Risk
Impatient 0.467 0.03 0.584 0.01 0.897
(1 - the most impatient)
Loss Aversion 0.155 0.05 0.317 -0.03 0.476
(1 - the most loss averse)
Risk Attitutes 0.523 0.08 0.100 -0.03 0.525

(1 - the most risk averse)

Note: Outcome variables are expressed in USD and winsorized at 5% level.
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Table A.14: Reasons why business owners chose

electricity /non-electricity occupation

O (@
All N
Connected
Reason why Business is connected to the grid
Makes more Money 0.48 120
Can Afford It 0.15 120
Inherited /Has Skills Knowledge 0.10 120
Other 0.09 120
Not Connected
Reason why Business is not connected to the grid
Too Expensive 0.33 237
Business doesn’t need it 0.35 237
Power Outages 0.09 237
No Electricity in the Area 0.05 237
Wouldn’t Make More Money 0.05 237

Note: Reports from follow up surveys during the Phone Surveys. The
number of observations is lower due to the fact that not all re-
spondents were reached on the days when the questions were im-

plemented.
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Table A.15: Effects of Outages on Businesses Not Connected to Electricity

(1) ) ®3) (4) () (6) (7

Labor Supply Income
Extensive Margin Primary Busines
‘Worked Total Secondary

Worked Second ‘Work Occupation

Today Occupation Hours Customers  Revenue Profit Profit
Panel A: Binary
Outage 0.014 0 0.02 -0.039 -0.066 0.03 0.008

(0.01) (0.01) (0.02) (0.34) (0.32) (0.08) (0.03)
Observations 12,170 12,170 3,822 12,058 12,162 12,063 12,167
# of Businesses 253 253 242 253 253 253 253
Non-Outage Mean 0.811 0.0463 0.523 16.76 13.27 2.951 0.218
Non-Outage SD 0.392 0.21 0.869 18.16 17.67 3.447 1.47
Panel B: Duration in hours
Before 7am -0.003 0.003%* -0.005 -0.076 0.003 -0.027 0.006

(0.00) (0.00) (0.04) (0.08) (0.13) (0.04) (0.01)
7Tam-6pm 0.006*** -0.001 0.050*** 0.068* 0.078 0.017 -0.002

(0.00) (0.00) (0.01) (0.03) (0.06) (0.01) (0.01)
6pm-12am 0.005** 0.001 0.034 0.113* 0.071 0.030*** 0.018*

(0.00) (0.00) (0.02) (0.07) (0.05) (0.01) (0.01)
Observations 12,163 12,163 12,163 12,051 12,155 12,056 12,160
# of Businesses 253 253 253 253 253 253 253
Non-Outage Mean 0.811 0.0463 7.852 16.78 13.28 2.953 0.218
Non-Outage SD 0.392 0.21 4.624 18.16 17.68 3.448 1.471

Note: Independent variable is a binary indicator of whether there was an outage on a particular day (panel A), and
broken down into duration expressed in hours before start of the work day, during the work day and after the
work day (panel B). All regressions include individual, date, recall day fixed effects and lottery wins as control
variables. Monetary outcomes are expressed in USD. Monetary outcomes and customers and are winsorized at

5% level. Standard errors are clustered at the transformer level.
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Table A.16: Evidence of Recall Bias

1) (2) (3) (4) (5) (6) (7)
Logged
Total Market Market  Business Total Total Report of
Hours Revenues Profits Exp Deposits ~ Withdrawals Outage

Panel A: For single week logbooks

Day 6 0.044 -3.138 -0.944 -0.486 -0.069 -0.135 0.018
(0.20) (2.24) (0.97) (1.21) (0.12) (0.10) (0.01)
Day 5 -0.005 -0.952 -0.289 4.304 -0.221 -0.114 0.009
(0.20) (2.23) (0.84) (3.77) (0.19) (0.11) (0.02)
Day 4 0.021 0.223 0.008 -1.234 -0.41 -0.021 0.007
(0.22) (2.21) (0.83) (2.27) (0.29) (0.14) (0.02)
Day 3 -0.05 -1.879 -0.633 4.465 -0.582%* 0.029 -0.006
(0.27) (2.91) (1.46) (5.06) (0.33) (0.23) (0.02)
Day 2 -0.075 -2.115 -0.98 -0.91 -0.554* -0.163 -0.026
(0.28) (2.95) (1.29) (1.63) (0.32) (0.14) (0.02)
Day 1 0.09 -2.76 -0.92 3.406** 1.26 0.19 0.02
(0.32) (2.85) (1.09) (1.67) (0.99) (0.26) (0.02)
Obs 3655 3837 3496 3990 4329 4329 4329
R-squared 0.01 0.03 0.01 0.01 0.01 0.01 0.04
FE Date Date Date Date Date Date Date

Note: The presented coefficients are relative to the omitted category - reports on Day 7 for logbooks
containing spanning 1 week. All regressions include date fixed effects. Standard errors(clustered at

the individual level) are in parenthesis.
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Table A.17: Evidence of Recall Bias

(1) 2) 3) (4) (5) (6) (M
Logged
Total Market Market Business Total Total Report of
Hours Revenues Profits Exp Deposits ~ Withdrawals Outage
Panel B: For double-week logbooks
Day 13 -0.439%* -2.335% -0.817 -0.896 0.799 0.07 -0.045
(0.19) (1.31) (0.50) (1.72) (0.76) (0.40) (0.03)
Day 12 -0.264 -0.917 -1.322%%* 5.437 0.118 -0.256 -0.047*
(0.22) (1.34) (0.64) (4.59) (0.29) (0.32) (0.03)
Day 11 -0.434%* 1.261 -0.422 5.117 0.837 -0.286 0
(0.22) (1.33) (0.59) (5.32) (0.81) (0.29) (0.03)
Day 10 -0.258 -0.56 -0.648 1.325 0.119 -0.307 -0.056**
(0.25) (1.11) (0.73) (2.96) (0.38) (0.32) (0.02)
Day 9 0.13 0.029 -0.962 3.507 1.077 -0.331 -0.034
(0.20) (1.37) (0.74) (4.05) (1.02) (0.28) (0.03)
Day 8 0.168 -2.148 -0.035 -1.954 0.081 -0.421 -0.028
(0.24) (1.59) (0.57) (1.89) (0.30) (0.29) (0.03)
Day 7 -0.073 0.365 -0.964 1.816 5.094 -0.249 -0.035
(0.30) (2.94) (0.62) (2.90) (5.04) (0.31) (0.03)
Day 6 -0.256 1.592 0.189 0.888 -0.128 -0.28 -0.008
(0.29) (2.74) (0.75) (2.75) (0.31) (0.30) (0.03)
Day 5 -0.119 -0.205 -1.159% -0.622 1.021 -0.05 -0.016
(0.29) (2.24) (0.67) (2.73) (0.83) (0.46) (0.03)
Day 4 0.134 1.43 -1.486%* 2.681 0.06 -0.173 -0.047*
(0.26) (2.50) (0.77) (3.24) (0.34) (0.31) (0.03)
Day 3 0.238 -1.613 -0.632 0.136 0.265 -0.267 -0.019
(0.27) (1.97) (0.75) (2.93) (0.37) (0.31) (0.03)
Day 2 -0.058 -0.286 -1.114%* 13.642 0.173 -0.202 -0.026
(0.31) (2.32) (0.67) (12.26) (0.44) (0.33) (0.02)
Day 1 0.045 0.115 -0.929 -0.557 0.038 -0.314 -0.015
(0.30) (2.63) (0.60) (1.96) (0.33) (0.29) (0.02)
Observations 3332 3495 3209 3606 3903 3903 3903
R-squared 0.01 0.01 0.01 0.01 0.01 0.01 0.06
FE Date Date Date Date Date Date Date

Note: The presented coefficients are relative to the omitted category - reports on Day 14 for logbooks
containing spanning 2 week. All regressions include date fixed effects. Standard errors(clustered at

the individual level) are in parenthesis.
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Figure A.8: Outage Instances per Market. Definition;=1
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Table A.18: Correlation of Out-
age Instances Across Markets

M1 M2 M3 M4 M5

M1

M2  19%

M3 19% 2%

M4 33% 8% 15%

M5 33% 18% 8% 13%

Note: Based on Market-Level Outage Def-

inition 2
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Figure A.9: GPS Locations of Market Vendors belonging to the same Transformer Groups
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Figure A.10: Experimental Design
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Figure A.11: Project and Survey Timeline
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Figure A.12: Map of Blantyre with Treatment Assignment

Map data £2518 Gocgh Imagery $2018 , CHES | Airbus, DighalGiobs, Landsat | Coparnicus | Terma of Use

O 1 Box B Multiple Boxes O 1MM O Multiple MM O Control
O 1Box, HF @ Multiple Boxes, HF © 1 MM, HF © Multiple MM, HF  © Control, HF
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Figure A.13: CDFs of deposits by baseline account status

6

4

6

4

(a) Boxes

CDF of deposits in box until December 2017

200
Value of deposits (USD)

@ Already had mobile money account at baseline
* Did not have mobile money account at baseline

195

Qe e
ol

»'g"ﬁ

e

P
g
° o
T T T T
0 100 200 300 400
Value of deposits (USD)
e Already had box at baseline
% Did not have box at baseline
(b) Mobile Money
CDF of deposits in mobile money until December 2017
. %% FE I % n: : ?w ;
JK**"‘ o oo °c ©°°°
w ’,r"
”°
//oﬂ""
0 100 300 400



Figure A.14: Project mobile Money Usage over Time
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Table A.19: Withdrawal Fee Schedule for Mobile Money Account
(1) (2) ®3)
Fee (percentage) for:
Minimum withdrawal Maximum withdrawal
Withdrawal amount (USD) Fee (USD) within range within range
0.07-0.72 0.029 - 0.040
0.73-1.43 0.060 0.082 0.042
1.44-3.57 0.140 0.097 0.039
3.58-7.14 0.290 0.081 0.041
7.15-14.29 0.540 0.076 0.038
14.3-28.6 1.080 0.076 0.038
28.7-85.7 2.710 0.094 0.032
85.7-142.9 5.360 0.063 0.038

Note: from posted withdrawal fees on Airtel webpage. The maximum withdrawal is $142.9.
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Table A.22: Summary Statistics and Randomization Check based on the Intake Survey

Panel A: Business and Labor Supply

=1 if Worked

Daily Hours Worked

Daily Profits

=1 if Farmed Last Week

Hours Farmed Last Week

Panel B: Savings, Expenditures and Transfers Last Week

Home Deposits
Box Deposits

MM Deposits
Total Deposits
Food Expenditures

Amount of Transfers
Given to Family/Friends
Amount of Transfers
from Family/Friends
Amount of Transfers

to Spouse

Amount of Transfers

to Spouse

Observations

(1) ) 3) (4) ) (6 ™ (8)
Full Sample HFPS sample only

Regression Coefficient for: Regression Coeflicient for:

Control 1 Multiple  Multiple Control 1 Multiple  Multiple
Mean Box Boxes Mobile Mean Box Boxes Mobile
0.80 0.004 -0.091%* -0.021 0.82 0.008 -0.09 -0.034
(0.03) (0.05) (0.03) (0.05) (0.06) (0.05)

8.34 -0.415 -1.062 -0.331 8.76 0.072 -0.943 -0.593
(5.33) (0.61) (0.65) (0.53) (5.29) (0.81) (0.80) (0.67)
4.24 -0.252 -0.903 -0.574 4.43 -0.527 -0.148 -0.036
(6.82) (0.90) (0.82) (0.80) (6.75) (0.76) (0.86) (0.81)
0.05 -0.002 0.012 -0.006 0.02 0.026 0.013 0.034
(0.04) (0.04) (0.03) (0.05) (0.04) (0.04)
0.22 0.378 1.117 -0.139 0.09 0.058 -0.049 0.088
(1.09) (0.55) (1.10) (0.18) (0.68) (0.23) (0.20) (0.27)
5.81 9.897** -0.881 1.013 5.87 5.503* -0.903 1.664
(11.91) (4.03) (1.50) (1.66) (11.99) (3.22) (1.87) (2.35)
2.20 -1.738 -2.695% 0.285 1.76 -0.328 -2.246%* -1.653
(11.97) (1.62) (1.56) (2.69) (5.47) (1.47) (1.21) (1.29)
0.78 -0.302 0.025 -0.568 0.74 0.224 0.789 -0.456*
(3.83) (0.60) (0.65) (0.53) (2.46) (0.56) (0.69) (0.26)
16.04 8.979 -1.657 2.331 16.26 6.922 2.661 3.993
(27.29) (5.73) (3.56) (3.70) (27.76) (4.41) (4.78) (4.19)
5.85 0.082 0.301 -0.014 5.94 0.205 0.125 -0.19
(4.64) (0.66) (0.64) (0.58) (4.16) (0.88) (0.88) (0.75)
1.39 2.192* 2.852 0.529 1.22 2.13 1.599 1.141
(5.10) (1.15) (1.93) (0.67) (5.31) (1.40) (1.06) (0.94)

2.61 -0.036 -1.316%* -1.161 3.58 -0.479 -1.568 -2.429%*
(5.65) (0.87) (0.75) (0.71) (6.68) (1.44) (1.19) (1.10)
2.85 0.719 0.455 0.837 2.28 3.379 2.105 2.291
(9.84) (1.74) (1.42) (1.50) (8.35) (2.90) (1.98) (2.22)
1.61 1.407* 1.917 1.038%* 1.70 1.302 0.161 1.066
(3.73) (0.80) (1.83) (0.49) (3.08) (1.03) (0.58) (0.74)

2865 1477

Note: Means are population weighted. Randomization check is performed only for businesses that appear in the anal-

ysis sample (i.e. completed a monitoring survey or at least one phone survey). There are 761 unique businesses.

Monetary values are winsorized at 1% and expressed in USD.
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Table A.23: Correlations between Self-Reports and Administrative

Data

Self Report

Sample
Observations
Pvalue (B=1)
Saw at least 1 box

Saw all Boxes

1) (2) (3) (4) (5)
Independent Administrative Transaction Data
Balance MM MM MM MM
Verification Deposits  Deposits  Deposits  Deposits
Box Check HF1 HF2 MS1 MS2
1.047%%* 0.928***  (Q.517¥FF*  (.712%F*  (.480***
(0.02) (0.08) (0.07) (0.06) (0.07)
Box Groups HF MM HF MM  Full MM  Full MM
190 157 157 272 261
0.0426 0.341 0.00 0.00 0.00
0.793
0.751

Note: Regressions are run without a constant term.
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Table A.29: Take-up of project accounts by prior ownership of accounts.

(1) (2) ®3) (4)

Box group Mobile money group
Had box Didn’t have a box Had MM Didn’t have MM
at baseline at baseline at baseline at baseline
Opened account / accepted box 1.00 0.99 0.99 0.99
Opened more than 1 account if offered 0.73 0.76 0.34 0.21
Panel A. Take-up by December 2017
Ever used account 0.95 0.98 0.72 0.57
Made at least 2 deposits 0.95 0.95 0.61 0.42
Total value of deposits 127.80 131.27 56.46 30.24
(131.66) (152.66) (80.49) (61.22)
[102.14] [72.86] [24.00] [2.14]
Number of deposits 64.92 65.50 6.66 4.63
(70.81) (94.55) (8.98) (9.62)
[44.00] [40.00] [3.00] [1.00]
Total value of withdrawals 102.17 95.69 54.38 32.35
(117.99) (129.45) (82.62) (65.41)
[78.57] [48.57] [17.29] [2.00]
Had a non-zero balance 0.32 0.57 - -
Balance 8.15 14.83 - -
(22.05) (26.29) - -
[0.00] [2.29] - -
Panel B. Take-up by May 2018
Ever used account 0.80 0.64
Total value of deposits 112.05 63.44
(153.63) (115.73)
[48.86] [7.86]
Number of deposits 13.68 9.32
(17.63) (19.96)
[9.00] [3.00]
Total value of withdrawals 12291 73.06
(181.98) (142.00)
[53.02] [7.20]
Observations 38 203 177 143

Note: Figures come from administrative data from telecom company for mobile money accounts, and from in-person
visits for the lockbox (which occurred in December 2017). Means are presented, with standard deviations in paren-
theses and medians in square brackets. All values are expressed in USD and winsorized at 5% level. Long term
usage figures are only available from mobile money group. Balance for MM is not currently available as the au-

thors are currently waiting to receive an updated transaction data.
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Table A.33: Reasons for withdrawal from project accounts

1) (2 3) (4)
Box groups
Overall One  Multiple Mobile
Mean Box Boxes money

Purposes for withdrawals

(=1 if at least one of the last 3 withdrawals was for the following purpose)

Business investment or inventory 0.457 0.383 0.520 0.561
General consumption or household bills 0.435 0.318 0.537 0.512
Emergencies 0.326 0.243 0.398 0.183
School fees 0.283 0.280 0.285 0.201
Durables or home improvement 0.143 0.131 0.154 0.073
Agricultural investment 0.130 0.140 0.122 0.067

Note: Data comes from last monitoring survey, and is conditional on making at least 1

withdrawal. N = 394

Table A.34: Treatment effects on sickness

(1) (2)

=1 if member of =1if
household sick respondent sick

One box 0.03 0.01
(0.03) (0.03)

Multiple Box 0.03 0.01
(0.03) (0.02)

Mobile money 0.00 0.00
(0.02) (0.02)

Observations 4515 4515
Number of businesses 389 389
Control Mean 0.12 0.12

Note: Standard errors clustered at individual level in paren-
theses. *, ** and *** indicate significance at 10%, 5%, and

1% respectively.
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Table A.35: Downsides of mobile money

(1) (2)

Prompted  Unprompted

Are there downsides of using mobile money?
No, there are no downsides 0.25 0.30

Of those who say yes, listed downsides:

Network is often down 0.46 0.38
Agents don’t have enough cash to make withdrawals 0.35 0.13
Agents are too far away 0.15 0.04
Agents don’t have enough balance to make deposits 0.14 0.03
I don’t trust mobile money companies with my money 0.13 0.02
Too complicated 0.10 0.01
Agents will cheat you 0.09 0.01
It is not useful to me 0.09 0.01
I am afraid T may forget my pin 0.05 0.01
I don’t know 0.03 0.046
I don’t know enough about mobile money 0.00 0.07
Observations 261 224

Note: Responses were first collected unprompted, then enumerators went through a
list of precoded reasons. Questions without prompts were not included in the first
few days of surveying, which is why the number of observations is lower. Data is

restricted to the mobile money treatment group in the experiment.

211



	List of Figures
	List of Tables
	Abstract
	Dedication
	Acknowledgments
	Unreliable Electricity: Effects of Power Outages on Small Businesses in Urban Malawi
	Introduction
	Background
	Data
	Census

	Baseline
	Phone surveys

	Summary Statistics
	Estimation Strategy
	Base Specifications
	Temporal Effects
	Analysis of Weekly-Level Outcomes

	Results
	Business Outcomes
	Expenditures

	Causal Inference
	Robustness Checks

	Selection into Electricity-Dependent Occupations
	Discussion and Conclusion
	Tables and Figures

	Power Outage Responses among Market Vendors in Urban Malawi
	Introduction
	Background
	Electricity Generation

	Data
	Summary Statistics
	Selection into Electricity-dependent Business
	Self-reported effects of Power Outages

	Outages
	Levels of Outages

	Estimation Strategy
	Results
	Causal Inference
	Estimation of P-values
	Is there Evidence of Recall Bias?
	Robustness Checks and Data Limitations

	Discussion and Conclusion
	Tables and Figures

	Labeling and Liquidity: Evidence from a Savings Experiment in Urban Malawi
	Introduction
	Experimental Design and Data
	Context and sampling
	Experimental design
	Data
	Attrition
	Summary statistics and randomization check

	Take-up
	Pooled take-up of lockboxes and mobile money
	Usage of multiple accounts 
	Other determinants of take-up

	Level treatment effects on outcomes from surveys
	Specification
	Treatment effect on savings
	Treatment effects on business outcomes and labor supply
	Treatment effects on expenditures
	Treatment effects on loans and transfers

	Measuring Liquidity Costs via Responsiveness to Shocks
	Specification
	Results

	Discussion and Conclusion
	Tables and Figures

	Bibliography
	Appendix Tables and Figures



