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Abstract
Essays on Development and Political Economy
by
Muhammad Zia Mehmood
Doctor of Philosophy in Business Administration
University of California, Berkeley
Professor Edward Miguel, Co-chair

Professor Frederico Finan, Co-chair

Low productivity in the private sector, especially amongst small businesses, and poor pub-
lic sector service delivery are significant barriers to sustainable and equitable development
in low-income countries. This dissertation studies these barriers through the lens of man-
agement challenges. It comprises of three chapters, where the first chapter examines the
potential of SMS-based business trainings to address gaps in management skills amongst
micro-entrepreneurs in Kenya, the second sheds light on the demand for SMS-based business
trainings amongst these micro-entrepreneurs, and the third studies the effectiveness of a
command and control management intervention implemented at scale in Punjab, Pakistan.

In my first chapter, titled Short Messages Fall Short for Micro-Entrepreneurs: Fxperimental
FEvidence from Kenya, 1 study the effectiveness of SMS-based business management train-
ings for improving outcomes for micro-entrepreneurs. SMS-based trainings are becoming a
popular tool to remotely support micro-entrepreneurs in low-capacity contexts due to their
scalability and low costs. However, little evidence exists on the effectiveness of such trainings
to improve business outcomes. In this study, I evaluate a field experiment in which access
to an SMS-based training was randomized across 4,700 micro-entrepreneurs in Kenya. After
three months, I find positive effects on knowledge and adoption of best business practices.
Younger entrepreneurs see stronger effects on sales, profits and business survival, driven by
higher engagement with training content, more time spent on business, and getting larger
loans. Contrary to predictions elicited from social scientists, I find that these positive ef-
fects disappear twelve months after the intervention, as all engagement with content ended
within the first five months. Findings from this study suggest that, despite the promise and
wide-spread use, SMS-based trainings are unlikely to be effective for micro-entrepreneurs in
the long run. Results highlight the importance of lack of engagement as a major challenge
limiting the potential of remotely provided information-based support.



My second chapter, titled Demand for SMS-Based Business Trainings Amongst Kenyan
Micro-Entrepreneurs, studies the demand for SMS-based business management trainings in
Kenya. I leverage two key components added to the field experiment from the first chapter
to measure the demand; first, upon completion of the business management training, or
prolonged disengagement from it, micro-entrepreneurs in the treatment group were given the
opportunity to buy a second SMS training through Take-It-Or-Leave-It (TTOLI) offers where
the asking price was randomized across three levels. Observing buying decisions across the
randomized price levels allows me to study how demand changes with price, and also sheds
light on correlations between individual and enterprise characteristics and demand. Second,
I conduct an in-person demand elicitation activity with a select subset of the sample across
the treatment and control groups, using a modified version of the Becker-DeGroot-Marschak
(BDM) method. In the TIOLI sample, 70% of individuals chose to accept the additional
training when it was offered for free, 68% accepted when the price was half the marginal
cost faced by the service provider, and about 50% accepted when the price was double the
marginal cost. In the BDM sample, the average willingness to pay for SMS trainings was
five times the marginal cost, and almost a quarter of the respondents were willing to buy the
training for ten times the marginal cost. Both methods of demand elicitation thus showed
that micro-entrepreneurs were willing to pay a positive amount for SMS-based business
management trainings. I also find correlational evidence suggesting demand for trainings
was higher amongst individuals with more children in the household, those that recently
applied for a loan, those with more knowledge of best practices, and those with higher
education levels. Taken together with results from the first chapter, these findings suggest
that engagement levels might not reflect true demand for SMS-based trainings, pointing
towards possible behavioral explanations driving under utilization of the resource.

Finally, in my third chapter, titled Command and Can’t Control: Assessing Centralized
Accountability in the Public Sector, I study the potential and limitations of centralized man-
agement in the public sector, with Saad Gulzar, Juan Felipe Ladino, and Daniel Rogger. A
long-established approach to management in government has been the transmission of infor-
mation up a hierarchy, centralized decision-making by senior management, and corresponding
centralized accountability; colloquially known as ‘command and control’. We examine the
effectiveness of a centralized management and accountability system implemented at scale
in the public education sector bureaucracy of Punjab, Pakistan, for six years. The scheme
automatically identified poorly performing schools and jurisdictions for the attention of cen-
tral management. We find that flagging of schools and corresponding de facto punishments
had no impact on school or student outcomes. We use detailed data on key elements of
the education production function to show that command and control approaches to man-
aging the general public sector do not induce bureaucratic action towards improvements in
government performance.
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Chapter 1

Short Messages Fall Short for
Micro-Entrepreneurs: Experimental
Evidence from Kenya

1.1 Introduction

Employing 70% of the labor force world-wide and accounting for 40% of the GDP in emerging
economies (ILO (2019); World Bank (2024)), small businesses form the economic backbone
of society in low-income countries across the globe. Moreover, they are also crucial vehicles
for female empowerment as at least one third of them are owned by women (World Bank
(20200)). Research aimed at exploring effective ways to address the challenges faced by small
businesses is therefore key for poverty alleviation efforts.

Poor management practices is a major factor constraining firm productivity in low-income
contexts (Bloom et al. (2010, 2013); Bloom and Van Reenen (2010a); Bruhn, Karlan and
Schoar (2010); McKenzie and Woodruff (2017)). Business management trainings aimed at
encouraging adoption of best practices are a popular tool employed to address this challenge,!
and over $1 billion is spent annually to train 4-5 million entrepreneurs in low-income countries
(McKenzie (2020)). However, most of these trainings are conventional in-person classroom-
style trainings, which are expensive and hard to scale. Furthermore, most of them are
conducted in or around large cities and often exclude entrepreneurs that are unable to take
out time to participate in person, as well as those that are based in smaller cities and rural
areas.

Phone-based trainings offer a potential solution to these challenges. In particular, SMS-
based trainings are cheap, easy to scale, do not require in-person attendance or even internet

!The Start and Improve Your Business (SITYB) training program by the International Labor Organization
has trained over 15 million entrepreneurs across the world (Mehtha (2017)), CEFE International has reached
13 million (Ramirez (2019)), International Finance Corporation’s Business Edge training has reached over
100,000 entrepreneurs (Business Edge : Status and Disposition (2006)) etc.
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access, and also allow targeted beneficiaries to move through the content at their own in-
dividual pace rather than having a single fixed pace for everyone. Due to this, SMS-based
trainings are gaining popularity as a low-cost tool for information-based support across
several low-income contexts.? However, despite the widespread use, little evidence exists
on whether SMS-based trainings can be effective for improving outcomes, particularly for
micro-entrepreneurs.

In this paper, I study the impact of SMS-based business trainings on business practices
and outcomes for micro-entrepreneurs. To this end, I evaluate a field experiment whereby
access to an SMS-based business training was randomized across 4,700 micro-entrepreneurs
in Kenya. Data was collected by phone-based surveys conducted three months and twelve
months after the intervention to estimate short and longer-run effects respectively. The main
outcomes studied include knowledge and adoption of best practices, time spent on business
and side jobs, labor employment decisions, credit outcomes, and business performance.

Kenya is an ideal setting for this study as Micro, Small, and Medium Enterprises (MSMEs)
play a major role in the national economy; 7.4 million MSMEs engage over 90% of the ac-
tive labor force in the country, and account for about a third of the GDP. Approximately
55% of these MSMEs are owned by women, and 98% are micro-enterprises®. The average
education level for micro-entrepreneurs is approximately 11 years, yet adoption of basic best
practices for business management is dismally low. Just under 80% of micro-entrepreneurs
do not advertise any of their products in any way and almost 70% don’t keep any type of
business records to keep track of daily sales or expenses. Furthermore, less than 10% of
micro-entrepreneurs account for prices of their competitors when setting prices for their own
products and services. These statistics highlight a clear gap in management skills that could
be constraining profitability, which can potentially be addressed through business manage-
ment trainings, yet 90% of micro-entrepreneurs have never received any type of business
training.*

The primary intervention in this study was aimed at addressing this gap through an
SMS-based Business Education training course that used simply worded content to encourage
micro-entrepreneurs to adopt business practices that have been shown to be highly correlated
with profitability (Bloom and Van Reenen (2010a)). This training was developed in light
of existing research on the importance of keeping training content simple in low-capacity
contexts (Drexler, Fischer and Schoar (2014); Arrdiz, Bhanot and Calero (2019)), by my
implementation partner - a local firm that specializes in creation and dissemination of digital
content. Available in English as well as Swabhili, the content covered practices including
marketing, advertising, pricing, record-keeping and stock management, and was divided into
bite-sized chunks spanning approximately 150 text messages. These messages were pushed

2See Ulmann (2023); van Vark (2012); Haddad (2022); Hinrichsen and Ajadi (2020); M-Shule SMS
Learning & Training, Kenya — UIL (2022), and work of TechnoServe (Regan-Sachs (2022)), and Arifu
(Arifu: WhatsApp Chatbot Provides Tips for Micro-Retailers (N.d.)) etc.

3Less than 10 employees

4Statistics as of 2016, sourced from the country-wide Micro, Small and Medium Enterprises Survey
(2016).
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to micro-entrepreneurs through an interactive chat-bot in a fixed sequence, with a limited
number of reminders being sent to those who stopped engaging at any point.

The sample of micro-entrepreneurs used in the study was sourced from a list of con-
tacts maintained by my implementation partner in collaboration with a local microfinance
institution. This list was compiled by them through fieldwork aimed at identifying micro-
entrepreneurs to target for their products. Out of the 4,700 individuals recruited from this
list for the study, 2,820 micro-entrepreneurs were randomly selected into the Treatment
group and provided access to this SMS training course, while the remaining 1,880 - the
Control group - received placebo messages aimed at reminding them about their business
without conveying any substantive information about best business management practices.
Approximately 300 individuals were surveyed three months after the intervention, while
2,780 individuals were surveyed after another nine months to estimate short and longer-run
effects on business outcomes, respectively.

In order to determine if the main findings from this study depart from priors held by social
science experts, I also conducted a survey through the Social Science Predictions Platform
(Mehmood (2023)). In this survey, I described the study to social science researchers and
elicited their predictions about how key outcomes will be affected twelve months after the
intervention. This exercise allows me to shed light on whether the observed results from this
study are expected and obvious, or surprising and informative.

Three months after the intervention, I find that assignment to treatment increased knowl-
edge and adoption of best practices by 0.20 and 0.33 standard deviations, respectively. I also
find large positive, but statistically insignificant, effects on business performance in the over-
all sample, and significant positive effects for younger (below-median) micro-entrepreneurs
on sales (109% increase), profits (38% increase), and business survival (11.6 percentage points
increase). These positive effects for younger entrepreneurs are driven by higher engagement
with the content, and larger effects on time spent on business, and loan amounts applied for
and received.

However, these positive results dissipate in the longer run; twelve months after the in-
tervention, I see no effects on knowledge and adoption of best practices, as well as business
sales, profits and survival. Additionally, the positive effects on business outcomes observed
for younger entrepreneurs after three months, also disappear after twelve months. The
time-trend of engagement reveals that the lack of longer-run effects is likely driven by micro-
entrepreneurs abandoning all interactions with the content within the first few months of
the training deployment, and well before the twelve-month follow-up.

I therefore conclude that, despite their growing popularity, SMS-based trainings on their
own are unlikely to be effective for micro-entrepreneurs. Comparing results with the pre-
dictions elicited from social science researchers reveals that social scientists overestimate the
potential of SMS-based trainings, thus the findings from this study are contrary to priors,
and informative.

This study contributes to three strands of literature. First, building on the literature
connecting management practices and firm profitability (Bloom et al. (2010, 2013); Bloom
and Van Reenen (2010a); Bruhn, Karlan and Schoar (2010); McKenzie and Woodruff (2017);
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Bruhn, Karlan and Schoar (2018)), I contribute to the large body of evidence on the impact
of business trainings on adoption of best practices and business outcomes. Most of the studies
in this literature focus on conventional classroom-style trainings that are expensive and hard
to scale, with older studies finding little to no effects on sales and profits (Cho and Honorati
(2014); Blattman and Ralston (2015); McKenzie and Woodruff (2014)), and more recent work
finding positive effects (McKenzie (2020); Chioda et al. (2021)). The evidence on remotely
delivered business trainings is still thin and mixed; Davies et al. (2023) find positive short-
run effects of Zoom-based trainings for micro-entrepreneurs in Mexico that dissipate within
six months of the intervention and Estefan et al. (2023) find significant effects of a mobile
app-based training with virtual one-on-one consulting meetings on business outcomes for
micro-entrepreneurs in Guatemala. Cole, Joshi and Schoar (2021) find weekly pre-recorded
Interactive Voice Response (IVR) messages to be ineffective for improving business outcomes
for micro-entrepreneurs. To the best of my knowledge, this paper presents the first rigorous
evaluation of an SMS-based business training for micro-entrepreneurs.

Second, this paper adds to an emerging literature on the potential of modifying training
content based on insights from psychology to make it easier to internalize. Campos et al.
(2017) evaluate a training intervention with psychology-based personal initiative-oriented
content in Togo and observe positive effects on business outcomes. Drexler, Fischer and
Schoar (2014), and Arraiz, Bhanot and Calero (2019) find encouraging returns from sim-
plifying the training content and focusing on easy to internalize heuristics. The training
content used in this study was inspired by these approaches, and this is the first study that
tests the effectiveness of a fully automated remote delivery of similarly simplified content.

Third, I contribute to the broader literature on the potential and limitation of information
communication technologies for improving socio-economic outcomes in low-income contexts
(Spielman et al. (2021); United Nations Conference on Trade and Development (2012); Otis
et al. (2024)). This paper highlights lack of engagement as an important limitation of remote
delivery of automated information-based support in low-income contexts, pointing towards
the need for further research in this direction to fully harness the potential of ICT for
development.

The remainder of the paper is organized as follows: Section 1.2 describes the context
of the study, Section 1.3 outlines the research design, Section 1.4 discusses the data and
timeline of the experiment, Section 1.5 presents the results, and Section 1.6 concludes.

1.2 Context

Home to over 47.6 million people, three-fourths of whom are under the age of 35, Kenya
is the largest economy in Eastern and Central Africa (Kenya Population and Housing Cen-
sus (2019)). Similar to other low-income countries, Micro, Small and Medium Enterprises
(MSMESs) form the backbone of the economy in Kenya. According to statistics from the
nation-wide Micro, Small and Medium Enterprises Survey (2016), 7.4 million MSMEs en-
gage over 90% of the active labor force in the country, and contribute just above a third of
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the GDP. Approximately 55% of these MSMEs are owned by women, and 98% are micro
enterprises.’

The average education level for micro-entrepreneurs is approximately 11 years, yet adop-
tion of basic best practices for business management is dismally low. About 78.6% of micro-
entrepreneurs do not advertise any of their products in any way and 69.8% don’t keep any
type of business records to keep track of daily sales or expenses. Furthermore, less than 10%
of micro-entrepreneurs account for prices of their competitors when setting prices for their
own products and services.

These statistics highlight a clear gap in management skills that could be constraining
profitability, which can potentially be addressed through business management trainings.
However, conventional business trainings are not affordable for micro-entrepreneurs and the
scale of externally funded programs is very limited. Due to this, 90% of micro-entrepreneurs
surveyed in Micro, Small and Medium FEnterprises Survey (2016) had never received any
type of business training, which highlights the need for an affordable and scalable solution
that can cost-effectively extend this support to a wider population.

All these contextual features make Kenya a highly appropriate empirical setting to test
the effectiveness of SMS-based business trainings.

1.3 Research Design

This section describes the primary intervention in the study and the randomization design.

1.3.1 The Intervention: SMS-based Business Training

The primary treatment consisted of an SMS-based Business Education training course, which
was accessible through smartphones as well as feature-phones, and required no internet
access. This course was developed by my primary implementing partner, a Kenyan education
technology company that specializes in creation and dissemination of digital training content
for audiences including small farmers and micro-entrepreneurs. For this project, I focus on
their SMS-based business training course for micro-entrepreneurs. This course was developed
in light of existing research on the importance of keeping training content simple in low-
capacity contexts (Drexler, Fischer and Schoar (2014); Arrdiz, Bhanot and Calero (2019)),
and adapted to the local context through extensive qualitative piloting. Information about
best practices was conveyed in an easy-to-internalize narrative format describing decision-
making of hypothetical micro-entrepreneurs in different scenarios.

Available in English as well as Swahili (the two national languages of Kenya), the train-
ing covered practices including marketing, advertising, pricing, record-keeping, and stock
management. The content was divided into bite-sized chunks spanning over approximately
150 text messages, and was pushed to users through a chat-bot. The chat-bot was interac-
tive, and users had to keep engaging with it by replying to its messages to keep receiving

®Less than 10 employees.
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more content. All text messages sent to the chat-bot were completely free, and users were
informed about this up front. Figure 1.1 shows what engagement with the content looked
like for users.®

The content was organized in a fixed sequence and users could go through the sequence
at their own pace by only responding to the chat-bot when they wanted additional content.
The entire training could be completed in four to six hours if one wanted to do it in one
go. Users retained access to all content that they had engaged with up until any point,
and could revisit it offline on their phones at will. Those who either did not start engaging
with the training content, or started but subsequently abandoned engagement for at least a
week, were sent an SMS reminder every week. The weekly reminders were halted if the user
engaged at any time and would resume if engagement was abandoned for a week again. The
reminders completely stopped after two consecutive months of no engagement.

This training is similar to other light-touch simplified content used for remotely support-
ing micro-entrepreneurs as well as small-scale agriculturists in low-income settings. Due to
this, I expect results from this study to speak to the efficacy of this tool more generally
instead of in the specific context of this experiment alone.

1.3.2 Randomization Design

Stratified by gender, the primary sample of 4,701 micro-entrepreneurs who had agreed to
participate in the study was randomized at the level of the individual into two groups:
(I) Treatment, and (II) Control. The Treatment group of 2,820 micro-entrepreneurs (60%
of the study sample) was offered access to the SMS-based business training described in
the preceding section.” The Control group of 1,881 micro-entrepreneurs (40% of the study
sample) received placebo messages designed to remind them about their business without
providing any substantive information on best practices. Comparing outcomes across these
two groups will allow for the evaluation of the effectiveness of SMS-based business trainings.

1.4 Data and Timeline

There are three main sources of data for the project: (I) back-end data from the SMS
platform, (II) Midline survey, and (III) Endline Survey. In addition to these, I use an online
elicitation of predictions for treatment effects from social science researchers. In this section,
I offer more details about these data sources and the timeline of research activities.

5The entire content of the training cannot be provided due to commercial reasons.
"The Treatment group was designed to be larger to accommodate outreach requirements from imple-
menting partner.
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1.4.1 Main Data Sources

The implementing partner provided the back-end engagement data from the SMS training
platform. This data contains information about how engagement levels of each entrepreneur
changed over the course of the study period.

The second main data source is the Midline survey conducted three months after the
intervention. Approximately 700 randomly selected leads from the primary sample were
approached for the phone-based data collection activity, resulting in 307 completed surveys.®
Response rates in the Treatment and Control groups were 45% and 42%, respectively, with
an overall response rate of 43.9%. In addition to demographic information, the Midline data
consists of outcomes including measures of knowledge and adoption of best practices, time
spent on business and side jobs in the last 30 days, labor hours employed in business in the
last 30 days, loans applied for and received in the last 3 months, and business sales, profits
and survival in the last 30 days.

The third data source is the Endline survey conducted twelve months after the inter-
vention. The full sample of 4,701 leads was approached for the phone-based data collection
activity, resulting in 2,780 completed surveys. The response rate in the treatment, control
and overall sample was the same at 59%. This is higher than the response rate in the Mid-
line since more time was spent on calling back leads for which the respondent could not be
reached in the first attempt. In addition to the outcomes measured in the Midline survey, the
Endline data also consists of knowledge and adoption of more advanced business practices,
and sales and profits from all businesses combined in the last 30 days, and time spent on
business as well as labor hours employed in the last 7 days. Compared to the Midline, the
Endline thus covered more outcomes for a larger sample.

1.4.2 Predictions for Treatment Effects

In order to determine whether the main findings from this study depart from priors held by
social science experts, I conducted a survey through the Social Science Predictions Platform
(Mehmood (2023)). In this survey, I described the study to social science researchers and
elicited their predictions about how key outcomes will be affected twelve months after the
SMS training intervention. More specifically, I ask them about their expectations for (i) the
extensive margin engagement - i.e. what proportion of those offered the SMS training will
have started engaging with it, (ii) the intensive margin engagement - i.e. what proportion
of the training content will the average individual in the treatment group will have engaged
with, (iii) the effect of treatment assignment on knowledge about best practices, (iv) effect of
treatment assignment on adoption of best practices, (v) the effect of treatment assignment
on sales from primary business in the last 30 days, and (vi) the effect of treatment assignment
on profits from primary business in the last 30 days.

8Those who had started engaging with content at the time were slightly over-sampled in the treatment
group due to reporting requirements from implementing partner, but all analyses for this paper adjusts the
weighting of observations to account for the sampling strategy.
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In addition to improving interpretation of results by credibly highlighting whether the
findings are unexpected and informative, comparing research findings with expert forecasts
contributes to broader efforts aimed at improving accuracy of forecasts in the field, mitigating
publication bias, and improving experimental designs in future work; see DellaVigna, Pope
and Vivalt (2019) for a more detailed discussion of benefits.

1.4.3 Sample

The primary sample for the intervention came from a list of micro-entrepreneurs maintained
by my primary implementation partner in collaboration with a local microfinance institution.
This list was compiled through fieldwork they conducted all over Kenya with the aim of
collecting contact information of micro-entrepreneurs to target their services to. Subjects
were invited to participate in the study over SMS and offered an incentive of KES 100°.
Those who accepted and signed on to the SMS platform were randomized into groups as
detailed in Section 1.3.2. Figure 1.2 shows that the entrepreneurs in the sample were very
widely spread out geographically across Kenya, which bolsters the external validity of the
findings from this sample. Figure 1.3 shows that an overwhelming majority of businesses in
the sample either fall into the category of retail or services.

No baseline survey could be conducted for the study due to timing and logistical con-
straints, and the only information available for each entrepreneur was their gender. I there-
fore draw on Midline and Endline data on covariates that are unlikely to change systemati-
cally across the randomization groups over the course of the study (e.g. years of education,
age etc.), in addition to a limited set of retrospectively framed questions (e.g. did the re-
spondent have a job in December 2021 etc.), for showing pre-intervention summary statistics,
balance checks and heterogeneity analyses.

Table A.1.1 in Appendix A.1 presents summary statistics for these pre-intervention co-
variates for the Midline and Endline samples. Almost half the micro-entrepreneurs in the
study sample are women and approximately 45% are based in rural areas. The average
micro-entrepreneur has just under 12 years of education, and is between 35 and 36 years old.
About 87% had an active business and 40% had an active loan at the time of the intervention
deployment.

Table A.1.2 shows that pre-intervention covariates are largely balanced across Treatment
and Control groups, for Midline as well as Endline.

1.4.4 Timeline

Below, I summarize the timeline of the experiment implementation and the main data col-
lection activities.

9Roughly equal to 1 USD at the time.
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Nov 2021 - Dec 2021 s

Intervention: Recruitment into Study and Intervention
Deployment

March 2022 ¢

Midline Survey: Phone-based data collection on
knowledge and adoption of best business practices, and
business outcomes

Nov 2022 - Dec 2022

Endline Survey: Phone-based data collection on wider
range of knowledge and adoption of best business practices,
and business outcomes

Oct 2023 - Nov 2023 ¢

Social Science Predictions Platform Survey: Online
elicitation of predictions for treatment effects from social
science researchers

1.5 Results

This section reports the main results from the study. First, I report the main specifications
used for all the analyses. Second, I present results from the Midline survey, detailing treat-
ment effects on engagement, knowledge and adoption of best practices, business performance,
and mechanisms. Third, I present results from the Endline survey in the same order. I then
move on to comparisons of observed effects with predictions elicited from social scientists.

1.5.1 Specifications

I present results using two main specifications: the first uses OLS Intention-To-Treat (ITT)
estimates of treatment assignment, the second uses Local Average Treatment Effect (LATE)
estimates where engagement in the training is instrumented by treatment assignment. Both
estimation strategies control for gender, which is the stratifying variable. I discuss each
specification below.

The first estimation strategy produces I'TT estimates of treatment group assignment on
the outcomes of interest. The following equation represents the main specification:

Y; = By + Pitreatment; + X0 + ¢; (1.1)

where Y; is the outcome of interest for individual i, treatment; is the treatment indicator,
X; is a vector of controls including gender and pre-intervention covariates (if included) with
0 representing the associated coefficients, ¢; is the error term, and [; is the I'TT estimate.

The second estimation strategy produces LATE estimates for the effect of treatment on
the outcomes of interest. The following equations represent the main specification:

eng; = Yo + ntreatment; + X + n; .
Y; = Bo + Bieng; + X;0 + ¢ (1.3)
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where Y; is the outcome of interest for individual i, eng; is a binary indicator for engagement
in the training, treatment; is the treatment indicator (instrument), X; is a vector of controls
including gender and pre-intervention covariates (if included) with v and 6 representing the
associated coefficients, n; and ¢; are error terms, and ; is the LATE estimate.

Heterogeneity analysis is based on ITT estimates (as in Equation 1) from the relevant
subsamples (e.g. results using respondents of median age and above, and those using respon-
dents of below median age etc.), with the difference in treatment effects across subsamples
estimated using the following equation:

Y; = By + Pitreatment; * m; + Botreatment; + Bsm; + X0 + [m; * X;)'C + ¢ (1.4)

where Y; is the outcome of interest for individual i, treatment; is the treatment indicator, m;
is the binary covariate of interest for heterogeneity analysis, X; is a vector of other controls
including gender (except for the heterogeneity analyses for gender, where it is accounted for
by m;) and other pre-intervention covariates (if included) with ¢ representing the associated
coefficients, € is the error term, and [ is the estimated difference in treatment effects across
the subsamples.

As per my registered pre-analysis plan, I explore heterogeneity of treatment effects along
four dimensions: (i) gender, (ii) age, (iii) rural/urban, and (iv) education.

1.5.2 Midline

In this section, I examine effects on key outcomes for the Midline sample, measured three
months after the intervention deployment.

1.5.2.1 Engagement at Midline

Table 1.1 shows the treatment effect on engagement with the training content using four
different measures of engagement. Column 1 shows the effect of treatment assignment on
extensive margin engagement - i.e., a binary indicator for whether or not the individual
started engaging with the content. Column 2 shows the effect on whether or not the individ-
ual engaged with at least 25% of the training content. Column 3 shows the treatment effect
on intensive margin engagement, conditional on starting to engage - i.e. the proportion of
training content engaged with given that the individual started engaging. Finally, Column
4 shows the treatment effect on unconditional intensive-margin engagement - i.e., the pro-
portion of training content that the individual engaged with, including engagement of those
who never engaged as zero. No controls are added to these regressions.

I find that roughly 30% of the treatment group had engaged with the training three
months after the intervention. Owverall, only 8.4% of treatment individuals completed at
least one-fourth of the training, (Table 1.1 Column 2). Conditional on starting to engage,
average percentage of training content completed was 23.4% (Table 1.1, Column 3), and the
unconditional average percentage training content completed was 7% (Table 1.1, Column 4).
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Taken together, these results suggest that engagement levels three months after the interven-
tion were generally low; most treatment group individuals did not start engaging, and those
that did, only covered a quarter of the training content on average. Heterogeneity results
by age (above or below median age) show that younger entrepreneurs engaged significantly
more with the content (Table A.2.1).

1.5.2.2 Knowledge and Adoption at Midline

Next, I examine whether engaging with the content affected knowledge and adoption of
best business practices. Table 1.2 shows the OLS (Columns 1 and 3) and 2SLS (Columns
2, and 4) estimates on means effect indices of knowledge and adoption of best practices,
respectively. Coefficients show effects in terms of control group standard deviations (SD).
The endogenous variable in Columns (2) and (4) is whether or not the individual engaged
with training content. Results show that the training led to a 0.198 SD increase in knowledge
of best business practices, which was statistically significant at the 10% level (Table 1.2
Column 1). Conditional on engaging with any of the content (Table 1.2 Column 2) there is
a 0.67 SD effect, which is also significant at the 10% level.

Turning to adoption, I see a positive and statistically significant effect of treatment assign-
ment on adoption of best business practices. The OLS regression indicates that assignment
to the treatment increases adoption of best business practices by 0.332 SD, with the effect
being statistically significant at the 5% level. The LATE estimate is also statistically signifi-
cant, with an effect of 1.115 SD. I find that this large and statistically significant increase in
the adoption index is driven by an increase in advertising (putting up posters/flyers adver-
tising products/services); Table A.2.2 shows that treatment individuals are 8.4 percentage
points more likely to put up posters on average compared to those in the control group.
Conditional on covering the module on advertising, the effect estimate is 81.2 percentage
points and still highly statistically significant (Column 6).

1.5.2.3 Sales, Profits, and Business Survival at Midline

Finally, I examine business sales, profits, and survival at Midline in order to test whether
the gain in adoption of best business practices led to meaningful improvements in business
outcomes three months after the intervention. Table 1.3 shows the I'TT and LATE estimates
of the effect of SMS trainings on primary business sales and profits from last 30 days, and
business survival. Coefficients in Columns (1) through (4) represent effects in terms of
Kenyan Shillings, while those in columns (5) and (6) represent probability of the individual
having an active business.

The effect of assignment to treatment was positive for sales (KES 5,721) and profits
(KES 1,680.6) in the last 30 days, as well as business survival (4.14 percentage point higher
survival) in the overall sample, however these effects are not statistically significant.

I do find larger and statistically significant impacts of trainings on business perfor-
mance for micro-entrepreneurs of below-median age. Table A.2.3 shows that observable
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pre-intervention covariates are balanced across treatment and control, for younger as well as
older entrepreneurs, which shows that the treatment and control groups within each of these
age groups are comparable. Table A.2.4 shows the treatment effects; I find that for younger
entrepreneurs, the training increased sales by KES 35,607 (a 109% increase), which is sta-
tistically significant at the 5% level. Profits increased by 38% but this increase in borderline
insignificant at the 10% level with a p-value of 0.115. Finally, younger entrepreneurs in the
treatment group saw a positive and statistically significant increase in business survival of
11.6 percentage points. Business sales and business survival are statistically significantly
different across above- and below-median-aged entrepreneurs.

1.5.2.4 Midline Mechanisms

Results thus far show that the treatment induced some engagement with the content, par-
ticularly for younger entrepreneurs, and improved knowledge and adoption of best business
practices. Sales, profits, and business survival increase overall, but only statistically signifi-
cantly so for younger (below-median-age) micro-entrepreneurs. I examine three mechanisms
to better understand these effects: (1) time spent on business, (2) labor employed in business,
and (3) credit outcomes.

Results show that the treatment led business owners to work an additional 28.88 hours on
their primary business in the last 30 days - an increase of 16 percent from the control mean
of 178.6 hours (Table 1.4). Table A.2.5 shows a similar increase when I consider time spent
on all businesses combined to account for cases where the entrepreneur had more than one
business. To determine whether this was a result of reallocation of time away from leisure
or other income generating activities, I also look at the effect of treatment assignment on
time spent on side jobs; Table A.2.6 shows a small negative but statistically insignificant
coefficient for the effect on time spent on side jobs, so I don’t find evidence for a reallocation
of time away from side jobs, suggesting that the additional time spent on business could be
resulting from reallocation away from leisure.

Table 1.4 further shows that treatment assignment did not have a statistically significant
impact on labor hours employed, loan amount applied for, nor loan amount received.

Table A.2.7 examines time spent on business by age, and finds a statistically significant
difference for younger individuals. The training led below median-age individuals to spend
67 more hours on their primary business and 70.9 more hours on all of their businesses
combined in the last 30 days, and the differences between above and below median age
households is statistically significantly different at the 5% level. There is no statistically
significant difference in labor hours employed by age (Table A.2.8), but I find that younger
entrepreneurs applied for and received significantly larger loans (Table A.2.9).

Taken together, these results suggest that the increased engagement, time spent on busi-
ness, and loan amount applied for and received may explain the improvement in business
performance experienced by younger micro-entrepreneurs as a result of the SMS training.
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1.5.2.5 Midline Summary of Results

To summarize the Midline results, I find that the treatment group engaged with the train-
ing content but engagement levels were low. Despite this, the treatment micro-entrepreneurs
saw significant improvements in knowledge and adoption of best practices, and large positive
but statistically insignificant effects on business sales, profits and survival. Furthermore, I
find that younger entrepreneurs see large statistically significant increases in business per-
formance, driven by higher engagement, more time spent on business, and applying for and
receiving larger loans.

1.5.3 Endline

In this subsection, I examine longer run effects of the SMS business training using data from
the Endline survey, which was conducted twelve months after the intervention deployment,
and covered a wider set of outcomes compared to the Midline.

Since the scale of the Midline Survey was considerably smaller than that of the Endline
(which targeted the full study sample), there can be a concern that the samples for the two
rounds of data collection are systematically different and thus a comparison of treatment
effects across Midline and Endline doesn’t show how effects changed over time, but rather
effects at different time periods for different samples. I argue that this is not likely the case
as: (i) Table A.3.1 shows that within the Endline, the sample matched with the Midline'®
is very similar to the sample that is not matched with the Midline, in terms of observable
pre-intervention covariates, (ii) the two samples are also very similar in terms of control
group outcomes (Table A.3.2), and (iii) I check robustness of observed effects at Endline to
restricting the analyses to the Endline sample that was also covered in the Midline, and find
no meaningful difference in results.

The following subsections present the observed treatment effects at Endline, paralleling
the Midline analyses.

1.5.3.1 Engagement at Endline

This subsection examines the engagement with the training content at Endline, measured
twelve months after the launch of the intervention. Mirroring the format of Table 1.1, Column
1 of Table 1.5 shows the effect of treatment assignment on extensive margin engagement,
Column 2 shows the effect on whether or not the individual engaged with at least 25% of
the training content, Column 3 shows the effect on intensive margin engagement conditional
on starting to engage, and Column 4 shows the effect on the unconditional intensive margin
engagement.

I find that 28% of the treatment group had engaged with the training twelve months
after deployment, with 8.2% covering at least 25% of the content (Column 2). Conditional

00ut of 307 entrepreneurs surveyed in the Midline, 227 were surveyed again in the Endline.
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on starting to engage, the average engagement was 23.3% (Column 3), and the unconditional
average engagement was 6.5% (Column 4).

These results are largely the same as the results at Midline, suggesting that there was
little if any engagement beyond the first three months of the intervention.

1.5.3.2 Knowledge and Adoption at Endline

At Endline, in addition to testing knowledge and adoption of basic business practices (covered
in Midline), I also test knowledge and adoption of more advanced business practices which
were not explicitly covered by the training content. Table 1.6 shows the ITT and LATE
estimates for the treatment effect of SMS trainings on means effect indices of basic and
advanced knowledge and adoption. Results show no significant improvement in knowledge
or adoption of best business practices - both for basic as well as advanced practices - twelve
months after the intervention. Running the same analysis but with the Midline matched
sample shows the same result of no effects for basic as well as advanced practices (Table

A4.2).

1.5.3.3 Sales, Profits, and Business Survival at Endline

Table 1.7 shows that the training had no effect on sales and profits from primary business
in the last 30 days, as well as on business survival twelve months after the intervention.
While the coefficient signs are negative, the magnitudes are very small and the p-values
are very large. Table A.4.3 shows the results from running the same regressions with the
Midline sample; I find the same takeaway of no significant effect of SMS trainings on business
performance.

In the Endline, I measure business performance not just for the primary business, but
also for all businesses combined, to account for any reallocation across businesses for those
who have more than one. Table A.4.4 shows that including other businesses into the equation
does not change the results, and Table A.4.5 confirms that the story stays the same when I
restrict the analysis to the Midline-matched sample.

In the Midline, younger entrepreneurs saw significant effects on primary business per-
formance, so I check for heterogeneity by age in the Endline as well; I find no effects for
younger entrepreneurs (Table A.4.3), and this result does not change when I restrict the
analysis to the Midline-matched sample (Table A.4.7). T also check for effects on business
performance across younger and older entrepreneurs aggregating sales and profits across all
businesses, but I see the same result in the full Endline sample (Table A.4.8), as well as the
Midline-matched sample (Table A.4.9).

1.5.3.4 Endline Mechanisms

I examine the same potential mechanisms at Endline as I did at Midline. Table 1.8 indicates
that there was a negative and statistically significant decrease in hours worked on primary
business for treatment individuals, but the magnitude is small compared to positive effects
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observed at Midline (9.7 hours less vs. 29 hours more in the last 30 days), with this negative
effect primarily driven by rural entrepreneurs. Table A.4.10 shows that the negative effect
goes away when I restrict the analysis to the Midline-matched sample. Tables A.4.11 and
A.4.12 show that the negative effect on hours worked on primary business is also not robust
to aggregating time spent across all businesses, and when focusing on the Midline-matched
sample for this analysis too. Taken together, I interpret these results as not showing evi-
dence of a treatment effect on time spent on business twelve months after the intervention.
Moreover, Tables A.4.13 and A.4.14 show that there is no significant effect on time spent on
side jobs either.

Furthermore, I find that younger entrepreneurs no longer spend more time on business;
whether I look at the last 30 days (Tables A.4.15 and A.4.16), or the last 7 days (Tables
A.4.17, and A.4.18).

Tables A.4.19, A.4.20, A.4.21, and A.4.22 show that there are no effects of treatment
assignment on labor hours employed as well.

Lastly, I observe that the positive treatment effects for younger entrepreneurs on loan
amounts applied for and received also disappear (Tables A.4.23 and A.4.24).

Taken together, these results show that there was no meaningful improvement in any of
the intermediate business outcomes twelve months after the launch of the training.

1.5.3.5 Endline Summary of Results

In summary, all positive effects observed at Midline were short-lived, and within twelve
months of the intervention, there was no difference across treatment and control individuals
on average in terms of any outcome of interest.

This lack of effects could potentially be explained by the fact that engagement levels
looked very similar at Midline and Endline, suggesting that there wasn’t much engagement
beyond the three month follow-up. This is largely confirmed by the time trend of aggregate
engagement levels measured by the SMS training platform. Figure 1.4 shows the survival
curve of engagement of all approximately 30% of the treatment group that started engaging
with the content during the course of the study. The figure reveals that all interactions with
the SMS training platform ended within the first few months of the intervention, and well
before the Endline. Despite the two month long reminder protocol described in Section 1.3,
almost no one in the treatment group interacted with the SMS chat-bot after June 2022.

1.5.4 Predictions vs Observations

Are the main results I observe expected and obvious, or are they surprising and informative?
Hindsight bias makes it hard to objectively answer this question once the results are revealed.
I circumvent this problem by eliciting predictions for the Endline treatment effects from social
science researchers without informing them about my findings, as detailed in Section 1.4.2.
In this section, I present comparisons of predicted and observed treatment effects to argue
that the findings in this study are indeed surprising and informative.
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The predictions survey received 70 responses, with half of the sample consisting of PhD
student researchers, and the other half consisting of researchers with a PhD who are at
more advanced stages in their careers (academic faculty, post-docs, and researchers at think
tanks and policy organizations). About 89% of the respondents listed Economics as one
of their main disciplines, and 7.7% listed Political Science. Other social science disciplines
represented, but in significantly smaller numbers, included Psychology and Sociology.

Figures 1.5, 1.6, and 1.7 illustrate how the predicted treatment effects for Endline compare
with observed effects at Midline and Endline. In all three figures, the red circle shows the
mean of the distribution of predictions for the treatment effect, while the red rectangle
represents the inter-quartile range, with the line inside the rectangle representing the median.
Observed treatment effects at Midline and Endline are represented by a gray rhombus and
a black triangle, respectively, with error bars showing 90% confidence intervals.

Figure 1.5 shows how extensive and intensive margin engagement at Endline compares
with observed levels. Respondents predicted that about 50% of the treatment group will have
started engaging with the training content by Endline, and the average micro-entrepreneur
in the treatment group will have covered approximately 40% of the training content. The
actual engagement levels observed are much lower; only about 30% of the treatment group
had started engaging by Midline, and the extensive margin engagement stood at the same
level by the Endline. Additionally, the average micro-entrepreneur in the treatment group
only covered approximately 7% of the training content by Midline, and this unconditional
intensive margin engagement level stayed largely the same by the Endline.

Figure 1.6 shows respondent expectations for the effect of assignment to treatment on
knowledge and adoption of best practices in terms of control group standard deviations.
Respondents predicted that knowledge and adoption will increase by approximately 0.3 and
0.2 standard deviations, respectively, at the Endline. While I observe 0.2 and .33 standard
deviations increases in knowledge and adoption at Midline, respectively, these positive effects
disappear by the Endline. Hence, I find that respondents also overestimated the effect of
treatment assignment on knowledge and adoption of best practices twelve months after the
intervention.

Figure 1.7 shows a similar story for effects on sales and profits. Respondents predicted a
13% and 12% increase in sales and profits in the Endline, respectively. While observed effects
in Midline are of similar magnitudes as the predictions, albeit statistically insignificant, the
observed effects are close to zero for the Endline. I therefore find that respondents also
overestimated the effect of treatment assignment on sales and profits twelve months after
the intervention.

Lastly, while I find no meaningful difference between predictions given by PhD student
researchers and more advanced PhD researchers, I observe that those that are more confident
about their predictions overestimate treatment effects the most - Figure A.5.1 illustrates
the correlation between predictions for treatment effects and the reported confidence in
predictions reported by respondents.

In light of these results, I conclude that social science researchers overestimate the poten-
tial of SMS-based trainings to improve outcomes for micro-entrepreneurs, and the findings
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from this study are thus contrary to priors. Updating these priors is important as invest-
ment of resources into such remote information-based support programs by policy makers
and practitioners are often informed by beliefs about impacts held by social scientists.

1.6 Conclusion and Policy Implications

This paper assesses the potential of SMS-based business trainings to improve business out-
comes for micro-entrepreneurs via a field experiment in Kenya, and compares the findings
with priors held by social science researchers. About 4,700 micro-entrepreneurs recruited over
SMS were randomized into a Treatment and a Control group; the 2,820 entrepreneurs in the
Treatment group were provided access to SMS-based training content, while the remaining
1,880 were sent placebo messages aimed at reminding them about their business.

Three months after the intervention, I find positive effects on knowledge and adoption
of best practices, particularly for advertising, and large positive but statistically insignifi-
cant effects on business sales, profits and survival. I further find significant positive effects
on business performance for younger entrepreneurs, driven by higher engagement with the
training content, and larger increases in time spent on business, and amount of credit applied
for and received.

However, these positive results dissipate in the longer run; twelve months after the in-
tervention, I see no effects on knowledge and adoption of best practices, as well as business
sales, profits and survival. Additionally, the positive effects on business outcomes observed
for younger entrepreneurs after three months also disappear within twelve months. The
time-trend of engagement further reveals that the lack of longer-run effects is likely driven
by micro-entrepreneurs abandoning all interactions with the content within the first few
months of the intervention.

I therefore conclude that, despite their growing popularity, SMS-based trainings on their
own are unlikely to be effective for micro-entrepreneurs. Comparing results with elicited
priors of social science researchers reveals that social scientists overestimate the potential of
SMS-based trainings, thus the findings from this study are surprising and informative.

The takeaways from this study direct attention towards an interesting question that can
be critical for maximizing impacts of remotely provided information-based support, and
should be an important research direction going forward; why was engagement low? There
can be two possible non-mutually exclusive components to blame for this - (i) the content,
and/or (ii) the content delivery.

If entrepreneurs judge the content to not be worth engaging with, they are unlikely
to invest the required time to finish it. It is unclear whether this factor played a major
role in this study as 70% of the treatment group never started engaging with the content,
and were thus not exposed to the training. Nevertheless, better content is an important
research direction, with a growing body of evidence on the benefits of simplifying the message
(Drexler, Fischer and Schoar (2014); Arraiz, Bhanot and Calero (2019)), adding psychology-
based personal initiative oriented content (Campos et al. (2017)), and also customizing the



CHAPTER 1. SHORT MESSAGES FALL SHORT FOR MICRO-ENTREPRENEURS:
EXPERIMENTAL EVIDENCE FROM KENYA 18

content in light of the needs of the recipients (Fabregas et al. (2022)), and further research in
this direction can help move the needle more on addressing the challenge of low engagement
in remotely provided trainings.

The other reason for low engagement can be the nature of the content delivery. This
component perhaps speaks to why, despite having access to basic as well as advanced knowl-
edge about countless subjects through the internet!!, we still have to attend school and
other classroom-type environments for acquiring knowledge and skills beyond foundational
language and mathematics. Indeed, qualitative interviews with a small subset of individuals
in the treatment group reveal that the reason micro-entrepreneurs did not engage with the
content was that they were ”busy during the day with customers” and then ”forgot to engage
after getting free”, suggesting behavioral constraints might be playing an important role in
limiting engagement. I leave a deeper dive into possible behavioral drivers in this context to
future work. Further research in this direction, possibly guided by insights from psychology
and behavioral economics (as reflected in the likes of Della Vigna and Malmendier (2006);
Bai et al. (2021); de Oliveira (2023)) can add to our understanding of what makes people
engage with remotely provided content, which can greatly help unlock the full potential of
digital technologies for remote learning.

U Through resources including Youtube, Khan Academy, Udemy, Coursera, Lynda, Skillshare, Udacity
etc.
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1.7 Main Tables and Figures
1.7.1 Main Tables

1.7.1.1 Midline

Table 1.1: Midline: Engagement

(1) (2) (3) (4)
Engaged Covered > 25% % Covered (cond.) % Covered (uncond.)

Training 0.298*** 0.0844*** 0.234*** 0.0698***
(0.0306) (0.0150) (0.0229) (0.00988)

Control Mean 0 0 0 0

Observations 307 307 229 307

Notes: This table shows the output from OLS regressions of four measures of engagement on treatment
assignment at Midline, with no controls added. Column (1) shows effect of treatment assignment on extensive
margin engagement - i.e. whether or not the individual started engaging with content. Column (2) shows
the effect on whether or not the individual engaged with at least 25% of the training content. Column (3)
shows the effect on percentage of training content that the individual engaged with conditional on starting
to engage. The observations used for this regression exclude the 78 individuals in the treatment group who
had not started engaging with the content, thus the number of observations is 307 - 78 = 229. Column (4)
shows the unconditional effect on percentage of training content that the individual engaged with. Standard
errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 1.2: Midline: Knowledge and Adoption of Best Practices

Knowledge Adoption
OLS v OLS v

Training .198* .332%*
(.118) (.155)
Engaged 673* 1.115**
(.404) (.535)
Female .0402 .00138 -.175  -.243
(.117) (.123) (.183)  (.208)
P-value .0953  .0957 .0330  .0371
Control Mean 0 0 0 0

Observations 307 307 297 297

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on means effect indices of knowledge and adoption of best practices at Midline. Coefficients represent effects
in terms of control group standard deviations. Columns (1) and (3) show output from OLS regressions, and
columns (2) and (4) show output from 2SLS regressions where the endogenous variable is whether or not the
individual engaged with training content. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05,
K p < 0.01.

Table 1.3: Midline: Sales, Profits and Survival

Sales Profits Survival
OLS v OLS v OLS v
Training 5721.0 1680.6 .0414
(10814.3) (1601.9) (.0326)
Engaged 19112.7 5407.1 141
(35918.8) (5134.1) (.111)
Female -34684.4***  -35888.4*** -T7H67.2** -7926.3*** -.0350 -.0431
(11785.7) (12228.7) (1674.6) (1837.3)  (.0299) (.0311)
P-value D97 .595 295 .292 .204 207
Control Mean 47581.2 47581.2 10886.9 10886.9 908 908
Observations 290 290 294 294 307 307

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on primary business sales and profits from last 30 days, and business survival at Midline. Coefficients in
columns (1) thought (4) represent effects in terms of Kenyan Shillings, while those in columns (5) and (6)
represent probability of individual having an active business. Columns (1), (3) and (5) show output from OLS
regressions, and columns (2), (4) and (6) show output from 2SLS regressions where the endogenous variable
is whether or not the individual engaged with training content. Robust standard errors in parentheses. * p
< 0.10, ** p < 0.05, *** p < 0.01.
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Table 1.4: Midline: Intermediate Outcomes
Hrs. worked Lab. Hrs. employed Loan Applied Loan Received
OLS v OLS v OLS v OLS v
Training 28.88* 4.933 -365.6 987.1
(16.52) (29.64) (7629.7) (5570.2)
Engaged 108.4* 16.74 -1240.6 3349.5
(63.22) (100.0) (25767.3) (18792.9)
Female -5.896  -12.26 -81.69** -82.66™** -14817.1**  -14745.6** -11173.2** -11366.5**
(16.94) (18.25) (26.02) (25.56) (6344.6) (6715.8) (5249.0) (5669.1)
P-value .0817 .0864 .868 .867 .962 .962 .859 .859
Control Mean 178.6 178.6 122.6 122.6 13818.3 13818.3 10104.6 10104.6
Observations 269 269 307 307 307 307 307 307

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings on

hours worked and labor hours employed in the primary business in the last 30 days, and loan amounts applied
for and received (in Kenyan Shillings) in the last 3 months at Midline. Columus (1), (3), (5), and (7) show
output from OLS regressions, and columns (2), (4), (6), and (8) show output from 2SLS regressions where
the endogenous variable is whether or not the individual engaged with training content. Robust standard
errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

1.7.1.2 Endline

Table 1.5: Endline: Engagement

) ®) ®) )
Engaged Covered > 25% % Covered (cond.) % Covered (uncond.)
Training 0.280** 0.0821** 0.233** 0.0651**
(0.0110)  (0.00672) (0.0115) (0.00411)
Control Mean 0 0 0 0
Observations 2780 2780 1578 2780

Notes: This table shows the output from OLS regressions of four measures of engagement on treatment
assignment at Endline, with no controls added. Column (1) shows effect of treatment assignment on extensive
margin engagement - i.e. whether or not the individual started engaging with content. Column (2) shows
the effect on whether or not the individual engaged with at least 25% of the training content. Column (3)
shows the effect on percentage of training content that the individual engaged with conditional on starting
to engage. Column (4) shows the unconditional effect on percentage of training content that the individual
engaged with. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 1.6: Endline: Knowledge and Adoption of Best Practices

Basic Knowledge Basic Adoption Advanced Knowledge Advanced Adoption

OLS v OLS v OLS v OLS v
Training .0248 -.0638 -.0355 -.0223
(.0384) (.0399) (.0387) (.0410)
Engaged .0887 -.222 -.127 -.0777
(.137) (.139) (.138) (.143)
Female 0127 .0113 -287 2284 0833 -.0814* -.0491 -.0479
(.0376)  (.0376) (.0390) (.0391) (.0382) (.0383) (.0405) (.0405)
P-value 518 518 110 110 .359 .359 .H86 .H86
Control Mean 0 0 0 0 0 0 0 0
Observations 2780 2780 2563 2563 2780 2780 2563 2563

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on means effect indices of basic and advanced knowledge and adoption of best practices at Endline. Basic
knowledge and basic adoption indices are similar to the knowledge and adoption indices analysed for the
Midline, while the advanced knowledge and adoption indices are based on best practices are a bit more
advanced and not necessarily directly mentioned in the SMS-trainings. Coefficients represent effects in terms
of control group standard deviations. Columus (1), (3), (5), and (7) show output from OLS regressions, and
columns (2), (4), (6), and (8) show output from 2SLS regressions where the endogenous variable is whether
or not the individual engaged with training content. Robust standard errors in parentheses. * p < 0.10, **
p < 0.05, *** p < 0.01.

Table 1.7: Endline: Sales, Profits and Survival

Sales Profits Survival
OLS v OLS v OLS v
Training -2206.5 -220.6 -.0159
(3534.1) (1009.0) (.0112)
Engaged -7891.3 -789.6 -.0568
(12640.7) (3610.8) (.0400)
Female -34537.5%*  -34415.8*** -9444.3** -9432.7** .00903 .00990
(3380.7) (3389.6) (982.3) (982.6) (.0111) (.0111)
P-value .532 .532 827 827 .154 .155
Control Mean 59356.0 59356.0 19453.4 19453.4 915 915
Observations 2772 2772 2770 2770 2779 2779

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on primary business sales and profits from last 30 days, and business survival at Endline. Coefficients in
columns (1) thought (4) represent effects in terms of Kenyan Shillings, while those in columns (5) and (6)
represent probability of individual having an active business. Columns (1), (3) and (5) show output from OLS
regressions, and columns (2), (4) and (6) show output from 2SLS regressions where the endogenous variable
is whether or not the individual engaged with training content. Robust standard errors in parentheses. * p
< 0.10, ** p < 0.05, *** p < 0.01.
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Table 1.8: Endline: Intermediate Outcomes

Hrs. worked Lab. Hrs. employed Loan Applied Loan Received

OLS v OLS v OLS v OLS v
Training -9.702* -2.085 -667.9 -397.2

(4.459) (6.554) (2321.2) (2071.2)
Engaged -34.67* -7.438 -2384.6 -1418.2

(15.99) (23.38) (8282.3) (7390.0)

Female -2.011  -1.466 -68.08**  -67.97**  -7467.3** -7431.5"* -5751.0"** -5729.7***

(4.343) (4.364)  (6.368) (6.415) (2220.8)  (2217.8)  (1977.4)  (1973.8)
P-value .0296 .0302 .750 750 774 173 .848 .848
Control Mean  215.6 215.6 91.26 91.26 20392.3 20392.3 16813.0 16813.0
Observations 2777 2777 2778 2778 2780 2780 2780 2780

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings on
hours worked and labor hours employed in the primary business in the last 30 days, and loan amounts applied
for and received (in Kenyan Shillings) in the last 3 months at Endline. Columns (1), (3), (5), and (7) show
output from OLS regressions, and columns (2), (4), (6), and (8) show output from 2SLS regressions where
the endogenous variable is whether or not the individual engaged with training content. Robust standard

errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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1.7.2 Main Figures
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Figure 1.1: SMS Business Training Content
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(1/17) Setting the right price is key to
making profits in business. Learn how
to set your business up for profits.
Reply A to continue

(2/17) Do you know how to calculate
profits in a business?

1. Yes

2.No

Great! Calculating profits is important
in a business. Reply A to continue
learning more about setting prices.
Reply A to continue

(3/17) Jona and his friend Muna own
cereals shops in different areas. Muna
has not been making profits and she
suspects it's due to pricing Reply A to
continue

¥
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(4/17) Which statement is TRUE?
1. Too high prices decrease profits
because of less sales

2. Too low prices decrease profits
because of low profits

3. Both

Nice try. Too high prices chase
customers away so you sell less but
also too low prices decrease your
profits. Set fair prices always.

Reply A to continue

(5/17) Muna asked Jona for advice

on her business. First Jona advised
Muna that she must sell her goods and
services at competitive prices. Reply A
to continue

(6/17) To be competitive, find out how
much other sellers are selling similar
products and then try to sell slightly
lower to beat them. Rep v 2 continue

A
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(7/17)How do you set competitive
prices for your goods and services?
1. Sell higher than other sellers in the
market

2. Sell slightly lower than other sellers

Great. To be competitive, find out how
much other sellers are selling similar
products and then try to sell slightly
lower to beat them.

Reply A to continue

(8/17) Muna had challenges with
pricing. Jona taught her 4 simple steps
to use when setting competitive prices
for her goods and services. Reply A to
continue

(9/17) Step 1: Know the buying price
of your products. Knowing this will
help Muna set fair prices. Reply A to
continue v

@ [  Text(safaricom) a e ¢

Notes: This figure shows screenshots of interactions with the SMS-based chatbot as it pushes out content
to users. In this context, most micro-entrepreneurs set prices just based on their buying costs, without
accounting for prices of their competitors, so the content pushes them to change their pricing strategy.
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Figure 1.2: Geographical Spread of Study Sample
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Notes: This figure shows the geographical distribution of micro-entrepreneurs in the study sample. The
figure legend in the bottom-left assigns color-coding to number of micro-entrepreneurs based in each of the
47 counties of Kenya.
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Figure 1.3: Nature of Businesses
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Notes: This figure shows the composition of the study samples across Midline and Endline in terms of nature
of business of micro-entrepreneurs.
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Figure 1.4: Engagement Survival Curve
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Notes: This figure illustrates how interactions with the SMS platform were distributed throughout the study
period. The plot shows reverse cumulative engagement over time; for example, it shows that 80% of all the
interactions with the chat-bot throughout the course of the study, had ended by 4/1/2022. The shaded areas
represent the time-spans during which the Midline and Endline surveys were being conducted.
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Figure 1.5: Predictions vs. Observations - Engagement
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Notes: This figure shows how predicted treatment effects on extensive and intensive margin engagement for
the Endline compare with observed Midline and Endline effects. Effects are in terms of percentage points.
The distribution of the predicted treatment effect is illustrated in red, with the mean represented by the
circle, and the rectangle representing the inter-quartile range, with the line inside the rectangle indicating
the median. Observed Midline and Endline treatment effects are represented by a gray rhombus and a black
triangle, respectively, with error bars representing 90% confidence intervals.
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Figure 1.6: Predictions vs. Observations - Knowledge and Adoption
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Notes: This figure shows how predicted treatment effects on knowledge and adoption of best practices
for the Endline compare with observed Midline and Endline effects. Effects are in terms of control group
standard deviations. The distribution of the predicted treatment effect is illustrated in red, with the mean
represented by the circle, and the rectangle representing the inter-quartile range, with the line inside the
rectangle indicating the median. Observed Midline and Endline treatment effects are represented by a gray
rhombus and a black triangle, respectively, with error bars representing 90% confidence intervals.
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Figure 1.7: Predictions vs. Observations - Sales and Profits
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Notes: This figure shows how predicted treatment effects on business sales and profits in the last 30 days for
the Endline compare with observed Midline and Endline effects. Effects are in terms of percentage changes.
The distribution of the predicted treatment effect is illustrated in red, with the mean represented by the
circle, and the rectangle representing the inter-quartile range, with the line inside the rectangle indicating
the median. Observed Midline and Endline treatment effects are represented by a gray rhombus and a black
triangle, respectively, with error bars representing 90% confidence intervals.
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Chapter 2

Demand for SMS-Based Business
Trainings Amongst Kenyan
Micro-Entrepreneurs

2.1 Introduction

Most conventional in-person business training programs geared towards small businesses
are unaffordable for small business owners in low-income countries. For example, the av-
erage Kenyan micro-enterprise generates about USD 440" in a month (Micro, Small and
Medium Enterprises Survey (2016)), while the average per trainee cost of business trainings
in Kenya? can range from USD 125 to USD 900 (Mehtha (2017)). Due to this, business
training programs are typically provided to entrepreneurs free of cost, at substantial ex-
pense to government or donor organizations; some estimates suggest that over $1 billion is
spent annually to train 4-5 million entrepreneurs in low-income countries globally (McKenzie
(2020)). The high cost and model of delivery substantially limits the scale at which trainings
can be provided to entrepreneurs and also gives rise to sustainability concerns in the long
run.

Phone-based business trainings can be significantly lower-cost, and micro-entrepreneurs
could theoretically afford to pay for them out of pocket. A market-based approach would be
more sustainable and have stronger incentives for continuous improvement of service in the
direction of local needs. However, there is little evidence on whether and how much small
business owners in low-income settings would want to pay out of pocket for these trainings.

This paper seeks to address this gap by studying the demand for SMS-based business
trainings amongst micro-entrepreneurs in Kenya. Leveraging key components of the field
experiment studied in Chapter 1, I measure demand for trainings via two methods; First,

'Roughly equal to KES 48,000 at the time of the study.
2E.g., International Labour Organization (2024), which is a well known training implemented in Kenya
and several other countries.
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I examine buying decisions of 415 micro-entrepreneurs who were sent Take-It-Or-Leave-It
(TTIOLI) offers for an SMS business training via text messages, where the price was random-
ized across respondents over three levels; (i) free, (ii) half the marginal cost to service provider
(KES 5), and (iii) double the marginal cost (KES 20). Second, I analyze data on willingness
to pay for SMS business trainings collected in-person from 103 micro-entrepreneurs based
in Nairobi, Kenya, via a modified version of the demand elicitation exercise pioneered by
Becker, Degroot and Marschak (1964).

I find that micro-entrepreneurs are willing to pay a positive price for SMS business
trainings, and the demand decreases with price. In the TIOLI sample, 70% of individuals
chose to accept the additional training when it was offered for free, 68% accepted when the
price was KES 5 (half the marginal cost to service provider), and about 50% accepted when
the price was KES 20 (double the marginal cost). In the BDM sample, the average willingness
to pay for SMS trainings was KES 50 (five times the marginal cost), and almost a quarter of
the respondents were willing to buy the training for KES 100 (ten times the marginal cost).
Data from both methods of measurement of demand thus reveal that micro-entrepreneurs
were willing to pay a positive amount for SMS-based business management trainings, and
a substantial proportion of them were willing to pay much more than the marginal cost to
service providers. This suggests that a market-based approach for providing SMS business
trainings might be feasible in this context.

Additionally, T find correlational evidence for the demand for trainings being higher
amongst individuals with more children in the household, those that recently applied for a
loan, those with more knowledge of best practices, and those with higher education levels.
This is in line with the intuition that those who have more dependents, and those in need of
funds recently are more likely to take on a potential opportunity to increase their business
profits. Also, those with more knowledge about best practices and those who are more
educated recognize the importance of information about best practices, and are more likely
to want to learn more.

This study adds to the extremely limited work on demand for business trainings amongst
entrepreneurs. Maffioli, McKenzie and Ubfal (2020) estimate the demand for a business
training in Jamaica, however, the program they study is a conventional in-person training
program rather than a remotely delivered phone-based training. Cole and Fernando (2020)
estimate the willingness to pay for voice-based ICT advisory services in India, but those
services are geared towards farmers. This study is the first to provide empirical evidence on
demand for SMS-based business trainings amongst micro-entrepreneurs.

The remainder of the paper is organized as follows: Section 2.2 describes the context
of the study, Section 2.3 outlines the demand elicitation methods employed, Section 2.4
describes the data sources, sample and timeline of the study activities, Section 2.5 presents
the results, and Section 2.6 concludes.
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2.2 Context

The study is based in Kenya - a country whose economy relies heavily on its small businesses,?

and one in which adoption of best business management practices remains low amongst
micro-entrepreneurs.

I study the demand for SMS-based business trainings through the same field experiment
as that studied in Chapter 1 of this dissertation. The primary intervention in this experiment
was an SMS-based business management training course developed by a Kenyan education
technology company. Available in English as well as Swahili, the training conveyed informa-
tion about best business management practices in an easy-to-internalize narrative format,
describing decision-making of hypothetical micro-entrepreneurs in different scenarios. The
content was organized in a fixed sequence of about 150 bite-sized chunks covering topics
including marketing, advertising, pricing, record-keeping, and stock management. Those of-
fered access could engage with the content at their own pace through an automated chat-bot
using text messages for free. Treatment effects on knowledge and adoption of best practices,
and business outcomes were measured three months (Midline) and twelve months (Endline)
after the intervention.

Stratified by gender, the training was randomized across 4,701 micro-entrepreneurs, with
60% of the study sample being offered access to the SMS training, and the remaining 40%
receiving placebo content designed to remind them about their business without providing
any substantive information on best practices.

The following section describes how I leverage this setup to study the demand for SMS-
based business trainings.

2.3 Research Design

I study willingness to pay for SMS-based trainings using two methods: (i) Randomized
Take-It-Or-Leave-It (TIOLI) offers in the Treatment group, and (ii) In-person elicitation
of maximum willingness to pay, adapting the method pioneered by Becker, Degroot and
Marschak (1964) (BDM) for a subset of the overall sample. Using two different methods
with different samples allows for corroboration of observed trends across the exercises, and
thus lends more credibility to findings.

2.3.1 Take It Or Leave It Offers

The 2,820 micro-entrepreneurs in the Treatment group that were offered the SMS-based
training were later offered access to a second SMS-based business training at a randomly
selected price. The offer was sent over SMS once the users completed the first training, or if

3As noted in Chapter 1, MSMEs - of which micro-enterprises constitute 98% - engage over 90% of the
active labor force in Kenya, and contribute over a third of the GDP.
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they stopped engaging for at least two uninterrupted months. The elicitation was separately
incentivised; individuals were promised additional airtime that was to be disbursed after they
responded with their decision. If they chose to buy, the price of the training was deducted
from the airtime value and the remaining airtime was disbursed. If they chose to not buy,
the entire airtime was disbursed after they responded with their decision. The incentive was
aimed at nudging people who did not want to buy to actually report their decision instead
of just not responding to the invitation to choose, so as to not overestimate the demand.

Stratified by gender, the price in these TIOLI offers was randomized across individuals
over three levels; (i) 1,419 individuals (50% of Treatment group) were offered the second
training for free, (ii) 697 individuals (25% of Treatment group) were offered a price of KES
5, and (iii) 704 individuals (25% of Treatment group) were offered a price of KES 20. The
marginal cost of provision of the entire training incurred by the implementing partner was
KES 10 per person, thus the two positive price levels in the TIOLI design represented half
and double the marginal cost of provision, respectively.

Observing buying decisions across these pricing arms allows me to confirm whether there
is any positive willingness to pay for the trainings amongst entrepreneurs, and if it varies
systematically with price.

2.3.2 Becker-DeGroot-Marschak Elicitation

Following the Endline Survey, I randomly select about 100 Nairobi-based business owners
from my primary sample to conduct an in-person elicitation of willingness to pay for an
additional SMS-based business training. Following Maffioli, McKenzie and Ubfal (2020), I
used a modified version of the method proposed by Becker, Degroot and Marschak (1964),
that uses a multiple-price list approach. The possible price level options were framed as the
resulting prices from a lottery for the amount of discount offered to respondents.

Respondents were asked if they would buy the SMS training at a sequence of prices
starting with zero and increasing in increments of KES 10, until the respondent switched
their response from “Yes” to “No”. The respondents were then asked to quote their maximum
willingness to pay between the price they rejected and the last price they accepted. After
confirming if the respondent was sure about their response and that they would not be able to
back out of their commitment to buy once the discount lottery was run, the enumerators ran
the discount lottery and revealed the final price. The final incentive amount was disbursed
via mobile money at the end of the interview, and, where applicable, an invitation to the
additional training was sent to the respondents over SMS soon after.

Before the elicitation, respondents were provided a brief overview of the new SMS training
content, and a detailed explanation about the elicitation method with hypothetical examples,
highlighting that it was in the respondent’s interest to not commit to buying at a price that
was lower or higher than their actual maximum willingness to pay for the SMS training.

To circumvent complications posed by the possibility of individuals reneging on their
commitment to buy at any price drawn from the lottery which is less than or equal to the
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maximum willingness to pay they reported during the exercise,* respondents were informed

up front that the payment for their potential purchase of the training would be taken out of
the participation incentive amount committed to them before the start of the interview.

2.4 Data and Timeline

This section outlines the main data sources used for the study, describes the sample, and
summarizes the timeline of activities.

2.4.1 Data Sources

There are three main sources of data for this study: (i) back-end data from the SMS platform,
(ii) Endline survey, and (iii) the in-person BDM elicitation activity.

The implementing partner provided the back-end engagement data from the SMS training
platform. This data contains information about engagement with the SMS trainings and
buying decisions for the TIOLI demand elicitation.

Second, the Endline survey was conducted twelve months after the SMS training inter-
vention, marking the end of the TIOLI elicitation window. The survey collected data on
knowledge and adoption of best business management practices, and business outcomes,
and was administered via phone calls. A total of 415 individuals responded to the TIOLI
invitations, and 380 (91.6%) of these respondents were also covered in the Endline survey.
Therefore, while analyses showing raw buying decisions will be based on data from all 415
respondents, all analyses linking buying decisions with other respondent characteristics will
be based on data from the 380 respondents that overlap across the two samples.

Lastly, the in-person BDM-style demand elicitation was conducted at the end of the
Endline survey, with 103 Nairobi-based business owners. Unlike the TIOLI offers, the sample
for this exercise included treatment as well as control individuals. This will allow me to
estimate if there is any effect of treatment assignment on willingness to pay for SMS trainings.

2.4.2 Sample

Table B.1.1 in Appendix B.1 presents summary statistics for the TIOLI and BDM samples.
The samples appear more or less similar in terms of ‘baseline covariates™. The proportion
of female entrepreneurs is similar across the samples at 44% and 53%, respectively. The
average education level is the same at 12 years of schooling, while the average age is about
34 and 36 years, respectively. Number of adults (2.7 vs. 2.5) and children (2.1 vs 2.0) in the
household are also similar. One key difference is that while almost half the TIOLI sample is
based in rural areas, only 11% of the BDM sample is based in rural settings. This is expected

4As faced by Maffioli, McKenzie and Ubfal (2020) in their study.
5Term used in terms of the original field experiment in Chapter 1.
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as the scope of the BDM elicitation was restricted to business owners in the city of Nairobi
due to logistical constraints.

The samples are also largely comparable in terms of ‘outcomes’.® Respondents on average
fare similarly in terms of scores for knowledge (75% vs 79%) and adoption (67% vs 64%) of
best business management practices. They were also similarly likely to have applied for a
loan as well as to have missed a loan payment in the past 3 months. A key difference is that
sales and profits, and time spent on business are much higher for the BDM sample. This is
expected as Nairobi is the capital city of Kenya and a regional economic hub, so businesses
based there are larger volume compared to the rest of the country.

2.4.3 Timeline

The timeline for the experiment implementation and data collection is summarized below:

Nov 2021 - Dec 2021 ¢ Intervention: Recruitment into Study and Intervention
Deployment

Rolling ¢ TIOLI Offers Sent: Invitation to participate in demand
elicitation through TIOLI offers sent

Nov 2022 - Dec 2022

Endline Survey: Phone-based data collection on
knowledge and adoption of best business practices, and
business outcomes

BDM-styled Demand Elicitation: In-person
BDM-styled demand elicitation exercise conducted in
Nairobi

Dec 2023 - Jan 2024

2.5 Results

This section presents the main results from the study. Proceeding subsections cover construc-
tion of demand curves using the two demand elicitation methods, ruling out of alternative
explanations for positive demand, and analyses exploring correlates of demand.

2.5.1 Demand Curves

2.5.1.1 TIOLI Offers

Of the 415 individuals who responded to the TIOLI invitations, 272 chose to buy the addi-
tional training, 111 chose not to buy, and 32 responses could not categorize by the system.

6Term used in terms of the original field experiment in Chapter 1.
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I use a conservative acceptance rate by grouping the last category with those who explicitly
chose to not buy.

Figure 2.1 shows the (inverse) demand curve constructed using buying decisions amongst
the full TIOLI sample. The horizontal red line shows the marginal cost per person faced
by the service provider. I observe that about 70% of individuals chose to accept the offer
when the training was offered for free. When the price was half the marginal cost per
user for the full training faced by the provider (KES 5), acceptance rate fell slightly to
approximately 68%. From the price being half the marginal cost to double the marginal
cost, there is a significant reduction in the acceptance rate, but even at KES 20, almost half
of the individuals were willing to buy the training. Figure B.2.1 in Appendix B.1 shows that
this demand curve looks very similar when constructed based only on the sample overlapping
with the Endline survey.”

2.5.1.2 BDM Elicitation

The average maximum willingness to pay in the BDM sample was KES 50 (five times the
marginal cost), with a standard deviation of KES 34.9. Figure B.2.2 in Appendix B.2
illustrates the distribution and shows bunching of responses at KES 0 (9%), KES 20 (10%),
KES 50 (27%), and KES 100 (24%).8

I use the maximum willingness to pay for each respondent elicited using the BDM method
to plot the proportion of the sample that would buy the training at each integer price level
between 0 and 100 Kenyan Shillings. Figure 2.2 shows the resulting (inverse) demand curve.
I find that the entire sample was willing to accept the SMS training when it was offered for
free, while 23.3% of the sample was willing to pay KES 100, which is ten times the marginal
cost.

Both methods of elicitation thus reveal a downward sloping demand curve, and show that
micro-entrepreneurs are willing to pay a small amount to get access to SMS-based business
trainings. However, this positive willingness to pay might not reflect actual demand - the
following subsection discusses potential alternative explanations and offers arguments ruling
them out in this context.

2.5.2 Ruling Out Alternative Explanations

Since about 70% of the treatment group did not start engaging with the content and no
one in the control group had been exposed to it either, the willingness to pay in the TIOLI
as well as BDM elicitation could be driven by those with less or no engagement with the
content. If this was the case, I would see a clear negative relationship between exposure
to training content and willingness to pay. I test for this by (i) comparing engagement
levels in the TIOLI sample across those who bought the training and those who did not,

"Table B.1.2 shows that the randomized pricing arms are jointly balanced on observables using data from
the Endline survey.
8This is not surprising in light of literature on round-number bias (Lynn, Flynn and Helion (2013)).
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and (ii) estimating the causal effect of training on willingness to pay elicited through the
BDM exercise. Table 2.1 shows that engagement in the TIOLI sample at both the extension
margin® as well as intensive margin'® is not lower amongst those who chose to buy the
additional training, compared to those who chose not to. In fact, engagement rates were
higher amongst those who chose to buy,!! suggesting that those who are more exposed to
the content are more likely to pay for an additional training. Furthermore, the causal effect
of the SMS training on the maximum willingness to pay in the BDM sample is also non-
negative - Table 2.3 shows an imprecisely measured positive effect of the SMS training on
willingness to pay.'? I therefore do not find evidence for a negative relationship between
exposure to content and willingness to pay for SMS-based trainings.

Alternatively, the observed positive willingness to pay could also be due to reciprocity
(Gouldner (1960)); respondents might have felt the need to give back for being part of the
study by agreeing to buy the additional training. This might be a concern for the BDM sam-
ple since it involved enumerators meeting respondents in-person to conduct the elicitation.
It is unlikely that reciprocity affected responses to TIOLI offers since that elicitation was
done over SMS and was completely automated, and yet I still observe positive willingness to
pay. I therefore conclude that reciprocity is unlikely to be driving the positive willingness to
pay in this context.

The observed willingness to pay could also just be because a certain type of people would
say yes to anything, especially if the price is so low. However, I argue that this is also unlikely
to be driving the results since I find that willingness to pay systematically decreases with
price level; the demand curves are downward sloping.

I therefore conclude that the decision to buy the SMS-trainings is a reflection of micro-
entrepreneurs’ intrinsic valuation of having access to the trainings.

2.5.3 Who Buys?

This section presents some correlational observations with regards to determinants of will-
ingness to pay for SMS-based trainings.

Table 2.3 shows raw averages of individual level variables including demographic and
enterprise characteristics in the TIOLI sample amongst those who accepted the TIOLI offer,
those who rejected, and the difference between the two. I observe that number of children
in household, knowledge about best business practices, and likelihood of having applied for
a loan in the last three months is significantly higher amongst those that choose to buy
compared to those that don’t. Table 2.4 shows the results from OLS and Logit regressions
of the decision to buy on the price levels in the TIOLI offers,’® and the same individual

9The proportion of respondents offered the training who chose to start engaging with it.

10The proportion of the training content that the average respondent engaged with.

1 Albeit, not statistically significantly so.

12Table B.1.3 shows that the treatment and control groups for the BDM sample are balanced on observ-
ables.

13Using the price of zero (free) as the base case.
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characteristics. Column 1 shows the acceptance rate at the different price levels, in line
with the figures from the demand curve in the preceding section. Column 2 shows the
regression output when including demographic and enterprise characteristics. I observe that
the significant differences in the raw comparisons in Table 2.3 survive controlling for all
variables together - number of children in the household, knowledge about best practices,
and having taken out a loan recently are all significantly positively related to the probability
of accepting the TIOLI offer for another SMS training, controlling for other variables. The
table also shows sales and profits to be statistically significantly related, but the magnitudes
of the coefficients are negligible. Columns 3 and 4 show the same trend in terms of the log
odds of accepting the TTOLI offer.

Table 2.5 shows the relationship between willingness to pay and individual characteristics
in the BDM sample using bivariate OLS regressions. I observe willingness to pay is positively
correlated with education statistically significantly. The correlation with Profits in last
30 days is also statistically significant, but the magnitude of the coefficient is negligible.
Table 2.6 shows that the statistically significant positive association of willingness to pay
with education is robust to controlling for other variables. Profits also remains statistically
significant, but with a negligible coefficient.

Correlational analyses of determinants of demand for SMS-based business trainings in
the TTIOLI and BDM samples are thus in line with the intuition that those that have more
dependents/mouths to feed at home, and those in need of funds recently are more likely
to take on a potential opportunity to increase their business profits. Additionally, those
with more knowledge about best business management practices and those who are more
educated recognize the importance of information about best practices and are more likely
to want to learn more.

2.6 Conclusion and Policy Implications

This paper examined the demand for SMS-based business trainings amongst Kenyan micro-
entrepreneurs. Leveraging key components of a field experiment aimed at evaluating the
effectiveness of SMS-based trainings, I studied demand using two methods. First, I ana-
lyzed buying decisions of 415 individuals who were sent TTIOLI offers for an additional SMS
business training via text messages, where the price was randomized across respondents over
three levels; (i) free, (ii) half the marginal cost to service provider (KES 5), and (iii) double
the marginal cost (KES 20). Second, I conducted an in-person BDM-style demand elicita-
tion exercise aimed at measuring willingness to pay for SMS business trainings among 103
entrepreneurs based in Nairobi.

In the TIOLI sample, 70% of individuals chose to accept the additional training when it
was offered for free, 68% accepted when the price was KES 5 (half the marginal cost), and
about 50% accepted when the price was KES 20 (double the marginal cost). In the BDM
sample, the average willingness to pay for SMS trainings was KES 50, and almost a quarter
of the respondents were willing to buy the training for KES 100 (ten times the marginal cost
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to service provider). Both methods of demand elicitation thus show that micro-entrepreneurs
were willing to pay a positive amount for SMS-based business management trainings, and a
substantial proportion of them were willing to pay much more than the marginal cost to the
service provider.

Additionally, the paper presented correlational evidence showing that demand for train-
ings was positively associated with number of children in the household, knowledge about
best business practices, education level, and having recently applied for a loan.

Conventional in-person classroom-style business trainings are too expensive for micro-
entrepreneurs in low-income settings and are usually provided free of cost at great expense
to external parties. This limits the scale at which they can be deployed and creates sus-
tainability concerns. SMS-based trainings offer an affordable alternative, and this study
reveals that micro-entrepreneurs would likely be willing to pay for them out of pocket. A
market-based approach to providing this service might thus be feasible, which would be
more sustainable and have stronger incentives for continuous improvement of service in the
direction of local needs.

Taken together with the results from Chapter 1, these findings also highlight that engage-
ment with remotely provided content might not reflect true demand for SMS-based business
trainings amongst micro-entrepreneurs, suggesting that behavioral drivers might be limit-
ing utilization. Further work exploring these drivers and how to address them would be a
promising research direction going forward.
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2.7 Main Tables and Figures

2.7.1 Main Tables

Table 2.1: Engagement Levels Across TIOLI Purchase Decisions

Variable Accept Reject  Diff

Engaged 0.51 0.45 0.08
(0.50)  (0.50)  (0.06)
% Engaged 0.14 0.11  0.03
(0.25)  (0.22) (0.03)

Observations 272 143 415

Notes: The table shows average extensive and intensive margin engagement levels amongst those who
accepted the TIOLI offer in the treatment group, those that rejected, and the difference between them.
Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table 2.2: Effect of Training on Willing to Pay - BDM

(1) (2) (3)
OLS 1A% 1A%
Training 2.235
(7.438)
Engaged 12.90
(42.57)
Engaged > 25% 50.00
(167.2)
Female -7.446  -8.162 -6.420
(6.946) (6.880) (8.417)
P-value .764 762 .765
Control Mean 48.16 48.16 48.16
Observations 103 103 103

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings on
maximum willingness to pay for SMS trainings elicited via the modified BDM method. Coefficients represent
effects in terms of Kenyan Shillings. Column (1) shows output from an OLS regression, Column (2) shows
output from a 2SLS regression where the endogenous variable is whether or not the individual engaged with
training content, and Column (3) shows output from a 2SLS regression where the endogenous variable is
whether or not the individual engaged with at least 25% of the training content. Robust standard errors in
parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 2.3: TIOLI - Differences Between Buyers and Non-buyers

Variable Accept Reject Diff
Female 0.45 0.41 0.04
(0.50) (0.49) (0.05)
Rural 0.51 0.46 0.05
(0.50) (0.50) (0.05)
Years of education 11.98 12.13 -0.15
(2.48) (2.46) (0.27)
Age 33.76 33.41 0.35
(8.38) (9.01) (0.93)
Num of adults in household 2.72 2.64 0.07
(1.36) (1.58) (0.16)
Num of children in household 2.32 1.81 0.51%**
(1.44) (1.41) (0.16)
Knowledge 0.77 0.73 0.04**
(0.14) (0.14) (0.02)
Adoption 0.67 0.67 0.00
(0.17) (0.16) (0.02)
Sales in last 30 days 64386.18 50740.97  13645.21
(119183.62) (93513.92) (12041.96)
Profits in last 30 days 19564.45 19674.42 -109.97
(30842.64)  (31778.75)  (3375.95)
Applied for a loan 0.53 0.44 0.09%*
(0.50) (0.50) (0.05)
Loan payment missed/late 0.71 0.60 0.11
(0.46) (0.50) (0.10)
Hours worked on business in last 30 days 221.45 202.29 19.16
(126.64) (109.27) (13.11)
Hours worked on side jobs in last 30 days 21.77 27.08 -5.30

(60.90) (70.11) (6.95)

Notes: This table shows the averages of listed variables amongst those who accepted the TIOLI offer for a
second SMS training, those who rejected, and the difference between them. Standard errors in parentheses.
*p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 2.4: TIOLI - Determinants of Decision to Buy

OLS Logit
(1) 2) 3) (4)
Price = KSH 5 -0.0225 -0.0180 -0.105 -0.0678
(0.0529) (0.0561) (0.245) (0.279)
Price = KSH 20 -0.229*** -0.145* -0.964*** -0.638*
(0.0672) (0.0791) (0.280) (0.349)
Female 0.0343 0.141
(0.0535) (0.262)
Rural -0.0091 -0.0429
(0.0525) (0.251)
Years of education 0.00108 0.000145
(0.0105) (0.0534)
Age -0.00128 -0.00727
(0.00312) (0.0147)
Num of adults in household -0.0101 -0.0549
(0.0189) (0.0902)
Num of children in household 0.0654*** 0.328***
(0.0186) (0.0982)
Knowledge 0.371** 1.888**
(0.181) (0.861)
Adoption 0.0141 -0.0259
(0.153) (0.739)
Sales in last 30 days 0.0000009*** 0.00000636**
(0.000000336) (0.00000315)
Profits in last 30 days -0.00000315** -0.0000205**
(0.00000128) (0.00000891)
Applied for a loan 0.090* 0.463*
(0.0506) (0.249)
Loan payment missed/late 0.0633 0.336
(0.0628) (0.333)
Hours worked on business in last 30 days 0.000148 0.000646
(0.000230) (0.00117)
Hours worked on side jobs in last 30 days -0.000116 -0.000573
(0.000492) (0.00234)
Intercept 0.70*** 0.227 0.849*** -1.294
(0.0305) (0.247) (0.145) (1.228)
N 415 350 415 350

Notes: This table shows OLS and Logit regressions of the decision to accept the TIOLI offer for another
SMS training, on the listed variables. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, ***
p < 0.01.
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Table 2.5: BDM - Bivariate Analyses for Willingness to Pay

Coefficient Standard Error  Observations
Female -7.595 (6.828) 103
Rural 7.233 (11.97) 103
Years of education 3.592* (1.503) 103
Age -0.226 (0.357) 103
Num of adults in household -0.171 (2.896) 102
Num of children in household 0.260 (2.502) 102
Knowledge 14.77 (23.05) 103
Adoption -0.340 (17.30) 103
Sales in last 30 days 0.0000325 (0.0000320) 103
Profits in last 30 days 0.000204* (0.0000967) 103
Applied for a loan -1.558 (7.005) 103
Loan payment missed/late -11.95 (8.956) 103
Hours worked on business in last 30 days 0.0348 (0.0335) 103
Hours worked on side jobs in last 30 days -0.0433 (0.0650) 103

Notes: This table shows results from bivariate OLS regressions of the maximum willingness to pay for an
SMS training, on the listed variables. Each row represents a separate regression. Intercepts are included in
the regression but not showed in the table for clarity. Robust standard errors in parentheses. * p < 0.10, **
p < 0.05, ¥** p < 0.01.
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Table 2.6: BDM - Determinants of Willingness to Pay

max_wtp
Female -4.040
(7.704)
Rural 9.901
(15.01)
Years of education 3.673*
(1.851)
Age -.464
(.372)
Num of adults in household 1.771
(2.918)
Num of children in household 1.575
(2.442)
Knowledge 13.33
(26.85)
Adoption -26.96
(17.66)
Sales in last 30 days -.0000252
(.0000407)
Profits in last 30 days .000219*
(.000124)
Applied for a loan 675
(7.146)
Loan payment missed/late -11.73
(9.496)
Hours worked on business in last 30 days .00416
(.0429)
Hours worked on side jobs in last 30 days -.0971
(.0687)
Constant 21.97
(30.38)
Observations 102

Notes: This table shows OLS regression of the maximum willingness to pay for an SMS training, on the
listed variables. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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2.7.2 Main Figures

Figure 2.1: Willingness to Pay - TIOLI Offers
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Notes: This figure shows the (inverse) demand curve based on buying decisions from randomized take-it-or-
leave-it offers sent to treatment individuals. The horizontal red line represents the per person marginal cost
faced by provider for delivering the entire training.
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Figure 2.2: Willingness to Pay - BDM
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Notes: This figure shows the (inverse) demand curve based on the maximum willingness to pay elicited using
the in-person elicitation using the modified BDM method. The horizontal red line represents the per person
marginal cost faced by provider for delivering the entire training.
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Chapter 3

Command and Can’t Control:
Assessing Centralized Accountability
in the Public Sector

3.1 Introduction

How the bureaucracy performs is fundamental to the provision of high-quality public services
in the developing world (Besley et al. (2022)). Recent approaches to bolstering the func-
tioning of public administration have focused on de jure improvements in formal contracting
environments such as introducing pay-for-performance (Muralidharan and Sundararaman
(2011); Dal B6, Finan and Rossi (2013); Ashraf, Bandiera and Jack (2014); Deserranno
(2019); Leaver et al. (2021)). However, the vast majority of reforms to government admin-
istration implemented at scale relate to shaping the de facto incentive environment in the
bureaucracy instead of introducing changes in legal and fiscal environments. The Global
Survey of Public Servants (Schuster et al. (2023)), run in 35 countries, reports that only 31%
of public servants perceive their public service as actualizing de jure performance incentives,
while 76% state that de facto reward systems are in operation.

A canonical de facto bureaucratic reform is command-and-control management, or hierar-
chical systems of control where officials are expected to follow centrally determined directions
or face punishment. Finer (1997)’s magisterial overview of administrative arrangements of
government throughout history emphasizes the continuous efforts of monarchies and autoc-
racies towards the centralization of information and control around a sovereign. Modern
military administrators across the world rely on command-and-control for effective gover-
nance across the hierarchy (Wilson (1989); Hoehn, Campbell and Bowen (2021)).

Faced with constraints on de jure changes in public sector incentives, civilian public sector
bureaucracies have been attracted to adopt a command and control model. Following the
purported success of British Prime Minister Tony Blair’s ‘delivery unit’,! over 80 countries

1See The History of Government Blog (2022) for more details.
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have set up centralized routines and offices (see Figure 3.1) that “combine functions such
as target-setting, monitoring, accountability, and problem-solving with the aim of rapidly
improving bureaucratic performance and service delivery” ((Education Commission, 2023,
p. 7)). What distinguishes these reforms is the extraordinary political and executive backing
they received around the world. However, evidence on the efficacy of applying command and
control approaches to modern public administrations at scale remains scarce.

We study such a scheme implemented at scale in the education public administration
of Punjab, Pakistan, where monthly education data from over 50 thousand public schools
was channeled to the highest executive authority and used to set targets and establish ac-
countability throughout the organization. This command-and-control scheme in Punjab is
considered a showpiece of the centralized accountability delivery model: it was implemented
to a very high standard for over six years, was advised by top experts in the world, and
had the full backing and involvement of the most senior members of the executive (Barber
(2013); Chaudhry and Tajwar (2021); Malik and Bari (2022)).2

Our analysis focuses on the efficacy of the scheme as a driver of improved educational
outcomes. We collect the administrative data from all 52,000 schools in Punjab from De-
cember 2011 to May 2018 on which the scheme was built and digitize the monthly reports
created for senior managers that flagged performing and underperforming school districts.?
The monitoring reports present performance metrics drawn from this data, aggregated at
the administrative unit, for a range of school outcomes including teacher presence, student
attendance, functional facilities, and from September 2017, student test scores on standard-
ized exams. Using this data, we examine how senior officials’ high-frequency monitoring of
public services and efforts to exert control impact subsequent school performance.

To more deeply assess the impacts of command and control approaches on public ad-
ministration, we also collect data on key elements of the education administration related
to financial and personnel resources, bureaucratic attention to individual schools, and the
career progressions of affected officials. This data allows us to unpack the impact of the
scheme across the hierarchical chain and explore a broad range of bureaucratic responses to
the ‘command-and-control’ system.

In our core specifications, we use a stacked difference-in-differences design (Cengiz et al.
(2019); Baker, Larcker and Wang (2022)) to assess the impact of a public official being
flagged by the monitoring system on educational outcomes under their responsibility. An

2Education Commission (2023) write that “the chief minister... attended all 39 stocktake meetings
to hold districts accountable, and took action to solve implementation bottlenecks in the quarterly high-
stakes meetings” (p.16). A qualitative review of the scheme stated “At the core of the approach design
was leveraging political interest and political capital to orient the bureaucratic structures involved in service
delivery toward improvements at a fast pace” (Malik and Bari (2022)). The implementation in Punjab is
highlighted as one of the success stories around the world. Reviewing the scheme in an interview in 2017,
Michael Barber, one of the architects of the delivery approach around the world, stated, “Punjab is unique
.. across the whole world for combining deliverology with really good and modern technology.”

3The school-level data was collected by an agency within the education sector that is fully independent
of the bureaucrats being monitored, and we validate its quality by using a distinct set of independent
assessments.
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official is only flagged if a sufficient percentage of schools within their jurisdiction have fallen
below a threshold in the outcome of interest. The first difference in our research design
compares schools in flagged and non-flagged administrative units. To make this comparison
sharper, we additionally hone in on a sample of administrative units, labeled the ‘threshold
sample’, that lies just above or below the threshold for flagging so that both administrative
units see a comparable drop in the outcome of interest, but only one of them is flagged. The
second difference compares the trajectory of treated and non-treated administrative units
over time so that we can assess their response to shocks in the outcomes of interest.

We find precisely estimated evidence that the scheme had no substantive impact on
targeted school outcomes: teacher and student attendance, functional school facilities, as
well as English, Mathematics, and Urdu test scores. Though there is a small increase in
the rate at which teachers return to schools after an absence, the limited magnitude on
an outcome clearly within the authority of public managers - a 2 percentage point faster
month-on-month improvement - in fact underlines the limitations of the scheme.

Despite these broadly null effects the program was maintained, and further developed,
for 6 years. A potential reason for the persistence of the program is that a naive examination
of before-after comparisons yields a strong positive effect of the program. Many outcomes
in the policy domain exhibit reversion to the mean following idiosyncratic shocks, such as
student test scores (Chay, McEwan and Urquiola (2005)). Our paper extends this finding
to the overarching machinery of public administration. In our education setting, after a
shock, schools in flagged areas follow a similar pattern of return to their equilibrium state of
service delivery as their comparison schools in areas that were not flagged. Though senior
managers observe the resolution of alert flags for particular administrative units, comparison
to an appropriate counterfactual implies that this resolution does not seem to be due to their
efforts.

It is possible that despite no overall impacts, the scheme produced significant changes in
activity within the bureaucracy. We capitalize on our rich data on administrative activity
to assess the impacts of flagging on key components of the public education production
function. The scale of the data we have assembled allows us to estimate even small impacts
with precision, painting an unusually rich picture of the impact of reforms on bureaucratic
activity. We assess the financial and personnel decisions of bureaucratic managers responsible
for the flagged areas. We do not observe more visits from relevant bureaucrats to affected
schools, changes in their financial investments across schools, or bureaucratic transfers of
teachers and head teachers. Thus overall, despite the enthusiasm for the reform of senior
managers in Punjab, command and control management approaches did not motivate rank-
and-file officers to change education outcomes in any substantively significant way.

We contribute to a growing literature on bureaucracy and development broadly (Finan,
Olken and Pande (2015); Besley et al. (2022)), and on designing optimal incentive struc-
tures in the public sector more specifically (Banerjee et al. (2021); Ali et al. (2021)). Recent
(frequently experimental) papers in this literature have made the important contribution of
showcasing the efficacy of various incentive schemes such as financial rewards (Muralidha-
ran and Sundararaman (2011); Dal B4, Finan and Rossi (2013); Ashraf, Bandiera and Jack
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(2014); Deserranno (2019); Leaver et al. (2021)), career incentives (Khan, Khwaja and Olken
(2019); Bertrand et al. (2020); Deserranno, Leon and Kastrau (2022)), or other non-financial
incentives (Ash and MacLeod (2015); Khan (2020); Honig (2021)). However, implementing
many of these reforms at scale would require changes to the de jure environment which has
been difficult to implement at scale.* Given the systemic nature of centralized accountability,
command and control reforms are poorly suited to experimental evaluation. We present the
first at-scale evidence in the economics literature on this classic pillar of Weberian bureau-
cracy: centralized control mechanisms.

Our findings are also relevant for the literature on the efficacy of management approaches
in the public sector (Bloom and Van Reenen (20105); Bloom et al. (2015); Rasul and Rogger
(2018); Rasul, Rogger and Williams (2020); Banerjee et al. (2021); Ali et al. (2021); Carreri
(2021)). Importantly, our study indicates that even strong centralized support for a manage-
ment intervention can have passive impacts on public sector functioning. We are able to track
key elements of the administrative production function precisely, supporting our null findings
with evidence that the machinery of government was unmoved. Evidence on the impact of
control mechanisms on public sector performance is mixed, with generally positive results for
frontline settings (Olken (2007); Hussain (2015); Dhaliwal and Hanna (2017); Callen et al.
(2020); Duflo, Hanna and Ryan (2012); Das et al. (2016)); and less supportive evidence from
experiments about administrator’s motivation and performance, or those dealing with orga-
nizational dynamics (Falk and Kosfeld (2006); Dickinson and Villeval (2008); Bandiera et al.
(2021); Muralidharan and Singh (2020)). We extend this literature by providing evidence
of the effects of centralized oversight on a broader administrative environment from an at-
scale implementation in a large bureaucracy. By doing so, our study adds to the literature
on the impacts of government-implemented schemes, which are argued to be a test of the
external validity of pilot programs (Bold et al. (2018); Muralidharan and Niehaus (2017);
Vivalt (2020)) and an assessment of the most widely used public sector reforms (de Ree et al.
(2017)).5

We also add an early contribution to the nascent study of a key feature of bureaucracy:
hierarchy. Though the theory of hierarchy in organizations continues to develop (Aghion and
Tirole (1997); Dessein (2002); Chen (2017); Chen and Suen (2019)), there are few related

4By scale we mean both geographic coverage, but also temporal sustainability. Important exceptions are
usually historical studies that examine major changes to civil service legislation (see for instance Xu (2018),
Mehmood (2022), Aneja and Xu (2023), and Riafio (2021)). In fact, many papers examining these questions
in modern bureaucracies refer to fixed de jure incentives under the Northcote-Trevelyan system that contain
three features: competitive exam-based recruitment, rule-based promotions, and permanent civil service
protected from political interference ((Besley et al., 2022, p. 400)). There are limited opportunities to
examine how at scale changes in these impact the bureaucracy. See for instance Bertrand et al. (2020) how
changes in the retirement age change career concerns in India.

5The paper provides a lens through which to understand the results of smaller pilots of centralized
oversight, such as Callen et al. (2020), which show that flagging underperforming health facilities in Punjab
positively affected health workers’ attendance. However, when taken to scale, such pilots may not provide a
sustainable means of managing the public administration (Banerjee, Duflo and Glennerster (2008); Banerjee
et al. (2021)).
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empirical tests in the literature. Recent evidence implies that understanding hierarchy in
public organizations is critical to behavior there (Deserranno et al. (2022); Cilliers and Hab-
yarimana (2023)). This paper shows that de-facto pressure directed through hierarchy may
not engender substantial responses from public officials, however, salient senior management
makes this form of incentive provision.

The paper proceeds as follows: Section 2 describes the setting of the public service we
study and describes the centralized monitoring scheme. Section 3 introduces the data and
presents our empirical approach. Section 4 presents the results of the evaluation of the scheme
on school outcomes. Section 5 presents assessments of the scheme’s impact on key elements
of the education administration. Finally, Section 6 provides a discussion of our results in
light of potential alternative uses of the data that was generated to run the scheme.

3.2 Public Education in Punjab

Punjab is Pakistan’s most populous province, home to over 110 million people, half of the
country’s population. Twenty million are school-aged children, many attending approxi-
mately 52,000 public schools, with 400,000 teachers (School Census (2018)). The scale of
managing education in the province is substantial.

The province is divided into 36 districts, which are subdivided into sub-units called
tehsils, further subdivided into areas of responsibility called “maraakiz.”® There are, on
average, four tehsils per district and 48 maraakiz per tehsil. Thus, on average, any district
education manager has 192 administrative units to track, and each markaz official must
manage an average of 20 schools.

The School Education Department is responsible for organizing and overseeing the edu-
cation sector’s performance. The department has two arms: district education authorities,
which coordinate the implementation of public education delivery, and the Program Moni-
toring and Implementation Unit (PMIU), which is responsible for independently collecting
and disseminating data on school performance. Both are staffed and organized separately,
and monitoring is generally seen as independent of implementation.

3.2.1 District education authorities

Each district in the province has one district education authority which reports directly to
the School Education Department. Below them, the hierarchy consists of officers for each
tehsil, and assistant education officers (AEO) for each markaz. Each layer of the hierarchy is
expected to manage those officers under them. AEOs are the layer of hierarchy above school
principals, thus completing a multi-link chain of command from senior executive to school
level.”

6Plural of the term “markaz,” the Urdu word for “center.”
"Further, schools are categorized into one of three groups: elementary education female, male, and
secondary education. Our study focuses on elementary level (male and female), comprising primary schools
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Such a layered hierarchy is not unusual in administrative settings of this scale worldwide,
as the physical constraint of traveling to schools, handling administrative tasks for each, and
engaging with head teachers implies a limit on the scale of any individual official’s ability
for oversight. By contrast, a feature of large-scale measurement in management information
systems is that it can alleviate the physical constraints and centralize the ability to supervise
and censure at scale. By dramatically lowering the cost of monitoring individual schools and
jurisdictions, digitization of public service delivery measures has opened up the possibility
of centralized management throughout the hierarchy. Such a system of monitoring the
administration requires an independent administration, which we turn to next.

3.2.2 The PMIU

While the district education authorities are responsible for outcomes in public schools, the
Program Monitoring and Implementation Unit (PMIU) is tasked with monitoring the per-
formance of district officers. To do so, it conducts an annual census of all public schools
in the province and a monthly monitoring of schools to assess key aspects of the school
environment. Undertaking these duties are monitoring assistants hired to collect data.

Across the analysis period, the monitoring assistants collected performance-related data
from every school on an unannounced random date every month. The assignment of monthly
school inspections to monitoring assistants was randomized to limit collusion with the school
staff. As we discuss in the data section, our analysis of the consistency of different data
sources on schools implies that this process produced valid assessments of school performance.

Data collected by the PMIU was used for monthly and quarterly performance reports,
called ‘data packs.” These data packs were first generated in December 2011 and then
prepared monthly. We study the period until May 2018, just before the national elections
and a change in administration. The data packs reported performance at the markaz level
for each district along multiple dimensions: teacher presence, student attendance, visits by
district staff, and status of school facilities (electricity, drinking water, toilets, and boundary
wall).® From September 2017, the data packs also reported scores on standardized Math,
English, and Urdu tests.

The reported performance on each dimension was color-coded in the data packs based
on standardized performance thresholds set by the chief minister’s team. A markaz could be
coded red, orange, or green, with red being the primary flag for underperformance. Figure
C.1.1 in the Appendix illustrates the color-coding. As such, an AEO (markaz-level officer)
would be associated with any underperformance, although flagging was also done (in a less
systematic way) at the tehsil and district level. The focus of the discussions was on markaz
performance, and so that is the emphasis we follow in our empirical work, though we also
provide consistent evidence for flagging at the district level.

(children aged 4 to 9) and middle schools (children aged 10 to 12). These makeup roughly 80 percent of all
public schools in the province.

8 Also included the number of schools surveyed, if they were found closed, statistics by male and female
schools, and recommendations about which schools to focus on to improve outcomes.
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3.2.3 Centralized Oversight Intervention

Using the PMIU-generated data on school performance, the chief minister of Punjab set
up a centralized oversight regime for the education sector in 2011. He chaired an oversight
committee and worked with the consultancy firm McKinsey International and a high-level
advisor with expertise in centralized accountability.

Figure 3.2 describes the design of the monitoring scheme. Data on all schools in the
province is collected in month ¢. Markaz-level average performance is presented to senior
managers in month ¢ 4+ 1. Maraakiz that do not reach specific (standardized) thresholds are
flagged red or orange. The reports were used for senior management check-ins within the
first ten days of every calendar month.

In addition, quarterly meetings were held where “the [chief minister| at that time was
himself very very motivated and he would make it a point to not miss any one of the
meetings.”? The senior management of the province placed substantial weight on the system,
and the chief minister “had full ownership of this reform and [sent] a signal to the bureaucracy
that they were to take it seriously” ((Malik and Bari, 2022, p. 22)).

Senior managers did not change de jure power, such as making salaries conditional on
performance. Some ad hoc financial bonuses were given to district officials but not to mid-
level bureaucrats. We explore whether there is evidence of staff transfers or long-term impacts
on career trajectories from poor performance. We do not find any such evidence. Instead,
senior management was constrained by public service rules meant to avoid political influence.
Thus, the system had to rely on de facto incentives to punish underperforming officials.

Interviews with district officials revealed that meetings mostly involved the officers flagged
red getting censured in front of their peers. Quoting Malik and Bari (2022), “the red were
reprimanded, and the greens were appreciated”, where “The constant monitoring by the
Chief Minister and the Chief Secretary played a very critical role.” Officials stated that they
did “not want to be punished in front of our colleagues.” As the chief minister’s staff officer
recounts, “I wouldn’t say it was fear necessarily but the point [is] that the quarterly rankings
and the performance accountability caused a lot of concern.”

The censoring generated incentives for district officials to motivate their subordinates, and
this to those below them. The scheme intended that greater oversight by senior management
would allow sanctions to serve as motivation through the chain of command. As such, the
scheme relied on the interaction between measurable outcomes and personnel management.
In public sector oversight models, the outputs can be reduced to observable quantities, but
improvements in these still rely on multidimensional and non-contractible activities. So then,
the question under evaluation is whether oversight and accountability regimes effectively
motivate better personnel management throughout the hierarchy.

The political weight and international guidance ensured the scheme was effectively im-
plemented. Reports were produced monthly from December 2011 to May 2018 as intended.

9Malik and Bari (2022) state that “All other practices of priority setting, target setting and use of data
for monitoring were all feeding into the construction of this accountability mechanism that was arguably
central to the design of the delivery approach that was instituted in Punjab.”
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To assess the data quality, we compared it with the Annual Census of Schools for the month
the annual census was collected. Both data sources reported information about the number
of teachers posted, enrolled students, and the functionality of school infrastructure. Figure
C.1.2 in the Appendix compares both sources and shows that the overall error in reporting
is low and there is a high overlap between both data sources. A comprehensive review of the
data we use assesses it to be of generally high quality (World Bank (2020a)).

Despite slight modifications to the scheme’s structure, these elements remained at its core.
As a result, the design is a demonstration case of centralized, data-informed accountability
regimes. The centrality of the scheme to the administration’s management, the scale and
quality of data collection, and the length of time that the scheme was in place all make the
scheme a good test for the efficacy of such approaches in the public sector.

3.3 Evaluation methodology

3.3.1 Data

We used administrative data collected at the school level from December 2011 to May 2018.%°
The outcomes are monthly assessments of teacher presence, student attendance, and whether
school facilities are functional. The first two are measured as the percentage of teach-
ers/students present at the time of the visit by the monitoring assistants. The functional
facilities measure the status of four types of school infrastructure: drinking water, electric-
ity, toilets, and the boundary wall. We use an aggregate index of the share of functional
facilities.

Additionally, starting in September 2017, PMIU began collecting data on student test
scores in Math, English, and Urdu using standardized tests, administered by monitoring
assistants to seven randomly selected 3rd-grade students in each school. Scores are measured
as the percentage of correct answers. To understand the effect of bureaucratic behavior, we
also use the data on district education staff visits to schools. We can identify each school’s
district, tehsil, and markaz, as well as the history of flagging across administrative tiers and
units.

Over the entire period, 82% of maraakiz were flagged red at least once on some outcome,
and 96% were flagged red or orange. Like any population of schools, there were some which
were persistently high performers. 1.6% of schools never dropped below 90% on any of the
outcomes. However, of the 82% of maraakiz flagged once, 79% got flagged again at some
point. Thus, the oversight intervention was broad in its reach across maraakiz.

Flagging thresholds for color-coding in the datapacks were designed to be generally ap-
plicable to schools across the province, and based on the education authorities’ pre-existing
targets for performance measures. These targets were mostly the same across all districts and
for all months of the year. In the case of student attendance, different targets were assigned

10The data excludes June, July, and August of each year, corresponding to summer vacations and public
schools being closed.
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across different districts and for different months of the year based on historical performance
as it was felt in the case of that outcome a moving target was more appropriate.'!

Table 3.1 report descriptive statistics. Panel A show that schools are relatively small,
with an average of 4.6 teachers and 110 students. Roughly 3% of the schools have ever
had more than 20 teachers. Those with more than 20 teachers are evenly distributed across
the province. At the markaz level, Panel B shows a substantial variation in the number
of schools within a markaz, broadly following differences in population size. However, the
average number of schools an AEO must manage is 20, of which nearly 80% are elementary
schools.

Panel A also shows descriptive statistics at the outcome-school-month level, separating
between outcomes in flagged (on that outcome) and non-flagged maraakiz. Similarly, Panel
B show descriptives at the outcome-markaz-month. By construction, the mean in a flagged
markaz is lower than that in a non-flagged markaz. The month in which a markaz is flagged
on a particular outcome, there is a drop in the mean level of that outcome. Comparison of
the two sets of columns gives the order of magnitude of the differences. For example, flagged
maraakiz have an average teacher presence of 80%, while in non-flagged maraakiz it is 93%.

In addition to the monthly flagging of AEOs/maraakiz, the districts were ranked each
quarter. The ranking was based on an overall score of the performance in the previous
months.'? Panel C in Table 3.1 shows descriptive statistics for districts in the top/bottom
positions. Bottom districts report a lower mean in the score. Panel C also shows the
percentage of districts that entered the top/bottom five positions in each period. There is
a relatively small number of cases where new districts fell into the top (7.7%) or bottom
(8.3%) positions, suggesting a high degree of persistence in the ranking status.

Figure 3.3 presents this persistence graphically. For each quarterly meeting, we color-
coded the quintile in which the district fell in the overall score distribution. The districts
in the higher quintiles tend to maintain their high position in the ranking. In contrast, the
districts in the lowest quintiles remained in last. The figure thus presents a descriptive sense
that the flagging did not motivate poor performers sufficiently for their overall rankings to
change.

A feature of the intervention environment is that almost all maraakiz were flagged at
some point, and yet some districts and maraakiz remain systematically at the bottom of the
distribution. Evidence from other settings indicates that education (and other environments)
face structural constraints to improving outcomes (World Bank Group (2018)). However,
they are also exposed to shocks (such as teachers getting sick) that substantially shift the
absolute levels of service delivery. This would imply that Punjab’s schools face shocks that
sometimes push them under the flagging threshold irrespective of their baseline performance
levels.

1 Appendix C.1 provides further details about the thresholds for color-coding for each indicator of interest.

12Gince this activity was based on a ranking, even if all districts were systematically improving, the
ranking system kept rewarding districts with the highest relative scores and punishing those with the lowest
scores.
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The time series variation in outcomes among schools is consistent with this interpretation.
Table 3.2 presents the standard deviations in school outcomes in each quintile of mean
baseline performance. The top four quintiles of schools face comparable levels of variation.
There is some significant probability of falling below the thresholds in each. This probability
is almost a magnitude higher in the lowest quintile. The likelihood of flagging jumps toward
the bottom of the distribution, implying a persistently challenging environment to manage.

3.3.2 Empirical strategy

To estimate the effect of the centralized accountability system on educational outcomes,
we followed Cengiz et al. (2019) and Baker, Larcker and Wang (2022) to build a stacked
dataset to avoid biases driven by the time-varying nature of the treatment (De Chaisemartin
and d’Haultfoeuille (2020); Callaway and Sant’Anna (2021); Goodman-Bacon (2021)). The
stacking consists of creating event-specific datasets for identifying control units that have
not been treated during a specific period. The process is described in Figure C.1.3 in the
Appendix. The result is a dataset with the treatment centered in relative time to eliminate
its time-varying nature, conditional on indexing the estimations at the event-panel level.
Following the stacked design of our data, we implemented a stacked difference-in-differences
strategy.!3

3.3.2.1 Markaz flagging

Our main specifications assess the impact of a markaz being flagged as red /underperforming
on the flagged outcomes in schools within that markaz. We estimated the following equation:

}/;mdte =N (dee X Flagte) + VZ(dee X PuniShte)—i_

(3.1)
/B(dee X AfterFlagte) + Qmde + )\te + dt + €smdte

Subscripts s, m, d, t are for school, markaz, district, and time. All of the components are
indexed at the event panel e. Y, 4. is the outcome for school s, within markaz m, in district
d. Thae equals 1 for schools in a flagged markaz m. Flag;. equals 1 for the period data is
collected and the flag is defined. Punish;. equals 1 after the flagging, where the oversight
committee meets and the accountability intervention occurs. AfterFlag, equals 1 after the

13The core empirical exercise we conduct in this paper uses specific features of the flagging system to
estimate rigorous identification of its effects. However, in Appendix C.2.1 we also assess whether the intro-
duction of the scheme itself created large changes in the trends of public education outcomes. We do so
in three ways. First, assessing whether outcomes trended similarly before and after the introduction of the
scheme in Punjab versus other territories in Pakistan. Second, whether the first flagging of any jurisdiction
had a particular impact on its trajectory. Third, whether the first flagging of a jurisdiction in a district
had any impact on the wider trajectory of schools there. We find no evidence on any of these margins: the
introduction of the scheme did not affect the trajectory of school outcomes. This alleviates the concern that
the relevant responses of bureaucrats to the scheme happened before (in expectation) or on impact. Such a
coordinated and widespread response seems intuitively unlikely in a large and disparate environment.
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punishment phase where we assess the intervention impact. «,,,. is for markaz fixed effects
to control for constant characteristics of maraakiz, and A\ is for time fixed effects to capture
time-specific shocks. We include dt —a district binary and linear calendar index— to absorb
district linear time trends. €gnqgze is the error term clustered at the markaz level (treatment
level). In our main specifications, we stack for four pre-periods and seven post-periods.

Figure 3.4 presents the evolution of our outcomes in relative time, anchored on periods of
flagging. Solid lines are schools in flagged maraakiz. Dotted lines are schools in non-flagged
maraakiz. We present two dynamics: one that uses all schools (the blue lines) and one that
uses only those that are “close” to the threshold for flagging (red lines). We highlight three
periods corresponding to the month in which the data is collected and the flag is defined,
the month in which these are reported to oversight committees and punishments occur, and
the period after the flagging events, where we assess the impact of treatment.

We observe that treated and control units follow similar paths just before the flagging.
In the month of flagging, the average school in a markaz that gets flagged suffers from a
shock, contributing to the markaz being selected for treatment.!* Thus, the treated units
would not have followed the same transition as control units without the treatment, and
the conditions for causality would be violated. To address the parallel trends violation, we
follow Rambachan and Roth (2022) and redefine the base period as the one just before the
negative transitory shock occurs (relative time -1).

To further account for the negative shock, we build a sample of comparable schools around
the flagging thresholds for each outcome (plotted in red). We follow Calonico, Cattaneo and
Farrell (2020) to identify the maraakiz within an optimal bandwidth on either side of the
flagging threshold in time 0. We obtain optimal bandwidths separately for each event panel
to build an stacked-threshold sample.!®> As can be observed, regardless of the sample, the
transition of outcomes typically reverts to the pre-shock levels.

Then, v, absorbs the effect of the negative transitory shock, and 9 captures the imme-
diate recovery in the punishment period. g would estimate the effect of flagging on school
performance after the shock. If flagging leads to higher outcomes on flagged units relative
to non-flagged units, 3 should be positive. That is the core test of the specification. To
illustrate the external validity of the results using the sample of schools around the flagging
threshold, we also present results for the full set of schools.

3.3.2.2 District ranking

One concern is that markaz flagging might be less salient when the rest of the district
performs well. We complement our core strategy with analysis at the district level. Above we
noted that in quarterly oversight meetings, districts were ranked according to the aggregate
performance in the prior quarter. Though we are far less powered to investigate the impact

14This situation is related to an Ashenfelter dip (Ashenfelter (1978); Ashenfelter and Card (1984); Heck-
man and Smith (1999)), which consists of self-selection into the treatment because of a negative shock.

15The threshold sample consists of 16% of observations of the full sample for teacher presence and student
attendance, 9% for functional facilities and Urdu scores, 5% for Math scores, and 23% for English scores.
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of this ranking, we apply a version of our main specification to being “flagged” as a top- or
bottom-performing district on the subsequent performance of schools in that district, and
additionally look at the interaction between district and markaz flagging.

We stack for four pre-periods and three post-periods as district meetings happen quar-
terly. We use as event time each month in which a meeting happened. Flagged units are
defined as the schools in districts that were at the bottom/top of the ranking during the
meeting in period 0. District rankings do not systematically receive a negative shock before
the meeting, and thus do not require corrections for related self-selection and reversion to the
mean. However, for consistency, we define -1 as the base period and build a threshold sample
of the five districts closest to the treated five at the top/bottom to represent a threshold
comparison. We estimate the effect of district ranking with the equation below:

Yemate = 7 (Positionge X Meeting.)+

3.2
B(Positiong. x After Meeting.) + age + Me + €smae (3:2)

where Positiong. equals 1 for schools in bottom/top districts d. Meeting, equals 1
for the period when the quarterly meeting happens, so v absorbs any immediate effect of
the meeting. AfterMeeting,. equals 1 for the months after the meeting, so 5 estimate the
persistent effects of the flagging. ay. are district fixed effects and ). are time fixed effects.
€smdte 18 the error term clustered at the district level. Interactions between this specification
and the above markaz-level specification are natural extensions to these equations.

3.4 Results

3.4.1 Markaz flagging

Figure 3.5 reports the event studies for each outcome variable we study. The y-axis reports
B coefficients in percentage point differences. The blue line is the full sample, while the red is
the threshold sample. The event studies show that the pre-trends are not significant and are
small in magnitude. Thus, the parallel trends assumption is plausible. As can be seen, most
of the coefficients in both samples are statistically equivalent to zero at the 95% level in the
After flag period, indicating null impact of the flagging. The full sample estimations exhibit
a larger relative negative shock measured in period 0, but even this is almost recovered by
the first After flag period.

We in fact see flagged schools taking longer than their equivalent non-flagged schools to
return to their pre-existing levels. In particular, the coefficients related to student attendance
(panel b) and English scores (panel e) take longer to reach the pre-shock level in flagged
schools, though the magnitude of the effects are small. This is likely due to the fact that
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treatment schools have a marginally stronger shock in the outcome variable, and they may
naturally have a more extended transition back to equilibrium.®

Table 3.3 presents the results of estimating equation 3.1. The first column for each
variable reports the full sample, and the second shows the threshold sample. Panel A reports
outcomes relating to school functioning. They are always negative and significant coefficients
in the Flag and Punish periods for flagged relative to the non-flagged units. The coefficients
for both periods represent the first negative shock and the subsequent immediate recovery,
which we interpret as a reversion to the mean effect.

The coefficients for the After flag period (corresponding to () are significant in both
samples for teacher presence and student attendance. The coefficients are small (almost
zero) compared to the mean of the dependent variable, but negative rather than positive.
As observed graphically, the negative effect can be interpreted as a persistence of the negative
shock. Panel B of Table 3.3 presents the results for the student test score variables. We note
that the sample size is smaller here, given the reduced time frame for which we have these
measures. We observe the same pattern of results as in Panel A. The results imply that the
oversight scheme had no impact on school functioning nor student outcomes, but rather that
flagged and non-flagged schools facing a similar shock returned to equilibria at roughly the
same rate, and certainly did not improve disproportionately beyond their pre-existing levels.

To assess the robustness of these results, we present a series of additional specifications
in Appendix C.2. We plot the estimate for each coefficient from a stacked data set including
t additional periods to further test the stacked structure (Figure C.2.4). We assess the
effects of using fixed effects that absorb the history of markaz flagging (Table C.2.1) and of
changing our assumptions on the persistence in the impact of flagging (Table C.2.2). We
present alternative difference-in-differences estimators (Figure C.2.6 and C.2.7). We estimate
the results for the ‘orange’ flagging threshold (Figure C.2.8) and for flagging at the tehsil
level, the layer of hierarchy above the markaz (Figure C.2.9). We assess the impact of
centralized accountability separately for each month in which the scheme was implemented
(Figure C.2.10). We also investigate the possibility of public officials anticipating the flagging
(Figure C.2.11). In all cases, our results are qualitatively the same.

One possibility is that the system was not intended to improve student outcomes but
rather to serve political ends. We therefore assess whether flagging had differential impacts
across political environments. In Appendix C.2.5 we identify political alignment following
Callen, Gulzar and Rezaee (2020) and use a difference-in-differences strategy to assess the
effect of being in a politically aligned markaz. We compare aligned/non-aligned markaz,
before/after the 2013 elections in places with high political competition (close elections).
While we find no effect of political alignment on the probability of flagging, there are small
effects of alignment on student attendance itself but no consistent effects elsewhere.

16 As a robustness check, Figure C.2.5 reports the event studies for a stacked dataset with fewer post
periods to test the sensibility of the results to an arbitrary number of periods. Results follow the same
trends in both cases.
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3.4.2 District ranking

To complement our main analysis, we assess the impact of being the top/bottom performing
districts at quarterly oversight meetings. We restrict our analysis to measures of school
functioning. Figure 3.6 presents the event studies for top/bottom performing districts. The
figures illustrate that no pre-periods appear significant, suggesting the plausibility of the
parallel trends assumption. The After flag period indicates that flagging once again has no
significant effects on school functioning or outcomes.

Table 3.4 reports the treatment effects. Panel A for schools in the bottom districts shows
that we detect a small but significant increase of 1.3 percentage points in student attendance
for the threshold sample. Panel B for schools in top districts shows that being in it leads to
a slight increase in teacher presence after the quarterly meeting. However, the coefficients
are small in magnitude relative to the mean of the dependent variable before the meeting
(91% in the full sample and 91.9% in the threshold sample). Hence, there is no evidence of
significant increases in performance due to centralized monitoring of higher-level managers
from the district-level rankings. The findings are consistent with the descriptive statistics
in Panel C of Table 3.1 and Figure 3.3, showing that there is little movement into and out
of the top quintiles of performance, with corresponding limits on the degree to which they
might be motivating.

Despite finding zero overall impacts of flagging at the district level, we tested the impact
of the interaction between district-level and markaz-level flagging. We hypothesize that the
coincidence of flagging at both levels might create greater pressure throughout the hierarchy
toward school improvement, leading to a differential increase in performance. We tested
this hypothesis by estimating equation 3.2, including a triple interaction between schools in
a bottom or top district in the quarterly meeting and those for which a markaz was also
flagged in the month of the quarterly meeting. Appendix Table C.2.3 reports the results of
the heterogeneity analysis. Panel A reports the results for the bottom districts, while Panel
B reports the results for the top districts. The triple interactions for none of the panels,
variables, and samples show positive and significant results, suggesting no major interaction
between flagging district- and markaz-level performance.

3.4.3 Does punishment change the trend of recovery?

The recovery to pre-treatment means is a combination of mean reversion and the impact
of the punishment period. A key advantage of the frequency of our data is that we can
separately examine the impact of punishment beyond the regression to the mean trends in
the outcomes. To do so, Figure 3.7 plots over time impacts on first-differenced outcomes
that are reported above in Figure 3.5.

We can see that there exists a negative shock during the flagging month (¢ = 0). This
negative shock is followed by a quick recovery in the month where punishment occurs (¢t = 1).
If it were the case that punishment, where top down accountability occurs, was contributing
to an improvement beyond the pre-existing path of recovery, we would expect the coefficient
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in period t = 2 to be larger than the coefficient in period t = 1 as the path to recovery would
have accelerated.

We find evidence for the efficacy of punishment only in the case of teacher presence
(panel a), where there is a small precisely estimated effect on the first differenced outcome
(p-value of 0.06). This shows that the rate at which teachers return to schools is increased
in the first month after flagging by 2 percentage points. From month 2 onwards, we see
no difference between flagged and non-flagged schools. The results for flagging on other
outcomes are all indistinguishable from zero, suggesting that punishment is not bringing any
further improvement in the rate of recovery. Taken together, these results show that there
is an impact of top-down accountability but it is small in magnitude and only occurs on the
immediate next step on the causal chain.

3.5 Impacts on the machinery of government

Despite finding no impacts of the centralized accountability scheme on schooling outcomes,
we can use the data we have collected to investigate if there were effects on other bureaucratic
activities that we would expect to observe if the bureaucracy had been motivated to respond
to the flagging. Specifically, we can analyze administrative action in terms of both personnel
and financial resources, the two key inputs to effective government functioning. We look
at bureaucratic effort through monitoring visits to affected schools, the movement of staff,
and impacts on promotions. We also look at changes in school budgetary resources and the
nature of expenditures at the school level.

3.5.1 Oversight visits

A natural immediate response by public officials flagged for poor performance would be to
visit poorly performing schools to undertake diagnostic and remedial work on whatever area
of school functioning had been flagged. School visits are a standard part of the AEOs work
program and a mechanism to resolve issues that schools face in functioning effectively. We
explore whether the flagging led to an increase in visits to (affected) schools. Table C.2.5 in
the Appendix reports the results of each flagging on this measure of bureaucratic effort. The
‘visited schools’” measure equals 1 if the school received a visit from the relevant AEO. The
coefficients of Flag and Punish periods account for changes in the probability of receiving a
visit, given the negative shock. The flagging has no significant effects on bureaucratic visits
to schools. The coefficients for the After Flag period are never significantly positive for both
samples in none of the variables. Table C.2.6 shows the results in samples with specific
characteristics to explore if bureaucrats gamed the system by strategically visiting bigger,
worst performing, or most missing teachers schools. The results are small or non-significant.
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3.5.2 School Budget Utilization

Another response by public officials is to channel budgetary resources to support struggling
schools. We explore the relationship between flagging and the schools’ resources by aggre-
gating the panel at the year level and counting the number of times each school was in a
flagged markaz. We used a panel regression with markaz and year fixed effects, and district-
time trends to obtain estimates of the impact of the number of times flagged in a year on
the amount of funds received and the expenditures undertaken by the schools in the next
year. Further, to address potential endogeneity from resources assignment also affecting the
flagging status, we use an instrumental variables approach and exploit the random position
of the markaz around the arbitrary threshold. We instrument the number of times flagged
by whether the schools were in a markaz flagged when staying within the threshold sample.
Panel A of Table C.2.7 in the appendix shows the results for each flag type on the amount
of funding given by the government and the reported expenses at the school level for a year.
For teacher presence, one more flag in the previous year is associated with an increase of 6%
in non-government funds (those received from non-government sources such as parents), and
one more flag on functional facilities increases non-government funds by 3%. For student
attendance, one more flag leads to a 7% increase in government funds received by the school
and a 3% rise in expenditures. The rest of the coefficients are small in magnitude and
broadly insignificant. Panel B reports the results from an IV estimation strategy where we
instrument the number of times flagged by the distance to the flagging threshold, which
is akin to fuzzy RD setup. In this setup, we find no evidence of a response to any of the
flagging in either the funds received by a school or its expenditures. Overall, there seems
little systematic evidence that the flagging shifts budgetary resources or expenditures.

3.5.3 Transfers and Postings

Public officials can also intervene in the management of schools through the labor market by
moving head teachers, or district officials across schools or districts in response to flagging.
We study the rotation of officials at the school and district level, measuring rotation as a
variable that equals 1 if the public official reported in period t is different from the one
reported in ¢t — 1. First, we explored whether the markaz flagging induced a higher rotation
of head teachers, as AEOs might use it to improve school performance within their admin-
istrative unit. We used equation 3.1 with rotation of head teachers as a dependent variable.
We thus estimated the effect of being flagged on the probability of observing head teacher
rotation. Overall, Appendix Table C.2.8 shows no significant changes in the probability of
rotation of head teachers, except from math and english scores, for which we found a lower
probability of rotation in the after-flag period.

Second, we used equation 3.2 at the district level to observe the rotation in district
managers themselves. Because the district officer is a district attribute, we aggregated the
data at the district level. Panel A of Appendix Table C.2.9 reports the results for bottom-
performing district, and Panel B for a top-performing district. We bootstrapped the standard
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errors because of the low number of observations. No coefficient showed significant results,
suggesting that the district flagging system based on rankings does not lead to a higher
rotation of officers.

Finally, we explored for the district-level officers whether being in charge of a top/bottom
district was related to whether they held a higher/lower-ranked position at the end of the
scheme. In other words, whether the success of the districts in which they were in charge
had any impact on their long-term progress through public service. We obtained data on
the current employment of public officers in charge of a district between 2011 and 2015 and
generated a ranking of the importance and status of each role. Appendix C.1.5 details how
we constructed the rankings of district officer positions. We also calculated the months they
were in charge of a top/bottom district. Then, we estimated a simple regression correlating
the ranking of the current employment and the number of months they were in charge.!” No
coefficient is significant. However, we do have a relatively small number of observations and
observe that the bottom (top) districts are negatively (positively) correlated with the rank
of the current position of the public official.

Overall, there is no consistent evidence that the central accountability scheme induced
any substantive impacts on how the government functioned in bureaucratic effort, budget,
or public sector labor market, a result consistent with the null impacts that the scheme had
on the targeted variables.

3.6 Discussion

Centralized command of the public administration, typically with few related changes in the
de jure incentive structure, has been a dominant approach to the management of the public
sector (Finer (1997); Education Commission (2023)). The rise of public service digital infor-
mation systems has brought greater attention to the efficacy of this approach. As centralized
analytical units have fed substantial volumes of data to senior managers, governments have
been keen to showcase their responsiveness to this data through top-down methods of con-
trolling service delivery. Despite the prevalence of this approach to managing government
throughout history, as well as its continued implementation at scale worldwide, there have
been limited evaluations to date on its efficacy.

We analyze the effectiveness of ‘command and control’ in government administration
by evaluating a system from Punjab province in Pakistan that alerted senior government
managers to poorly performing school districts. Despite flagging of poor performance leading
to de facto accountability along the bureaucratic hierarchy, the scheme had no substantive
impacts on schooling outcomes across any targeted outcome. By assessing the activities of
public officials throughout the chain of service delivery, we find that this system had no
impact on any aspect of government functioning beyond a slightly faster return of teachers
to schools flagged as having low teacher attendance. Our data allow us to make these claims

1"Regressions use bootstrapped standard errors to account for the low number of observations.
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with a high degree of precision. Taken together, our results suggest that centralized command
and control management approaches struggle to effectively manage unpredictable delivery
environments. Such findings are consistent with emerging literature on large-scale incentive
provision in the public service (see introduction).

An obvious caveat to our findings is that de jure incentives were not changed, and thus
it could be argued that we would not expect to see responses by rational economic actors.
However, widespread literature on the personnel economics of the state has documented the
challenges to sustained changes in formal public sector contracts (Banerjee et al. (2021)) and
the dominance of de facto public sector incentive schemes implemented in reality (Schuster
et al. (2023)). As such, a frontier of that literature is to understand how de facto incentives
(such as top-down accountability) may or may not improve service delivery outcomes.

Our identification strategy focuses on the impacts of the flagging of underperforming
schools. There may have been larger benefits of the scheme, such as an immediate account-
ability effect or wider learning across the system upon its introduction. However, assessing
the immediate impacts of the scheme using a range of approaches, we also fail to find ev-
idence that its introduction substantially shifted outcomes. We also do not see any broad
shift in the ranking of districts across the province, such that any learning did not improve
the performance of the weakest performers. Rather, the relative rankings of school perfor-
mance persisted. More broadly, a threshold-based approach to performance measurement is
unlikely to be the most relevant method for a system to maximize learning, given its narrow
lens. Alternative reporting based on the same data may have captured relative progress
better.

What do these findings imply for large-scale data collection in the public sector? How-
ever detailed data-collection, management information systems struggle to document the
full extent of many modern public service environments. As such, there have long been calls
for autonomy for effective frontline service managers in related literatures (Simon (1983);
Dixit (2002)). At the same time, large-scale datasets combined with modern analytics have
been shown to be a powerful means for estimating important structural elements of the
public sector production function (Fenizia (2022); Best, Hjort and Szakonyi (2017)). This
would suggest that there is utility from taking an approach that builds on the comparative
advantage of large-scale data analysis in estimating more permanent parameters of the edu-
cation production function rather than variables that are potentially vulnerable to short-run
stochastic shocks.

As an illustration of the power of large-scale data in the case of Punjab, we use the
PMIU data to estimate the impacts of head teacher quality on the same outcomes that
the centralized accountability system focused on. We follow Fenizia (2022) in using an
AKM-model (Abowd, Kramarz and Margolis (1999)) of head-teacher productivity (Card,
Heining and Kline (2013)). We identify three important insights. First, head teachers have
different levels of added-value across distinct areas of school functioning, with some better at
inducing teacher presence, and others better at improving test scores. Second, the rotation
of head teachers across schools can have substantial impacts on school outcomes. Overall,
a one standard deviation increase in head teacher quality accounts for approximately 3%
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improvement in the corresponding outcome of the average school in our sample. Third, by
using this information to optimally allocate head teachers to schools that are most in need
of a particular set of skills, we find that PMIU could have raised levels of teacher presence
by 19 percentage points in schools that were performing below the median on that margin.

Combining this illustrative analysis with our results indicates that centralized manage-
ment of service-delivery through high-frequency monitoring and related control methods is an
inefficient use of information management systems in the public sector. We find no evidence
that this statement is mediated by features of the targeted outcome, with the ‘command
and control’ scheme we study having no impacts along any point on the causal chain: from
monitoring and budgetary allocation, facility construction and maintenance, to student and
teacher presence at schools. However, insights using the data resulting from high-frequency
monitoring can be powerfully used to identify structural parameters of the education produc-
tion function that no official within the public administration could generate independently.

Moreover, complementing large-scale and high-frequency data collection with appropriate
counterfactual analytics ensures that limited public resources are spent judiciously. We
estimate, using only that data which PMIU would have had access to during the rollout of
the scheme, that the limited impacts of the system could have been detected within months
of it starting. Figure C.2.12 in the Appendix plots the after-flag 3 coefficients from equation
3.1 using only the data available up to month ¢.1® As such, we mimic the analysis that the
government could have undertaken during the scheme’s operation.!® The results are a long
string of null or negative coefficients that would have been quickly perceptible to an analyst.
Financial and personnel resources, and the attention paid to the scheme, could have been
repurposed to other, potentially more effective, policies.

In conclusion, our paper provides a detailed evaluation of the concerns with centralized
accountability systems debated in the literature (Kane and Staiger (2002); Besley and Coate
(2003); Bardhan (2002); B6 et al. (2021)). Our results support the perspective that oversight
and control approaches fail to induce changes throughout a public sector hierarchy. However,
re-purposing the data that underlies an oversight scheme for analytical purposes related to
structural determinants of public sector effectiveness has much greater promise (Lang (2010);
Staiger and Rockoff (2010)).

18Tn the first month, we use data from the first month only. In the second, we use data from the first two
months, and so on.
19We omit the results for school scores due to the short time series available for these variables.
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3.7 Main Tables and Figures

3.7.1 Tables

Table 3.1: Descriptive statistics

Panel A: School-level variables

Mean Median Sd N. Obs Mean Median Sd N. Obs

Number of teachers 4.6 3 3.8 2,305,208

Number of students 110 80 103 2,307,637

Outcomes (%) No flag Flag

Teacher presence 93 100 15 2,095,004 83 100 22 209,599
Student attendance 90 93 12 1,899,734 81 85 17 403,409
Functional facilities 93 100 16 1,875,892 84 100 22 383,125
Math score 87 92 14 824,341 67 67 21 22,212
English score 80 83 17 659,293 65 67 20 187,236
Urdu score 85 89 15 810,220 67 67 20 36,291

Panel B: Markaz-level variables

Mean Median Sd N. Obs Mean Median Sd N. Obs

Number of schools 21 15 19 130,364
Proportion elementary 80 100 40 130,364
Outcomes (%) No flag Flag
Teacher presence 93 94 4.3 95,422 80 83 7.8 8,739
Student attendance 91 92 6 89,649 80 82 7.7 14,257
Functional facilities 95 98 11 90,029 81 84 11 13,846
Math score 87 88 6.4 60,069 65 66 4.9 2,100
English score 80 80 6.3 49,451 64 66 5.1 12,718
Urdu score 85 86 6.4 59,375 65 67 5.1 2,794
Panel C: District level variables

Top 5 Bottom 5
Outcomes (%) Mean Median Sd N. Obs Mean Median Sd N. Obs
Overall score 94 95 3.8 70 78 78 10 70
New position  .077 0 27 504 .083 0 .28 504

Notes: The unit for outcomes in Panel A is outcome-school-month; in Panel B it is outcome-markaz-month.
Outcomes are measured in percentages. Student test scores are measured as the percentage of correct answers
in standardized tests. A unit is flagged if it receives a flag in the data pack on that outcome in that month.
Outcomes in Panel B correspond to the maraakiz that had elementary schools for which an AEO can be
flagged. Panel C reports statistics at the district-quarter level. The “Overall score” is the weighted average
of markaz outcomes for a district for the three months before the meeting for those ranked at the top/bottom
in the respective meeting. The “New position” variable measures the percentage of districts that enter into
the top/bottom in each quarterly meeting.
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Table 3.2: Measures of Variation

School-level variation (sd) by quintiles of overall performance

Outcomes (%) QL Q2 Q3 Q4 Q5 Al N.Obs
Teacher presence 9.8 96 .67 .72 15 74 51,534
Student attendance 13 1.3 .77 .69 1.5 9.6 51,507
Functional facilities 17 4.5 1.7 .46 .64 16 50,501
Math score 54 1.1 .81 .79 1.8 6.3 37,537
English score 5.8 14 11 12 3 82 37,536
Urdu score 55 1.3 .93 92 2 7 37,536

68

Notes: The unit of observation for outcomes is presented at the school level. Teacher presence and student
attendance are measured as the percentage of present teachers/students relative to the total teachers/students
reported. The functional facilities variable is measured as the percentage of the school’s functional infrastruc-
ture, including toilets, drinking water, boundary wall, and electricity. Math, English, and Urdu scores are
measured as the percentage of correct answers in standardized tests. Each quintile is calculated separately
based on the mean level of performance for each variable. The table shows the standard deviation for each

school-level variable quintile.
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Table 3.3: Monitoring effect on performance - markaz flagging

Panel A: School outcomes

Dependent, variable: Teacher presence Student attendance Functional facilities
TxFlag T Rt U~ Rl 0 1 St N 2 I Rkt N 6= Sl B {0 ki
(0.15) (0.19) (0.18) (0.16) (0.34) (0.28)
T x Punish S2UTTRRR J1E3RR _3.06%F 2,24k ] 19FKX -0.66**
(0.18) (0.27) (0.19) (0.29) (0.18) (0.29)
Tx After flag S0.40%*F 0. 47FFx 0. 98%FFF 1 18%FFK (.43 %** -0.23
(0.098) (0.16) (0.081) (0.15) (0.16) (0.29)
N. of obs. 6,979,566 490,950 4,964,842 562,661 7,314,616 392,052
Mean Dep. Var. before 92.9 87.3 91.8 87.2 97.4 93.9
R? 0.032 0.036 0.10 0.098 0.070 0.069
Panel B: Student scores
Dependent, variable: Math English Urdu
TxFlag S13.THRR T4 10, 310K 2 34k 0. TR 2, 63%F*
(0.35) (0.56) (0.22) (0.30) (0.26) (0.34)
T x Punish -2.31%** -1.11 S3.34%HE L 4TRRR ] 4R¥HE -0.46
(0.46) (0.82) (0.28) (0.46) (0.36) (0.55)
Tx After flag -0.14 -0.28 S1.53%F% ] 5HHK -0.087 -0.61*
(0.28) (0.52) (0.20) (0.30) (0.22) (0.35)
N. of obs. 2,182,972 53,066 804,855 146,692 1,936,332 119,016
Mean Dep. Var. before 86.9 1.7 78.1 70.4 84.5 L7
R? 0.100 0.15 0.065 0.069 0.10 0.13
Sample Full Threshold Full Threshold Full Threshold
Markaz FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
District time trends Yes Yes Yes Yes Yes Yes

Notes: Results from estimating equation 3.1. The school is the unit of observation for both panels. The first
column for each outcome estimates for the full sample. The second column for each outcome estimates for the
threshold sample, including schools in maraakiz that lie within the bandwidth obtained through regression
discontinuity optimization methods. The flagging and threshold sample are based on the studied outcome.
Teacher presence and student attendance are measured as the percentage of present teachers/students relative
to the total teachers/students reported. The functional facilities variable is measured as the percentage of
the school’s functional infrastructure, including toilets, drinking water, boundary wall, and electricity. Math,
English, and Urdu scores are measured as the percentage of correct answers in standardized tests. T equals
1 for schools in a flagged markaz. Flag equals 1 for the period in which the information is collected, and
the markaz is flagged. Punish equals 1 for the period where the reports are distributed and the oversight
meeting with the punishment occurs. After flag is equal to 1 for periods after the oversight meeting occurs.
Mean. Dep. Var before shows the average outcome in the non-flagged maraakiz before the flagging occurs.
Standard errors clustered by markaz, are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table 3.4: Monitoring effect on performance - district ranking

Panel A: Bottom districts

Dependent variable: Teacher presence Student attendance Functional facilities
Bottom x Meeting -0.11 0.18 0.46 1.28* -0.045 0.087
(0.31) (0.34) (0.68) (0.72) (0.51) (0.54)
Bottom x After meeting 0.38 0.27 0.72 1.31°%* 0.48 0.20
(0.33) (0.36) (0.56) (0.61) (0.52) (0.53)
N. of obs. 3,063,835 583,417 3,063,410 583,248 3,009,844 565,920
Mean Dep. Var. before 914 90.1 88.8 86.0 92.5 90.0
R? 0.025 0.030 0.12 0.15 0.14 0.17
Panel B: Top districts
Dependent variable: Teacher presence Student attendance Functional facilities
Top x Meeting 1.19%#* 0.71* -0.76 -1.32% 0.43 0.29
(0.30) (0.38) (0.51) (0.73) (0.30) (0.28)
Top x After meeting 0.79%** 0.82%** 0.089 -0.50 0.073 0.66
(0.25) (0.23) (0.31) (0.68) (0.42) (0.46)
N. of obs. 3,111,642 682,461 3,111,048 682,369 3,036,557 672,780
Mean Dep. Var. before 91.0 91.9 87.4 90.0 91.6 92.7
R? 0.027 0.026 0.12 0.12 0.14 0.15
Sample Full Threshold Full Threshold Full Threshold
District FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes

Note: Results from estimating equation 3.2. The school is the unit of observation for both panels. The first
column for each outcome estimates for the full sample. The second column for each outcome estimates for
the threshold sample, including the schools in the five districts closer to the five in the bottom/top. The
bottom/top status and threshold sample are based on the aggregate district performance. Teacher presence
and student attendance are measured as the percentage of present teachers/students relative to the total
teachers/students reported. The functional facilities variable is measured as the percentage of the school’s
functional infrastructure, including toilets, drinking water, boundary wall, and electricity. Bottom equals 1
for schools in the bottom five districts and Top equals 1 for the schools in the top five districts on the date
of the quarterly meeting. Meeting equals 1 in the period of the quarterly meeting. Mean. Dep. Var before
shows the average outcome in the non-top/bottom districts before the meeting occurs. Standard errors
clustered by district, are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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3.7.2 Figures

Figure 3.1: Countries adopting the command-and-control delivery approach (shaded)
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Source: Mansoor et al. (2023)

Figure 3.2: Monitoring scheme structure
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Figure 3.3: Distribution of quintiles of district performance
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Note: This figure illustrates for each quarter the quintile of the overall district score distribution in which
each district fell. District scores are measured based on the aggregate performance of teacher presence,
student attendance, and functional facilities in each quarter. The figure ranks the districts based on their
average performance of all the periods, such that the worst performing district at all times appears first.
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Figure 3.4: Evolution of school outcomes in relative time - markaz flagging
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Note: The figure presents the average evolution of schools in flagged (continuous line) and non-flagged
(dashed line) maraakiz. Flagging is based on the outcome variable in focus. Blue lines represent the full
sample. Red accounts for the threshold sample that is “close” to the flagging threshold. Relative time is
divided into: Flag: period where information is collected and maraakiz are flagged; Punish: period where
the reports are distributed and oversight meetings are held; After flag: periods after the meeting.
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Figure 3.5: Event study - flagging effect on performance
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Note: This figure presents results from estimating event studies based on equation 3.1 using -1 as the base
period, comparing schools in flagged and non-flagged maraakiz. The blue line presents results for the full
sample, while the red line presents results for the threshold sample, obtained through regression discontinuity
optimization methods. The results are for flagging on the variable in the title of the panel. Flag is for the
period in which the information is collected, and the markaz is flagged. Punish is for the period where the
reports are distributed and the oversight meeting with the punishment occurs. After flag is for periods after
the oversight meeting occurs. Error bars at the 95 percent level are presented for each coefficient.
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Figure 3.6: Event study - district ranking effect on performance
(a) Bottom - Teacher presence (b) Bottom - Student attendance
© } <
| Meeting  After meeting Meeting  After meeting
- | - o
|
a, | =
k= ! &
g 1 g
Se L -1 |
£ ! &
g i
|
|
A | i
‘ ! -
4 3 B 1 0 1 2 3
Relative time Relative time
Full sample Threshold sample Full sample Threshold sample
(c) Bottom - Functional facilities (d) Top - Teacher presence
- ! < |
| Meeting  After meeting | Meeting  After meeting
<+ | -4 |
| |
B i £ i
~ | |
[ I S Q%ﬁiﬁiﬁ g_ ‘
2 i - 2 i
8 o } 8 o }
&) | o |
. | . |
| |
| |
% ! %4 !

Relative time Relative time

Full sample ~ —=—— Threshold sample

Full sample  —=—— Threshold sample

(e) Top -Student attendance (f) Top - Functional facilities

Meeting  After meeting

2

1l /lfff,L

===t

0

Coefficient (pp)

T T T T T T
2 1 0 1 2 3
Relative time

T
4 3 2 1 0 1
Relative time

o
w
IS

Full sample  —=—— Threshold sample

Full sample  —=—— Threshold sample

Note: This figure presents the results from estimating an event-study based on equation 3.2, using -1 as base
period, comparing schools in top/bottom districts against schools out of the top/bottom districts. Bottom
is for the schools in bottom five districts in the quarterly meeting. Top is for the schools in the Top five
districts in the quarterly meeting. Blue line accounts for the result on the full sample, while the red accounts
for the results using the threshold sample, including the schools in the five districts closer to the five in

the bottom/top. Meeting is for the period of the quarterly meeting. Error bars at the 95 percent level are
presented for each coefficient.
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Figure 3.7: Punishment Period vs Reversion to Mean - Month on Month Changes
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Note: This figure shows month-by-month coefficients from equation 3.1 for maraakiz not fully recovered
from the negative shock during the punishment period.
maraakiz across consecutive months. The blue and red lines represent results for the full and threshold
samples, respectively. Panel title shows flagging and dependent variable. Flag is for the period in which the
information is collected, and the markaz is flagged. Punish is for the period where the reports are distributed
and the oversight meeting with the punishment occurs. After flag is for periods after the oversight meeting
occurs. Error bars represent 95% confidence intervals. P-values reported for a one-sided test for the coefficient
of relative time 2 (after flag) being greater than that of relative time 1 (punishment) in the threshold sample:
Panel (a) 0.06, Panel (b) 0.99, Panel (c) 0.99, Panel (d) 0.62, Panel (e) 0.08, Panel (f) 0.6.

It compares schools in flagged and non-flagged
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Appendix A

Short Messages Fall Short for
Micro-Entrepreneurs: Experimental
Evidence from Kenya — Appendices

A.1 Summary Statistics and Balance Across
Treatment and Control

Table A.1.1: Summary Statistics

Midline Endline
Variable Mean SD Obs. Mean SD  Obs.
Female 0.50 050 307 0.47 0.50 2,780
Rural 0.44 050 307 0.46 0.50 2,780
Years of education 11.81 252 307 11.88 2.70 2,779
Age 35.80 9.73 306 35.30 9.15 2,779

Num of adults in household 2.58 1.50 306 263 1.34 2,776
Num of children in household 2.16 1.70 306 2.16 1.49 2,776

Job before intervention 0.25 044 307 0.17 0.38 2,780
Business before intervention 0.89 031 307 085 0.36 2,780
Loan before intervention 0.41 049 307 038 049 2,779

Notes: This table shows the mean, standard deviation, and number of observations for pre-intervention
covariates for Midline and Endline.
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Table A.1.2: Balance Table

Midline Endline
Variable Full Treatment Control Diff Full Treatment Control Diff
Female 0.50 0.53 0.44 0.08 0.47 0.46 0.48 -0.02
(0.50) (0.50) (0.50)  (0.06) (0.50) (0.50) (0.50) (0.02)
Rural 0.44 0.47 0.38 0.09 0.46 0.46 0.46 -0.00
(0.50) (0.50) (0.49)  (0.06) (0.50) (0.50) (0.50) (0.02)
Years of education 11.81 11.73 11.97 -0.25 11.88 11.84 11.95 -0.11
(252)  (248)  (2.60) (0.30) (2.70)  (2.73)  (2.65)  (0.10)
Age 35.80 36.52 34.50  2.02*  35.30 35.00 35.75  -0.75%*
(9.73) (10.19) (8.73) (1.16) (9.16) (9.03) (9.33) (0.35)
Num of adults in household 2.58 2.68 2.39 0.29 2.63 2.62 2.65 -0.03
(1.50) (1.66) (1.11)  (0.18) (1.34) (1.34) (1.34) (0.05)
Num of children in household  2.16 2.16 2.17 -0.01  2.16 2.14 2.20 -0.07
(L70)  (175)  (1.61) (0.20) (1.49)  (1.50)  (1.49)  (0.06)
Job before intervention 0.25 0.25 0.27 -0.02  0.17 0.18 0.17 0.00
(0.44) (0.43) (0.44)  (0.05) (0.38) (0.38) (0.38) (0.01)
Business before intervention 0.89 0.89 0.88 0.01 0.85 0.84 0.86 -0.02*
(0.31) (0.31) (0.33)  (0.04) (0.36) (0.37) (0.35) (0.01)
Loan before intervention 0.41 0.42 0.40 0.02 0.38 0.39 0.37 0.01
(0.49) (0.49) (0.49)  (0.06) (0.49) (0.49) (0.48) (0.02)
F-test p-value (Bg;rf # 0) 0.24 0.18
Observations 307 198 109 307 2,779 1,668 1,111 2,779

Notes: This table shows the balance of pre-intervention covariates across treatment and control groups for
Midline and Endline samples. Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

A.2 Midline

Table A.2.1: Midline: Engagement by Age

Full Age > 34 Age < 34 Diff

Engaged % Engaged FEngaged % Engaged Engaged % Engaged Engaged % Engaged
Training 0.298*** 0.0698*** 0.235%* 0.0555*** 0.375%* 0.0896™**

(0.0306)  (0.00088)  (0.0356)  (0.0116)  (0.0542)  (0.0181)
Train x Age > 34 -0.141* -0.0341

(0.0649)  (0.0215)

P-value 0 0 0 0 0 0 0.0310 0.114
Control Mean 0 0 0 0 0 0 0 0
Observations 307 307 160 160 146 146 306 306

Notes: This table shows the effect of treatment assignment on extensive and intensive margin engagement
at Midline for the full sample (Columns 1 and 2, respectively), the sample with median and above age
(Columns 3 and 4, respectively), the sample with below median age (Columns 5 and 6, respectively), and
the difference in treatment effects across median and above, and below median age samples (Columns 7 and
8, respectively). Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.2.2: Midline: Knowledge and Adoption of Advertising

Knowledge Adoption
OLS v vV OLS v
Training .0913 .0839**
(.0633) (.0344)
Engaged 310 .282%
(.216) (.120)
Covered advertising 875
(.614)
Female .0579 .0401 0193 -.123*  -.140"* - 155"
(.0696) (.0726) (.0786) (.0430) (.0493)
P-value 150 151 154 .0154 .0183
Control Mean .385 .385 .385 .0380 .0380
Observations 307 307 307 297 297

90

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on knowledge and adoption of advertising at Midline. The dependent variable in the first three columns is a
binary variable that indicates whether the individual responded correctly to the question testing knolwedge
of advertising, while in the last three columns it is a binary variable that indicates whether the individual
advertised any of their products in the last three months. Columns (1) and (4) show output from OLS
regressions, Columns (2) and (5) show output from a 2SLS regressions where the endogenous variable is
whether or not the individual engaged with training content, and Columns (3) and (6) show output from
2SLS regressions where the endogenous variable is whether or not the individual engaged with the part of
the training content that covered advertising. Robust standard errors in parentheses. * p < 0.10, ** p <

0.05, *** p < 0.01.
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Table A.2.3: Midline: Balance Across Treatment and Control by Age

91

Age > 34 Age < 34
Variable Full Treatment Control Diff Full Treatment Control Diff
Female 0.59 0.64 0.50 0.14*  0.39 0.39 0.39 0.01
(0.49) (0.48) (0.50)  (0.08) (0.49) (0.49) (0.49)  (0.08)
Rural 0.46 0.50 0.38 0.12 0.41 0.44 0.37 0.07
(0.50) (0.50) (0.49)  (0.08) (0.49) (0.50) (0.49)  (0.08)
Years of education 10.85 10.72 11.12 -0.39 12.86 12.92 12.75 0.17
(2.62)  (257)  (2.73) (0.44) (1.93)  (1.73) (2.23)  (0.33)
Num of adults in household 2.78 2.92 2.50 0.42 2.36 2.39 2.30 0.10
(1.59) (1.77) (1.08)  (0.27) (1.36) (1.48) (1.15)  (0.23)
Num of children in household  2.50 2.45 2.60 -0.14 1.79 1.80 1.77 0.03
(1.67) (1.65) (1.71)  (0.28) (1.66) (1.81) (1.41)  (0.28)
Job before intervention 0.19 0.19 0.21 -0.03  0.32 0.31 0.32 -0.00
(0.40) (0.39) (0.41)  (0.07) (0.47) (0.47) (0.47)  (0.08)
Business before intervention 0.92 0.91 0.94 -0.03 0.86 0.88 0.82 0.05
(0.27) (0.29) (0.24)  (0.05) (0.35) (0.33) (0.38)  (0.06)
Loan before intervention 0.46 0.49 0.40 0.09 0.36 0.33 0.40 -0.08
(0.50) (0.50) (0.50)  (0.08) (0.48) (0.47) (0.49)  (0.08)
Observations 160 108 52 160 146 89 57 146

Notes: This table shows the balance of pre-intervention covariates across treatment and control groups at
Midline for the sample with median and above age, and the sample with below median age. Standard errors
in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.2.5: Midline: Hours Spent Across All Businesses

Hrs. worked
OLS 1A%
Training 31.46*
(17.74)
Engaged 116.9*
(66.91)
Female -10.73  -17.15
(17.72) (18.82)
P-value 0774 .0807

Control Mean  198.5 198.5
Observations 267 267

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on time spent across all businesses in the last 30 days at Midline. Coefficients represent effects in terms of
hours worked. Column (1) shows output from an OLS regression, and Column (2) shows output from a 2SLS
regression where the endogenous variable is whether or not the individual engaged with training content.
Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A.2.6: Midline: Side Jobs

Job Job Hours
OLS v OLS v
Training -.0295 -5.951
(.0533) (10.27)
Engaged -.102 -20.72
(.184) (35.75)
Female -.078 -.0722 -22.81** -21.45*
(.0557) (.0582) (10.15) (11.52)
P-value .580 .580 .563 .62
Control Mean .236 .236 35.06 35.06
Observations 296 296 291 291

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on employment in and time spent on side jobs in the last 30 days at Midline. Coefficients in Columns (1)
and (2) represent effects in terms of probability of having a side job, while those in Columns (3) and (4)
represent effects in terms of hours worked. Columns (1) and (3) show output from OLS regressions, while
Columns (2) and (4) show output from 2SLS regressions where the endogenous variable is whether or not
the individual engaged with training content. Robust standard errors in parentheses. * p < 0.10, ** p <
0.05, *** p < 0.01.
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Table A.2.7: Midline: Time Spent on Business by Age

Full Age > 34 Age < 34 Diff
Primary All Primary All Primary All Primary All
Training 28.88*  31.46*  -14.94  -14.55 67.23"* 70.90"**
(16.52) (17.74) (23.74) (24.50) (22.06) (24.69)
Train x Age > 34 -82.17*  -85.46™
(32.41)  (34.78)
P-value 0.0817 0.0774  0.530 0.553  0.00300 0.00500 0.0120  0.0150
Control Mean 178.6 198.5 214.8 238.6 148.0 164 178.6 198.5
Observations 269 267 139 139 129 127 268 266

Notes: This table shows the effect of treatment assignment on hours spent working on primary business and
across all businesses in the last 30 days at Midline for the full sample (Columns (1), and (2), respectively),
the sample with median and above age (Columns (3), and (4), respectively), the sample with below median
age (Columns (5), and (6), respectively), and the difference in treatment effects across median and above,
and below median age samples (Columns (7), and (8), respectively). Robust standard errors in parentheses.
*p < 0.10, ** p < 0.05, *** p < 0.0L.
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A.3 Endline Vs Midline Samples
Table A.3.1: Endline VS Midline Samples: covariates
Variable Matched with Midline Unmatched with Midline  Diff
Female 0.48 0.47 0.02
(0.50) (0.50) (0.03)
Years of education 11.91 11.88 0.03
(2.40) (2.73) (0.19)
Age 36.26 35.22 1.04
(9.00) (9.17) (0.63)
Rural 0.46 0.46 -0.00
(0.50) (0.50) (0.03)
Num of adults in household 2.55 2.63 -0.08
(1.25) (1.35) (0.09)
Num of children in household 2.11 2.17 -0.06
(1.42) (1.50) (0.10)
Job before intervention 0.15 0.18 -0.03
(0.36) (0.38) (0.03)
Business before intervention 0.85 0.85 -0.00
(0.36) (0.36) (0.02)
Loan before intervention 0.39 0.38 0.01
(0.49) (0.49) (0.03)
F-test p-value (Buifr # 0) 0.96
Observations 227 2,553 2,780

Notes: This table shows comparison of pre-intervention covariates across the Endline sample matched with
the Midline, and the Endline sample not matched with the Midline. Standard errors in parentheses. * p <

0.10, ** p < 0.05, *** p < 0.01.
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Table A.3.2: Endline VS Midline Samples: Control Outcomes

Variable Matched with Midline Unmatched with Midline Diff
Basic Knowledge 0.74 0.73 0.01
(0.16) (0.18) (0.02)
Advanced Knowledge 0.77 0.79 -0.02
(0.18) (0.18) (0.02)
Overall Knowledge 0.75 0.76 -0.01
(0.14) (0.14) (0.02)
Basic Adoption 0.64 0.70 -0.06**
(0.22) (0.21) (0.02)
Advanced Adoption 0.67 0.67 -0.00
(0.26) (0.22) (0.03)
Overall Adoption 0.66 0.69 -0.03
(0.17) (0.18) (0.02)
Owns Business 0.92 0.92 0.00
(0.28) (0.28) (0.03)
Num of Businesses Owned 0.98 1.01 -0.03
(0.38) (0.44) (0.05)
Business Registered 0.51 0.46 0.05
(0.50) (0.50) (0.06)
Num of Businesses Registered 0.55 0.50 0.05
(0.57) (0.55) (0.07)
7-day Sales from Primary Business 15454.17 15780.95 -326.79
(21356.77) (23449.46) (2644.42)
30-day Sales from Primary Business 62773.81 59075.36 3698.45
(93706.85) (90622.07) (10312.33)
7-day Sales from All Businesses 15993.45 16975.15 -981.70
(21397.30) (25210.13) (2831.15)
30-day Sales from All Businesses 64934.52 64413.61 520.91
(93808.84) (102112.05) (11521.62)
7-day Profits from Primary Business 4725.00 4793.07 -68.07
(5138.23) (6190.39) (694.35)
30-day Profits from Primary Business 18878.57 19500.64 -622.07
(19334.51) (25710.48) (2870.13)
7-day Profits from All Businesses 4908.93 5221.90 -312.97
(5180.22) (6997.48) (780.62)
30-day Profits from All Businesses 19560.71 21215.50 -1654.78
(19391.96) (29073.36) (3230.30)
Applied for a Loan 0.52 0.47 0.06
(0.50) (0.50) (0.06)
Loan Amount Applied 20970.24 20345.08 625.16
(39903.22) (61354.25) (6810.69)
Loan Amount Received 17396.90 16765.28 631.63
(32061.82) (55158.15) (6102.47)
Loan Application Success Rate 0.91 0.88 0.03
(0.29) (0.33) (0.05)
Loan Payment Missed/Late 0.53 0.56 -0.03
(0.51) (0.50) (0.12)
F-test p-value (Baifs # 0) 0.998
Observations 84 1,027 1,111

Notes: This table shows comparison of control group outcomes across the Endline sample matched with the
Midline, and the Endline sample not matched with the Midline. Standard errors in parentheses. * p < 0.10,
**p < 0.05, ¥** p < 0.01.
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A.4 Endline

Table A.4.1: Endline: Engagement by Age

99

Full

Age > 34

Age < 34

Dift

Engaged % Engaged

Engaged

% Engaged

Engaged

% Engaged Engaged % Engaged

Training 0.280*** 0.0651*** 0.281*** 0.0605*** 0.279*** 0.0700***
(0.0110)  (0.00411)  (0.0157)  (0.00549)  (0.0155)  (0.00616)
Train x Age > 34 0.00194 -0.00945
(0.0220)  (0.00825)
P-value 0 0 0 0 0 0 0.930 0.252
Control Mean 0 0 0 0 0 0 0 0
Observations 2780 2780 1426 1426 1353 1353 2779 2779

Notes: This table shows the effect of treatment assignment on extensive and intensive margin engagement
at Endline for the full sample (Columns 1 and 2, respectively), the sample with median and above age
(Columns 3 and 4, respectively), the sample with below median age (Columns 5 and 6, respectively), and
the difference in treatment effects across median and above, and below median age samples (Columns 7 and
8, respectively). Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A.4.2: Endline: Knowledge and Adoption of Best Practices Using Midline Sample

Basic Knowledge Basic Adoption Advanced Knowledge Advanced Adoption

OLS v OLS v OLS v OLS v
Training -.0393 .159 -.132 -.0128

(.143) (.139) (.171) (.137)
Engaged -.103 404 -.347 -.0333

(.376) (.356) (.453) (.353)

Female .0523 .0607 -.114 -.150 -.153 -.125 161 .164

(.154) (.155) (.139) (.147) (.213) (.215) (.129) (.141)
P-value 785 783 .256 257 442 444 .926 925
Control Mean 0 0 0 0 0 0 0 0
Observations 227 227 217 217 227 227 216 216

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings on
means effect indices of basic and advanced knowledge and adoption of best practices at Endline, using the
sample matched with Midline only. Basic knowledge and basic adoption indices are similar to the knowledge
and adoption indices analysed for the Midline, while the advanced knowledge and adoption indices are based
on best practices are a bit more advanced and not necessarily directly mentioned in the SMS-trainings.
Coefficients represent effects in terms of control group standard deviations. Columns (1), (3), (5), and (7)
show output from OLS regressions, and columns (2), (4), (6), and (8) show output from 2SLS regressions
where the endogenous variable is whether or not the individual engaged with training content. Robust
standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.4.3: Endline: Primary Business Sales, Profits and Survival Using Midline Sample

Sales Profits Survival
OLS v OLS v OLS
Training -17305.1 -182.8 .00879
(11060.5) (3005.2) (.0407)
Engaged -45882.8 -484.7
(29928.4) (7915.2)
Female -36873.9*** -32984.0** -10376.6** -10335.5*** -.0380 -.0399
(8353.9) (9411.3) (3298.1) (3571.9) (.0455) (.0445)
P-value 119 125 .952 951 .829
Control Mean 62773.8 62773.8 18878.6 18878.6 917
Observations 226 226 226 226 227

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on primary business sales and profits from last 30 days, and business survival at Endline, using the sample
matched with Midline only. Coefficients in columns (1) through (4) represent effects in terms of Kenyan
Shillings, while those in columns (5) and (6) represent probability of individual having an active business.
Columns (1), (3) and (5) show output from OLS regressions, and columns (2), (4) and (6) show output
from 2SLS regressions where the endogenous variable is whether or not the individual engaged with training
content. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A.4.4: Endline: Sales and Profits Across All Businesses

Sales Profits
OLS v OLS v

Training 668.7 482.7

(4075.1) (1153.7)
Engaged 2391.6 1727.9

(14564.1) (4127.7)

Female -42183.0*** -42219.9*** -11698.1*** -11723.4***

(3951.9) (3966.5) (1128.2) (1130.6)
P-value .870 .870 .676 .676
Control Mean 64453.1 64453.1 21089.9 21089.9
Observations 2772 2772 2770 2770

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings

on sales and profits across all businesses from last 30 days at Endline.

Coefficients across all columns

represent effects in terms of Kenyan Shillings. Columns (1), and (3) show output from OLS regressions, and
Columns (2), and (4) show output from 2SLS regressions where the endogenous variable is whether or not
the individual engaged with training content. Robust standard errors in parentheses. * p < 0.10, ** p <

0.05, *** p < 0.01.
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Table A.4.5: Endline: Sales and Profits Across All Businesses Using Midline Sample

Sales Profits
OLS v OLS v
Training -12427.6 986.0
(11442.1) (3111.7)
Engaged -32950.4 2614.3
(30620.7) (8201.6)

Female -37827.5** -35034.0"* -11608.2*** -11829.9***

(9534.4) (10050.8) (3475.7) (3764.6)
P-value 279 .282 752 .750
Control Mean 64934.5 64934.5 19560.7 19560.7
Observations 226 226 226 226

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings on
sales and profits across all businesses from last 30 days at Endline, using the sample matched with Midline
only. Coefficients across all columns represent effects in terms of Kenyan Shillings. Columns (1), and (3)
show output from OLS regressions, and Columns (2), and (4) show output from 2SLS regressions where the
endogenous variable is whether or not the individual engaged with training content. Robust standard errors
in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.4.8: Endline: Sales and Profits Across All Businesses By Age

Full Age > 34 Age < 34 Diff
Sales Profits Sales Profits Sales Profits Sales Profits
Training 668.7 482.7 3484.0 1572.3 -484.9 -408.1
(4075.1) (1153.7) (6118.3) (1647.0) (5362.3) (1633.0)
Train x Age > 34 3968.8 1980.4
(8135.6) (2319.3)
P-value 0.870 0.676 0.569 0.340 0.928 0.803 0.626 0.393
Control Mean 64453.1 21089.9 67194.8 20851.7 61196.7 21372.8 64453.1 21089.9
Observations 2772 2770 1419 1417 1352 1352 2771 2769

Notes: This table shows the effect of treatment assignment on sales and profits across all businesses in the
last 30 days at Endline, for the full sample (Columns (1), and (2), respectively), the sample with median
and above age (Columns (3), and (4), respectively), the sample with below median age (Columns (5), and
(6), respectively), and the difference in treatment effects across median and above, and below median age
samples (Columns (7), and (8), respectively). Robust standard errors in parentheses. * p < 0.10, ** p <
0.05, *** p < 0.01.

Table A.4.9: Endline: Sales and Profits Across All Businesses By Age Using Midline Sample

Full Age > 34 Age < 34 Diff
Sales Profits Sales Profits Sales Profits Sales Profits
Training -12427.6 986.0 -26692.7*  -410.7 8250.5 3014.2
(11442.1) (3111.7) (14273.5) (4055.5) (18940.3) (4952.3)
Train x Age > 34 -34943.2  -3424.9
(23701.7) (6397.8)
P-value 0.279 0.752 0.0640 0.919 0.664 0.544 0.142 0.593
Control Mean 64934.5  19560.7  71191.8 19634.7 56174.3  19457.1  64934.5  19560.7
Observations 226 226 126 126 100 100 226 226

Notes: This table shows the effect of treatment assignment on sales and profits across all businesses in the
last 30 days at Endline, using the sample matched with Midline only, for the full sample (Columns (1), and
(2), respectively), the sample with median and above age (Columns (3), and (4), respectively), the sample
with below median age (Columus (5), and (6), respectively), and the difference in treatment effects across
median and above, and below median age samples (Columns (7), and (8), respectively). Robust standard
errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.4.10: Endline: Time Spent on Primary Business in last 30 days Using Midline
Sample

Hrs. Worked
OLS v
Training 9.672
(17.29)
Engaged 25.65
(45.96)
Female -4.735  -6.909
(18.98) (20.02)
P-value D76 D77
Control Mean 208.7 208.7
Observations 226 226

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings on
time spent on primary business in the last 30 days at Endline, using the sample matched with Midline only.
Coefficients represent effects in terms of hours worked. Column (1) shows output from an OLS regression,
and Column (2) shows output from a 2SLS regression where the endogenous variable is whether or not the
individual engaged with training content. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05,
K p < 0.01.

Table A.4.11: Endline: Time Spent on All Businesses

Hrs. in 7 days

Hrs. in 30 days

OLS 1A% OLS 1A%
Training -2.366** -9.152*
(1.149) (4.577)
Engaged -8.442** -32.65™
(4.113) (16.38)
Female -1.903*  -1.775  -8.249* -7.752*
(1.121)  (1.126) (4.472) (4.491)
P-value .0396 .0401 .0457 .0462
Control Mean  55.66 55.66 223.4 223.4
Observations 2779 2779 2779 2779

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings on
time spent across all businesses in the last 7 and 30 days at Endline. Coefficients represent effects in terms
of hours worked. Columns (1) and (3) show output from an OLS regressions, and Columns (2) and (4) show
output from a 2SLS regressions where the endogenous variable is whether or not the individual engaged with
training content. Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.4.12: Endline: Time Spent Across All Businesses Using Midline Sample

Hrs. in 7 days

Hrs. in 30 days

OLS 1A/ OLS IV
Training 3.909 13.57
(4.487) (17.75)
Engaged 10.30 35.77
(11.94) (47.14)
Female -3.413 -4.253 -13.21 -16.12
(4.765) (5.082) (19.03) (20.18)
P-value .385 .388 .445 448
Control Mean  53.26 53.26 215.0 215.0
Observations 227 227 227 227

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings on
time spent across all businesses in the last 7 and 30 days at Endline, using the sample matched with Midline
only. Coefficients represent effects in terms of hours worked. Columns (1) and (3) show output from an OLS
regressions, and Columns (2) and (4) show output from a 2SLS regressions where the endogenous variable
is whether or not the individual engaged with training content. Robust standard errors in parentheses. * p

< 0.10, ** p < 0.05, *** p < 0.01.

Table A.4.13: Endline: Side Jobs in Last 30 days

Job Job Hours
OLS I\Y OLS IV

Training -.0141 -1.856

(.0143) (2.411)
Engaged -.0503 -6.625

(.0511) (8.606)

Female -.0910**  -.0902*** -17.72*** -17.62***

(.0138) (.0138) (2.292) (2.283)
P-value .325 .325 442 441
Control Mean 171 171 23.36 23.36
Observations 2780 2780 2779 2779

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on employment in and time spent on side jobs in the last 30 days at Endline. Coefficients in Columns (1)
and (2) represent effects in terms of probability of having a side job, while those in Columns (3) and (4)
represent effects in terms of hours worked. Columns (1) and (3) show output from OLS regressions, while
Columns (2) and (4) show output from 2SLS regressions where the endogenous variable is whether or not
the individual engaged with training content. Robust standard errors in parentheses. * p < 0.10, ** p <

0.05, *** p < 0.01.
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Table A.4.14: Endline: Side Jobs in Last 30 days Using Midline Sample

Job Job Hours
OLS v OLS v
Training .0273 -1.446
(.0555) (8.879)
Engaged .0720 -3.810
(.145) (23.28)
Female -.0870 -.0928 -21.58** -21.27**
(.0631) (.0641) (8.634) (8.986)
P-value .623 .619 871 .870
Control Mean .155 .155 24.36 24.36
Observations 227 227 227 227

Notes: This table shows the intent-to-treat and local average treatment effect estimates of SMS trainings
on employment in and time spent on side jobs in the last 30 days at Endline, using the sample matched
with Midline only. Coefficients in Columns (1) and (2) represent effects in terms of probability of having a
side job, while those in Columns (3) and (4) represent effects in terms of hours worked. Columns (1) and
(3) show output from OLS regressions, while Columns (2) and (4) show output from 2SLS regressions where
the endogenous variable is whether or not the individual engaged with training content. Robust standard
errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A.4.15: Endline: Time Spent on Business in Last 30 days by Age

Full Age > 34 Age < 34 Diff
Primary All Primary All Primary All Primary All
Training -9.702*  -9.152*  -11.54* -10.60*  -5.769  -5.859
(4.459)  (4.577) (5.986) (6.133) (6.635) (6.838)
Train x Age > 34 -5.769  -4.737
(8.936) (9.185)
P-value 0.0296  0.0457  0.0540  0.0840  0.385 0.392 0.519 0.606
Control Mean 215.6 223.4 223.7 230.3 205.9 215.2 215.6 223.4
Observations 2777 2779 1423 1425 1353 1353 2776 2778

Notes: This table shows the effect of treatment assignment on hours spent working on primary business and
across all businesses in the last 30 days at Endline for the full sample (Columns (1), and (2), respectively),
the sample with median and above age (Columns (3), and (4), respectively), the sample with below median
age (Columns (5), and (6), respectively), and the difference in treatment effects across median and above,
and below median age samples (Columns (7), and (8), respectively). Robust standard errors in parentheses.
*p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.4.16: Endline: Time Spent on Business in Last 30 days by Age Using Midline
Sample

Full Age > 34 Age < 34 Diff
Primary All Primary All Primary All Primary All
Training 9.672 13.57 -11.21  -4.813 40.41 41.62
(17.29) (17.75) (23.31) (24.33) (25.98) (26.09)
Train x Age > 34 -51.62  -46.43
(34.89)  (35.66)
P-value 0.576 0.445 0.631 0.843 0.123 0.114 0.140 0.194
Control Mean 208.7 215.0 228.5 234.9 181.0 187.1 208.7 215.0
Observations 226 227 126 127 100 100 226 227

Notes: This table shows the effect of treatment assignment on hours spent working on primary business
and across all businesses in the last 30 days at Endline, using the sample matched with Midline only, for
the full sample (Columns (1), and (2), respectively), the sample with median and above age (Columns (3),
and (4), respectively), the sample with below median age (Columns (5), and (6), respectively), and the
difference in treatment effects across median and above, and below median age samples (Columns (7), and
(8), respectively). Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

Table A.4.17: Endline: Time Spent on Business in Last 7 days by Age

Full Age > 34 Age < 34 Diff
Primary All Primary All Primary All Primary All
Training -2.534*  -2.366" -3.414* -3.125"™  -1.065  -1.079
(1.113)  (1.149) (1.482) (1.529) (1.667) (1.729)
Train x Age > 34 -2.349  -2.046
(2.231)  (2.308)
P-value 0.0229  0.0396  0.0210  0.0410 0.523 0.533 0.292 0.375
Control Mean 53.68 55.66 55.96 57.64 50.97 53.31 53.68 55.66
Observations 2777 2779 1423 1425 1353 1353 2776 2778

Notes: This table shows the effect of treatment assignment on hours spent working on primary business and
across all businesses in the last 7 days at Endline for the full sample (Columns (1), and (2), respectively),
the sample with median and above age (Columus (3), and (4), respectively), the sample with below median
age (Columns (5), and (6), respectively), and the difference in treatment effects across median and above,
and below median age samples (Columns (7), and (8), respectively). Robust standard errors in parentheses.
*p < 0.10, ¥ p < 0.05, *** p < 0.01.
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Table A.4.18: Endline: Time Spent on Business in Last 7 days by Age Using Midline Sample

Full Age > 34 Age < 34 Diff
Primary All Primary All Primary All Primary All
Training 2.781 3.909 -2.080  -0.221 9.963 10.32
(4.319) (4.487) (5.821) (6.192) (6.475) (6.502)
Train x Age > 34 -12.04  -10.54
(8.704) (8.976)
P-value 0.520 0.385 0.721 0.972 0.127 0.116 0.168 0.242
Control Mean 51.60 53.26 56.47 58.22 44.77 46.31 51.59 53.26
Observations 226 227 126 127 100 100 226 227

Notes: This table shows the effect of treatment assignment on hours spent working on primary business
and across all businesses in the last 7 days at Endline, using the sample matched with Midline only, for
the full sample (Columns (1), and (2), respectively), the sample with median and above age (Columns (3),
and (4), respectively), the sample with below median age (Columns (5), and (6), respectively), and the
difference in treatment effects across median and above, and below median age samples (Columns (7), and
(8), respectively). Robust standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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A.5 Predictions

Figure A.5.1: Predictions and Confidence behind Predictions

Panel A: Knowledge and Adoption Panel B: Knowledge and Adoption
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Notes: This figure shows the best-fit line representing the correlation between predictions of treatment effects
and how confident the respondents reported to be in their predictions, ranging from not at all confident, to
extremely confident.
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Appendix B

Demand for SMS-Based Business
Trainings Amongst Kenyan
Micro-Entrepreneurs — Appendices

B.1 Summary Statistics and Balance

Table B.1.1: Summary Statistics

TIOLI BDM
Mean SD Obs. Mean SD Obs.

Panel A: Baseline Covariates

Female 0.44 0.50 380 0.53 0.50 103
Rural 0.49 0.50 380 0.11 0.31 103
Years of education 12.0 2.47 380 12.0 2.30 103
Age 33.6 8.59 380 36.3 9.34 103
Num of adults 2.69 1.44 379 2.45 1.24 102
Num of children 2.14 1.45 379 1.98 1.52 102

Panel B: Outcomes

Knowledge 0.75 0.14 380  0.79 0.13 103
Adoption 0.67 0.17 351  0.64 0.21 103
Sales in last 30 days 59,754 111,199 380 69,238 113,295 103
Profits in last 30 days 19,602 31,122 380 23,852 32,155 103
Applied for loan 0.50 0.50 380  0.57 0.50 103
Missed loan payment 0.20 0.40 380  0.18 0.39 103

Hours worked on business 214.9 121.2 380  261.4 99.7 103
Hours worked on side jobs 23.6 64.1 380 17.5 47.6 103

Notes: This table shows the the mean, standard deviation and number of observations for pre-intervention
covariates, and outcomes studied in the evaluation of the SMS-based training intervention. The summary
statistics are presented separately for the Take-It-Or-Leave-It and Becker-DeGroot-Marschak demand elici-
tation samples.
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Table B.1.2: Balance Across TIOLI Pricing Arms
Variable P P Ps Diff (P, P,) Diff (P, P;) Diff (P, P3)
Panel A: Baseline Covariates
Female 0.43 0.50 0.36 -0.06 0.13* 0.07
(0.50) (0.50) (0.48) (0.06) (0.08) (0.07)
Rural 0.51 0.48 0.47 0.03 0.01 0.04
(0.50) (0.50) (0.50) (0.06) (0.08) (0.07)
Years of education 12.00 12.15 11.93 -0.16 0.22 0.06
(2.59) (2.27) (2.42) (0.29) (0.38) (0.38)
Age 33.12 34.76 33.34 -1.64 1.42 -0.23
(8.33) (9.28) (8.05) (1.01) (1.43) (1.23)
Num of adults in household 2.76 2.63 2.57 0.12 0.06 0.19
(1.43) (1.52) (1.33) (0.17) (0.24) (0.21)
Num of children in household 2.21 2.12 1.93 0.09 0.19 0.28
(1.45) (1.43) (1.51) (0.17) (0.24) (0.22)
Panel B: Outcomes
Knowledge 0.74 0.79 0.75 -0.05%** 0.04* -0.01
(0.14) (0.13) (0.14) (0.02) (0.02) (0.02)
Adoption 0.67 0.67 0.68 -0.01 -0.00 -0.01
(0.16) (0.18) (0.19) (0.02) (0.03) (0.03)
Sales in last 30 days 61449 60733 51741 715.76 8992 9707
(109417) (118607) (103972) (13162) (18395) (16068)
Profits in last 30 days 19731 19199 19922 532 -723 -192
(31201)  (29921)  (33585) (3592) (5040) (4709)
Applied for a loan 0.52 0.48 0.50 0.04 -0.02 0.02
(0.50) (0.50) (0.50) (0.06) (0.08) (0.07)
Loan payment missed/late 0.19 0.24 0.14 -0.05 0.10 0.05
(0.39) (0.43) (0.35) (0.05) (0.07) (0.06)
Hours worked on business in last 30 days  214.26 209.64 227.74 4.62 -18.10 -13.48
(126.40) (112.38) (119.86)  (14.21) (18.57) (18.55)
Hours worked on side jobs in last 30 days 26.27 24.04 12.95 2.24 11.09 13.32
(67.19) (66.90) (43.99) (7.83) (9.72) (9.34)

Wald Chi-Sq. Test P-value = 0.26

Notes: This table shows the balance of pre-intervention covariates across TIOLI pricing arms for the TIOLI
sample overlapping with the Endline data. The reported p-value at the bottom is from a test of joint
orthogonality across all randomization groups. Standard errors in parentheses. * p < 0.10, ** p < 0.05, ***

p < 0.01.
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Table B.1.3: Balance Across Treatment and Control in BDM Sample

Variable Treatment Control Difference
Female 0.51 0.58 -0.07
(0.50) (0.50) (0.10)
Rural 0.14 0.05 0.09
(0.35) (0.23) (0.06)
Years of education 11.86 12.21 -0.35
(2.24) (2.41) (0.47)
Age 35.82 37.21 -1.40
(9.74) (8.66) (1.91)
Num of adults in household 2.48 2.39 0.09
(1.33) (1.08) (0.26)
Num of children in household 1.94 2.05 -0.12
(1.45) (1.66) (0.31)
Knowledge 0.76 0.82 -0.06**
(0.14) (0.11) (0.03)
Adoption 0.65 0.62 0.03
(0.21) (0.20) (0.04)
Sales in last 30 days 69729.23 68397.37 1331.86
(117252.40) (107718.30) (23249.43)
Profits in last 30 days 24344.31 23010.53 1333.78
(31404.55)  (33812.18)  (6597.39)
Applied for a Loan 0.65 0.45 0.20%*
(0.48) (0.50) (0.10)
Loan payment missed/late 0.17 0.21 -0.04
(0.38) (0.41) (0.08)
Hours worked on business in last 30 days 256.72 269.47 -12.75
(104.83) (91.06) (20.42)
Hours worked on side jobs in last 30 days 19.88 13.47 6.40
(50.94) (41.56) (9.74)
F-test p-value (Bg;5y # 0) 0.13

Notes: This table shows the balance of pre-intervention covariates across TIOLI pricing arms for the TIOLI

sample overlapping with the Endline data. The reported p-value at the bottom is from a test of joint
orthogonality across all randomization groups. Standard errors in parentheses. * p < 0.10, ** p < 0.05, ***
p < 0.01.
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B.2 Demand for SMS Trainings

Figure B.2.1: TIOLI Demand Curve - Full Sample vs. Endline Sample
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Notes: This figure shows the (inverse) demand curves based on buying decisions from ran-
domized TIOLI offers sent to treatment individuals in the full TIOLI sample and that over-
lapping with the Endline sample. The horizontal red line represents the per person marginal
cost faced by the service provider for delivering the entire training.
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Figure B.2.2: BDM Willingness to Pay Distribution
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Notes: This figure shows the distribution of maximum willingness to pay measured through
the in-person BDM elicitation exercise.
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Appendix C

Command and Can’t Control:
Assessing Centralized Accountability
in the Public Sector — Appendices

C.1 Data and Design Details

C.1.1 Data pack

Figure C.1.1: Data pack screenshot
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C.1.2 Color-coded performance thresholds

Teacher presence at every aggregation was coded red when it fell below 86%, orange when it
was 86% and above but below 90%, and green when it was 90% or higher. These thresholds
were the same for all districts and for all months of the year. Functioning facilities thresholds
were 90% and 95%, and were the same across all districts and months of the year.

Thresholds for student attendance varied across districts and months. Districts were
divided into three categories, A, B and C, where category A consisted of historically highest
performing districts, category C consisted of historically lowest performing districts, and
B consisted of the rest. Further, the months in the year were divided into two groups -
December-March were considered high attendance months and April-November were consid-
ered low attendance months. This division accounted for differential attendance expected
due to exams during the school year. Different thresholds were set for each category of dis-
tricts, for each group of months; for category A districts during December-March, student
attendance was coded red if it was below 89%, orange if it was 89% and above but below
92%, and green if it was 92% and above. During April-November, the thresholds were 87%
and 90%. For category B districts the thresholds were 87% and 90% during December-March
and 85% and 88% during April-November. For category C districts the thresholds were 84%
and 87% during December-March and 82% and 85% during April-November.

C.1.3 Compliance

We have data-pack reports for 60 months from December 2011 to May 2018, which account
for 100% of the reporting (without June, July, and August). To asses the quality of the
data we compare the data-pack reports with the annual school census in the month that
the relevant census was undertaken (October). Figure C.1.2 compares the distribution of
the variables both sources report. Panels (a) and (b) show for teacher presence and student
attendance that both sources overlap, suggesting that the population was mapped consis-
tently. Panel (c) plots the percentage of schools where the functionality coincides, which is
near 100%. Panel (d) and (e) plots the distribution of the differences in the reporting. For
teacher presence, we observe almost no difference. For enrolled students, it shows a high
mass around zero, though a tail of negative values.
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Figure C.1.2: Data validation - monthly PMIU vs. Census
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Note: This figure compares October PMIU data and corresponding school-level quantities from the Annual
School Census. Panel (a) and (b) plot the distribution of (log+1) teachers and students. Panel (c) plots
the coincidence in the reporting of functional facilities ( = 1 if functional). Panel (d) and (e) plots the
distribution of school differences as percentage change (PMIU - Census)/PMIU dropping the data below
percentile 1 and above percentile 99.
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C.1.4 Stacking process

Figure C.1.3: Stacking process
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Figure C.1.3 describe the stacking procedure. FEach row/column corresponds to a sub-
ject/period treatment status. Green indicates treatment. We (arbitrarily) choose one period
before and the period of treatment adoption. For Sj, in ¢1;, units Sy 34 are controls. For
Sy in t4o units Ss 4 are not treated. For S in ¢, unit S, is not treated. For each treated
unit we build a two-period panel with its own controls, assign a unique identifier for each,
and stack them together by normalizing in relative time so no bias from treatment timing
adoption appears from using two-way fixed effects. As the same unit can appear at different
events, the fixed effects must be interacted with panel identifiers to account for repeated
units and differences in relative time origins.

C.1.5 Ranking of district officer positions

District officers can be rewarded/punished in terms of transfers to more/less preferred post-
ings based on performance. To estimate the effect of the oversight scheme on the career
trajectory, we collected information on the postings for each senior officer before and after
they were posted as district officers. We ranked all designations by seniority to ascertain
whether a officer was rewarded/punished determining if a change in position was a promo-
tion/demotion. The ranking of designations was generated through extensive research about
seniority levels within the Pakistani bureaucracy and was vetted by two senior bureaucrats.
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C.2 Additional Results and Robustness
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C.2.1 Immediate impact of monitoring system implementation
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Figure C.2.1: Pakistan provinces average outcomes trends
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Note: The figure show the Data from ASER Pakistan (aserpakistan.org)

We assess whether the lack of an effect from flagging might be explained by a general impact
of the policy across Punjab. Figure C.2.1 shows the average trends of education outcomes
in all Pakistan provinces.! Note that most provinces are either improving or in a similar
trend to Punjab (darker blue line). So despite some underperforming provinces, most of the
country faces similar evolving trends.

'We recover province-level data for the period 2010-2016 from the Annual Status of Education Re-
port - ASER - Pakistan (aserpakistan.org), which have been independently and consistently conducting
household and school surveys to assess the education advancements in the country.


aserpakistan.org
aserpakistan.org
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Figure C.2.2: Event study - first time flagging effect on performance - flagged units
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Note: This figure displays the ~; coefficients from an event study based on equation C.1, only for the first
month of the oversight scheme implementation, using -1 as the base period, and comparing schools in flagged
and non-flagged maraakiz. The blue line presents results for the full sample, while the red line presents results
for the threshold sample, obtained through regression discontinuity optimization methods. The results are
for flagging on the variable in the title of the panel. Flag is for the period in which the information is
collected, and the markaz is flagged. Punish is for the period where the reports are distributed and the
oversight meeting with the punishment occurs. After flag is for periods after the oversight meeting occurs.
Error bars at the 95 percent level are presented for each coefficient. Error bars at the 95 percent level are
presented for each coefficient.

We also test the oversight scheme’s immediate impacts by studying the effect of being
flagged in the first month of implementation and being a neighbor of a flagged unit. We es-
timate for the first month of implementation a modified equation 3.1 including an additional
treatment for maraakiz with a school neighboring a flagged markaz. In the equation below
Npae = 1 represents neighbors, «; coefficients for the first time flagged, and §; for the effect
of flagging on neighbors of flagged units.
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Amde + )\te + dt + €smdte

Figure C.2.3: Event study - first time flagging effect on performance - neighbor units

8 1216
L

4

4

Coefficient (pp)
-8 0

-6 -12

(a) Teacher presence

Flag
Punish

1216
L

After
flag
8

I
+
|
1
Coefficient (pp)
0

4

(b) Student attendance

I
I
|
' T
Lom £
! ~
I
I
I

-2 -1 0 1 2 3
Relative time

Full sample

1216

8

4
. I .

4

Coefficient (pp)
8 0

-6 -12

—=#— Threshold sample

T T T T T T T
-2 -1 0 1 2 3 4 5 6

Relative time

Full sample ~—#— Threshold sample

(c) Functional facilities

Relative time

Full sample

—=— Threshold sample

Note: This figure displays the (; coefficients from an event study based on equation C.1, only for the first
month of the oversight scheme implementation, using -1 as the base period, and comparing schools in flagged
and non-flagged maraakiz. The blue line presents results for the full sample, while the red line presents results
for the threshold sample, obtained through regression discontinuity optimization methods. The results are
for flagging on the variable in the title of the panel. Flag is for the period in which the information is
collected, and the markaz is flagged. Punish is for the period where the reports are distributed and the
oversight meeting with the punishment occurs. After flag is for periods after the oversight meeting occurs.
Error bars at the 95 percent level are presented for each coefficient. Error bars at the 95 percent level are
presented for each coefficient.
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Figure C.2.2 reports the results for the first time flagged units in the full (blue) and
threshold (red) samples. We observe no positive effects. Instead, both samples of teacher
presence and student attendance suggest that flagged units took more time to recover from
the negative shock that leads them to be flagged for the first time. Figure C.2.3 reports the
results for the neighbors of flagged maraakiz. We observe no positive effects.

C.2.2 Robustness of the stacked design

Since the flagging might turn on/off, the election of post-periods leads us to assume that the
unit remains treated, and we might be losing information. We present results to different
post-period window stacking, and additional estimators. Figure C.2.4 plots the estimates
from estimating equation 3.1 with a stacking including ¢ periods. Flag show the temporary
nature of the negative shock. The coefficients of Punish remain qualitatively similar, showing
the immediate recovery. The AfterFlag coefficients remain close to zero. Figure C.2.5
reports the event study for a shorter stacking, showing that the trends before and after
suggest a similar evolving path as Figure 3.5. Figure C.2.6 estimates the event study following
Sun and Abraham (2021) on the non-stacked dataset, under the assumption of staggered
treatment timing, so flagged maraakiz remain treated after the first occurrence.? Figure
C.2.7 estimates the event study using the DID,; estimator following De Chaisemartin and
D’Haultfoeuille (2022), which allows to consider the effect of those switching on/off the
treatment, which is also robust to differences in treatment timing.?

2The authors show that in TWFE dynamic specification with staggered adoption, leads/lag coefficients
are contaminated by the effect on other relative periods. It is an special case of Callaway and Sant’Anna
(2021) with no covariates (Baker, Larcker and Wang (2022)).

3We use a lower number of post periods as the dynamic estimator is obtained as a weighted average of
difference in differences comparing the ¢ and ¢t — [ — 1 outcome evolution, between switchers in ¢t — [ and
non-switchers cohorts (De Chaisemartin and D’Haultfoeuille (2022)).
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Figure C.2.4: Average effects by additional after flag ¢
flagging effect on performance
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Note: This figure presents results from estimating equation 3.1 for a stacked dataset including ¢ additional
post-periods. The blue and red coefficients present results for the full and threshold samples, respectively.
The results are for flagging on the variable in the title of the panel. Flag is for the period in which the
information is collected, and the markaz is flagged. Punish is for the period where the reports are distributed
and the oversight meeting with the punishment occurs. After flag is for periods after the oversight meeting
occurs. Error bars represent 95% confidence intervals.
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Figure C.2.5: Event study - flagging effect on performance
short stack
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Note: This figure presents event study graphs based on equation 3.1 using -1 as the base period, comparing
schools in flagged and non-flagged maraakiz. The blue and red lines present results for the full and threshold
samples, respectively. The results are for flagging on the variable in the title of the panel. Flag is for the
period in which the information is collected, and the markaz is flagged. Punish is for the period where the
reports are distributed and the oversight meeting with the punishment occurs. After flag is for periods after
the oversight meeting occurs. Error bars represent 95% confidence intervals.
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Figure C.2.6: Alternative specifications
Sun and Abraham (2021)
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Note: This figure presents the results from estimating an event study based on the Sun and Abraham (2021)
difference-in-differences estimator, using -1 as the base period, comparing schools in flagged and non-flagged
maraakiz. The results are for flagging on the variable in the title of the panel. Flag is for the period in
which the information is collected, and the markaz is flagged. Punish is for the period where the reports
are distributed and the oversight meeting with the punishment occurs. After flag is for periods after the
oversight meeting occurs. Error bars at the 95 percent level are presented for each coefficient.
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Figure C.2.7: Alternative specifications DID; De Chaisemartin and D’Haultfoeuille (2022)
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Note: This figure presents event study graphs based on the DID; De Chaisemartin and D’Haultfoeuille
(2022) difference-in-differences estimator, using -1 as the base period, and three placebo periods before the
treatment, comparing schools in flagged and non-flagged maraakiz. The results are for flagging on the
variable in the title of the panel. Flag is for the period in which the information is collected, and the markaz
is flagged. Punish is for the period where the reports are distributed and the oversight meeting with the
punishment occurs. After flag is for periods after the oversight meeting occurs. Error bars represent 95%
confidence intervals.



APPENDIX C. COMMAND AND CAN’T CONTROL: ASSESSING CENTRALIZED
ACCOUNTABILITY IN THE PUBLIC SECTOR — APPENDICES 133

C.2.3 Robustness of modeling approach

Table C.2.1 reports the average effect from estimating from equation 3.1 using flagging history
fixed effects, comparing maraakiz that had the same flagging path before the negative shock.
Flagging history is not a markaz attribute, so the term 7,4, from equation 3.1 is not absorbed
and the interactions can be compared against it. However, by conditioning on past flagging
we are generating dependencies in the estimation that make our results more difficult to
interpret. Here, we do not have a clean treatment period, and the pre-period now contains
some maraakiz that have been flagged, such that the coefficient for 7,,4. is negative for all
dependent variables. The average recovery to the mean of these maraakiz then yields a
slightly positive coefficient on After flag in this specification. However, the net effect of
these two coefficients yield qualitatively the same results as in our other tables.

We test for alternative margins of flagging. Figure C.2.8 test the effect of being orange
flagged. The results suggest no positive effects after the negative shock. Additionally, Figure
C.2.9 test for tehsil level red flagging. The results suggest a non-significant impact of flagging
on performance. We also test for changes in the data pack structure involving an increase in
the amount of data reported after December 2015 and January 2017. Table C.2.2 show the
average results from equation 3.1, separating by data packs structure, with similar results as
the effects on the after-flag period are always closer to zero or non-significant. Finally, Table
C.2.3 presents heterogeneity by the coincidence between flagging and district meetings, from
a modified version of equation 3.1 including the triple interaction between being flagged and
being in a top/bottom district after the flagging. The results show no differential effect.
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Table C.2.1: Monitoring effect on performance - markaz flagging - flagging history FE

Panel A: School outcomes

Dependent variable: Teacher presence Student attendance Functional facilities
T -2.46%** S0.98%*F 4 60%FF -2 44%F* -8.79*** -2.57Hk*
(0.097) (0.10) (0.15) (0.14) (0.27) (0.12)
TxFlag -4 ATRHE SLITRFE _3.45%0k 0.31** 0.93*** 0.69***
(0.12) (0.13) (0.14) (0.16) (0.13) (0.12)
T xPunish -0.76%** -0.65%** -0.27%* -0.13 2.24%** 0.30**
(0.10) (0.15) (0.13) (0.18) (0.14) (0.13)
Tx After flag 1.51%%* 0.35%** 2.90*** 1.09%%* 4.83%%* 1.08%**
(0.11) (0.12) (0.17) (0.16) (0.22) (0.12)
N. of obs. 10,331,439 1,870,451 9,414,676 2,192,023 11,636,860 1,994,035
Mean Dep. Var. before 914 87.2 88.4 86.3 93.3 91.2
R? 0.032 0.026 0.17 0.095 0.17 0.039
Panel B: Student scores
Dependent variable: Math English Urdu
T -3.50%** -0.71 -4 18%F U1 9pHH* _3.7okHE -1.33%**
(0.35) (0.43) (0.16) (0.18) (0.24) (0.30)
TxFlag -12. 7% SQUATHER T 6HFRK L9 OHkx -0.88%** -1.97%**
(0.39) (0.60) (0.17) (0.22) (0.27) (0.38)
T x Punish -1.39%** -0.43 -1.40%0F  _1. T1HRE -0.80** -0.63
(0.46) (0.76) (0.17) (0.26) (0.32) (0.53)
T x After flag 1.80%** 0.19 1.79%** 0.22 2.06%** 0.80**
(0.35) (0.58) (0.18) (0.21) (0.24) (0.37)
N. of obs. 2,281,495 57,196 1,607,728 590,575 2,104,390 150,442
Mean Dep. Var. before 86.6 71.4 74.9 70.3 84.2 71.8
R? 0.066 0.12 0.060 0.050 0.074 0.11
Sample Full Threshold Full Threshold Full Threshold
Flag history FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
District time trends Yes Yes Yes Yes Yes Yes

Note: Results from estimating a modified version of equation 3.1, including flagging history FE instead
of markaz FE. Flagging history is built from concatenating the flagging status in the three periods before
the observed flagging. The school is the unit of observation for both panels. The first column for each
outcome estimates for the full sample. The second column for each outcome estimates for the threshold
sample, including schools in maraakiz that lie within the bandwidth obtained through regression discontinuity
optimization methods. The flagging and threshold sample are based on the studied outcome. Teacher
presence and student attendance are measured as the percentage of present teachers/students relative to
the total teachers/students reported. The functional facilities variable is measured as the percentage of the
school’s functional infrastructure, including toilets, drinking water, boundary wall, and electricity. Math,
English, and Urdu scores are measured as the percentage of correct answers in standardized tests. T equals
1 for schools in a flagged markaz. Flag equals 1 for the period in which the information is collected, and
the markaz is flagged. Punish equals 1 for the period where the reports are distributed and the oversight
meeting with the punishment occurs. After flag is equal to 1 for periods after the oversight meeting occurs.
Mean. Dep. Var before shows the average outcome in the non-flagged maraakiz before the flagging occurs.
Standard errors clustered by markaz, are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Figure C.2.8: Event study - flagging effect on performance orange threshold
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Note: This figure presents event study graphs based on equation 3.1 using -1 as the base period, comparing
schools in orange-flagged and non-flagged maraakiz. The blue and red lines present results for the full and
threshold samples, respectively. The results are for flagging on the variable in the title of the panel. Flag is
for the period in which the information is collected, and the markaz is flagged. Punish is for the period where
the reports are distributed and the oversight meeting with the punishment occurs. After flag is for periods
after the oversight meeting occurs. Error bars at the 95 percent level are presented for each coefficient.
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Figure C.2.9: Event study - flagging effect on performance tehsil-wing flagging
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Note: This figure presents study graphs based on equation 3.1 using -1 as the base period, comparing schools
in flagged and non-flagged tehsil-wing. The blue and red lines presents results for the full and threshold
samples, respectively. The results are for flagging on the variable in the title of the panel. Flag is for the
period in which the information is collected, and the markaz is flagged. Punish is for the period where the
reports are distributed and the oversight meeting with the punishment occurs. After flag is for periods after
the oversight meeting occurs. Error bars at the 95 percent level are presented for each coefficient.
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Table C.2.2: Monitoring effect on performance by datapack - markaz flagging

Panel A: Datapack 1

Dependent variable: Teacher presence Student attendance Functional facilities
TxFlag SHLBTHRE L1 42%KK _G.99FFE D 00FFK 4. 73FFF ] 38%FFF
(0.15) (0.22) (0.21) (0.19) (0.38) (0.31)
T % Punish S2.06%FF  J1. 31K 332k g gk ] 3% -0.71%*
(0.15) (0.26) (0.22) (0.36) (0.19) (0.32)
T x After flag -0.69%FF  LQ.55FFF _119FRE L1.62%FF _(.54%F* -0.37
(0.12) (0.20) (0.10) (0.21) (0.18) (0.32)
N. of obs. 4,960,065 383,685 2,848,511 444,614 4,852,832 350,862
Mean Dep. Var. before 92.3 87.2 91.4 87.5 96.8 94.1
R? 0.024 0.028 0.10 0.092 0.063 0.072
Panel B: Datapack 2 (After December 2015)
Dependent variable: Teacher presence Student attendance Functional facilities
TxFlag SG.81HKK D Q9FFK T 4R g RTRR 3 gqHEK -0.97
(0.35) (0.62) (0.30) (0.37) (0.46) (0.73)
T x Punish -1.95%** -1.24% -0.81%** -0.53 -1.72%%* 0.11
(0.50) (0.73) (0.23) (0.35) (0.65) (0.81)
TxAfter flag -0.11 -0.56 -0.27 -0.073 -2.22%% -0.96
(0.58) (1.07) (0.21) (0.26) (1.11) (1.29)
N. of obs. 971,860 39,343 929,866 66,609 1,138,957 23,832
Mean Dep. Var. before 94.5 87.9 91.8 85.9 98.4 91.9
R? 0.037 0.046 0.095 0.10 0.068 0.048
Panel C: Datapack 3 (After January 2017)
Dependent variable: Teacher presence Student attendance Functional facilities
TxFlag S112%KE B g4FRR R Q0FHFK 238K 5 7oA -1.67
(0.41) (0.42) (0.42) (0.50) (0.62) (1.35)
T xPunish -5.50%FK 3. 46%HF L2 2%k -0.90 -2.26%** -1.89
(0.68) (1.10) (0.35) (0.60) (0.67) (1.24)
T'x After flag 0.57** -0.082 -0.65%** -0.53* -0.81%* -1.29
(0.26) (0.34) (0.21) (0.32) (0.49) (0.91)
N. of obs. 1,047,640 67,922 1,186,456 51,438 1,322,816 17,358
Mean Dep. Var. before 94.2 88.0 93.1 85.9 98.7 92.5
R? 0.074 0.076 0.11 0.14 0.065 0.054
Sample Full Threshold Full Threshold Full Threshold
Markaz FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
District time trends Yes Yes Yes Yes Yes Yes

Notes: Results for school outcomes from estimating equation 3.1. The first column for each outcome shows
estimates for the full sample, and the second column shows estimates for the threshold sample using opti-
mal bandwidth obtained through regression discontinuity optimization methods. Teacher presence (student
attendance) are measured as the percentage of present teachers (students) relative to the total teachers
(students) reported. Functional facilities represents the percentage of the school’s functional infrastructure,
including toilets, drinking water, boundary wall, and electricity. T equals 1 for schools in a flagged markaz.
Flag equals 1 for the period in which the information is collected, and the markaz is flagged. Punish equals 1
for the period where the reports are distributed and the oversight meeting with the punishment occurs. After
flag is equal to 1 for periods after the oversight meeting occurs. Mean. Dep. Var before shows the average
outcome in the non-flagged maraakiz before the flagging occurs. Standard errors clustered by markaz, are
in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.2.3: Monitoring effect on performance - district ranking and markaz flagging

Panel A: Bottom districts

Dependent variable: Teacher presence Student attendance Functional facilities
Bottom x Flagx Meeting -0.13 -0.61 -0.062 0.67 -0.47 -0.55
(0.49) (0.55) (1.29) (1.28) (0.72) (0.83)
Bottom x Meeting 0.56** 0.60%* 1.01 1.13* 0.28 0.32
(0.26) (0.29) (0.88) (0.62) (0.40) (0.55)
Flagx Meeting S4Q2FHE A Q4R g 9oFHK 5 FORRK -0.85 -0.53
(0.16) (0.43) (0.62) (0.98) (0.59) (0.52)
Bottom x Flagx After meeting 0.79 0.31 -1.33 -0.48 -0.41 -0.051
(0.54) (0.65) (1.00) (1.09) (0.68) (0.71)
Bottom x After meeting 0.24 0.20 1.14* 1.49%* 0.56 0.27
(0.30) (0.37) (0.58) (0.55) (0.54) (0.50)
Flagx After meeting -0.39* 0.099 0.78%** 0.29 1.25%** 1.05%*
(0.20) (0.48) (0.20) (0.59) (0.26) (0.47)
N. of obs. 3,063,835 583,417 3,063,410 583,248 3,009,844 565,920
Mean Dep. Var. before 91.4 90.1 88.8 86.0 92.5 90.0
R? 0.028 0.033 0.13 0.16 0.17 0.20
Panel B: Top districts
Dependent variable: Teacher presence Student attendance Functional facilities
TopxFlagx Meeting 0.47 0.29 -0.36 -3.17 1.25 3.18
(0.53) (0.91) (1.57) (2.02) (0.91) (3.22)
TopxMeeting 0.48 0.33 -1.28%* -0.64 -0.0098 -0.49
(0.30) (0.30) (0.56) (0.60) (0.33) (0.85)
Flagx Meeting S4TORRR 5 2Rk B QTR D gk -0.76 -3.21
(0.23) (0.66) (0.57) (1.02) (0.56) (3.31)
TopxFlagx After meeting -0.57 -1.48 1.17 -0.92 1.06 0.79
(0.55) (1.06) (0.88) (1.07) (1.28) (0.90)
Top X After meeting 0.81%** 0.93%** -0.15 -0.30 -0.10 0.49
(0.24) (0.21) (0.43) (0.61) (0.20) (0.39)
Flagx After meeting -0.049 0.49 0.37* 1.58%* 1,20k 1.20%*
(0.15) (0.67) (0.18) (0.71) (0.26) (0.54)
N. of obs. 3,111,642 682,461 3,111,048 682,369 3,036,557 672,780
Mean Dep. Var. before 91.0 91.9 87.4 90.0 91.6 92.7
R? 0.029 0.028 0.13 0.13 0.17 0.18
Sample Full Threshold Full Threshold Full Threshold
District FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes

Notes: Results from estimating a modified version of equation 3.2, including the flagging status of markaz in
the quarterly meeting as a third interactions term. The school is the unit of observation for both panels. The
first column for each outcome estimates for the full sample. The second column for each outcome estimates
for the threshold sample, including the schools in the five districts closer to the five in the bottom/top. The
bottom/top status and threshold sample are based on the aggregate district performance. Teacher presence
and student attendance are measured as the percentage of present teachers/students relative to the total
teachers/students reported. The functional facilities variable is measured as the percentage of the school’s
functional infrastructure, including toilets, drinking water, boundary wall, and electricity. Bottom equals 1
for schools in the bottom five districts and Top equals 1 for the schools in the top five districts on the date
of the quarterly meeting. Meeting equals 1 in the period of the quarterly meeting. Mean. Dep. Var before
shows the average outcome in the non-top/bottom districts before the meeting occurs. Standard errors
clustered by district, are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.



APPENDIX C. COMMAND AND CAN’T CONTROL: ASSESSING CENTRALIZED
ACCOUNTABILITY IN THE PUBLIC SECTOR — APPENDICES

C.2.4 Other robustness checks
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Figure C.2.10: Seasonality - monthly effects of flagging
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Note: This figure presents results from the AfterFlag coefficient by estimating equation 3.1 for each indi-
vidual stack (event panel), comparing schools in flagged and non-flagged maraakiz in that particular event.
The blue and red lines present results for the full and threshold samples, respectively. The results are for
flagging on the variable in the title of the panel. Error bars represent 95% confidence intervals.
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We test additional mechanisms by which results might be confounded. We estimated equa-
tion 3.1 for each specific event to test the robustness of the results to time shocks. Figure
C.2.10 reports the coefficients for the After flag period. In most of the event panels there
appear to be non-significant results, which supports the evidence that on average the central-
ized monitoring scheme has not improved schools’ performance. We tested the reversion to
the mean hypothesis by identifying if there existed anticipation of the flagging. The premise
follows the assumption that a markaz might start recovering before receiving the flagging if
the person in charge knows they might be flagged at the end of the month. We estimated a
daily event study where treatment starts once the average outcome of the visited schools on
a particular day fell below the flagging threshold. In such a case, we assumed that the public
officer might identify the potential flagging and react in the days afterward. The results in
Figure C.2.11 suggests no reaction exists in response to being below the threshold for the
first time in the month. Finally, we plotted the after-flag 8 coefficients by accumulating one
month at a time an approach to estimate the effect of flagging conditional on the information
that the public officer had available for each period. Figure C.2.12 plots the coefficients for
each flagging variable. We note that the effect converges towards a null result all cases, and
it was possible to identify negative or null effects since the very start of the scheme.
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Figure C.2.11: Flagging anticipation
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Note: This figure presents results from estimating an event study for the daily average of the outcomes
in the month of flagging, comparing maraakiz whose average of visited schools was below the threshold at
some point in the month, against maraakiz that never underperformed. The base period consists of the day
just before the average of the visited schools until that day lies below the flagging threshold. Thus, After
underperformance is for the periods after the maraakiz was underperforming on average for the first time
in the month of data collection (equivalent to Flag period in the main specification). Error bars at the 95%
level are presented for each coefficient.
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Figure C.2.12: Accumulated flagging effects by month
after flag accumulated effect
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Note: This figure presents results from the AfterFlag coefficient by estimating equation 3.1 , accumulating
one stack (event panel) at a time, comparing schools in flagged and non-flagged maraakiz. The specification
accumulates all the months up until ¢. The blue coefficients presents results for the full sample, while the red
coeflicients presents results for the threshold sample, obtained through regression discontinuity optimization
methods. The results are for flagging on the variable in the title of the panel. Error bars at the 95 percent
level are presented for each coefficient.

C.2.5 Assessing the impacts of the scheme across distinct
political environments

We assess whether flagging was different in places aligned with the ruling party, considering
the pressure set on the scheme by Punjab Chief Minister’s participation. We use Provincial
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Assembly elections data for 2013 to define political alignment as in Callen, Gulzar and
Rezaee (2020): an area is politically aligned if the winner of the constituency seat is from
the same party as the Chief Minister. We match schools to electoral constituencies to define:
i) maraakiz fully aligned: all winners have the same party as the chief minister, ii) not fully
aligned, and iii) not aligned: no constituency with the same party as the chief minister. We
estimate the following difference-in-differences specification:

Y, = Bi(FullyAligned,, x AfterElection)+

C.2
Ba(Not FullyAligned,, x After Election) + y, + A\ + dt + € (C.2)

Qm, Ay are for markaz and time fixed effects, and dt is for district time trends. We
limited the analysis to nine months before/after the elections. [3; B, capture the effects of
being politically aligned versus not before versus after the election. We also estimate the
effect in the sample with high electoral competition, defined by close elections using optimal
bandwidth procedures (Calonico, Cattaneo and Farrell (2020)).

Panel A in Table C.2.4 reports the effect on the probability of flagging. Panel B of Table
C.2.4 reports the effect on the education outcomes. We do not observe any consistent results
across outcomes: there are some effects on student attendance but they do not exist in the
close elections sample for the probability of flagging, are very small (under 2 percentage
points) for actual student attendance. Thus, we conclude that program implementation was
not strongly connected to the ruling party differently from opposition-governed places.



APPENDIX C. COMMAND AND CAN’T CONTROL: ASSESSING CENTRALIZED
ACCOUNTABILITY IN THE PUBLIC SECTOR — APPENDICES 144

Table C.2.4: Political alignment effect on probability of being flagged

Panel A - Dep. var: Flagging (=1): Teacher presence Student attendance Functional facilities
Fully aligned x After elections 0.015 0.015 -0.083%** -0.032 -0.014 -0.039
(0.024) (0.029) (0.026) (0.043) (0.025) (0.029)
Not fully aligned xAfter elections 0.0024 -0.011 -0.072%+* -0.050 -0.014 -0.0077
(0.024) (0.029) (0.026) (0.037) (0.024) (0.027)
N. of obs. 19,143 10,838 18,908 7,804 18,889 10,027
Mean Dep. Var. before 0.086 0.093 0.36 0.35 0.31 0.37
R? 0.31 0.33 0.37 0.39 0.70 0.72
Panel B - Dep. var: Outcomes Teacher presence Student attendance Functional facilities
Fully alignedx After elections -0.29 0.048 1.95%** 1.66%** 0.12 -0.16
(0.44) (0.56) (0.33) (0.43) (0.52) (0.69)
Not fully aligned x After elections 0.061 0.078 1.43%%* 1.39%** 0.038 -0.67
(0.44) (0.58) (0.32) (0.38) (0.57) (0.77)
N. of obs. 19,141 8,913 19,141 10,277 19,132 9,744
Mean Dep. Var. before 92.0 91.9 86.2 86.0 92.8 92.0
R? 0.30 0.33 0.54 0.57 0.73 0.77
Sample Full  Close elections Full Close elections  Full ~ Close elections
Markaz FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
District time trends Yes Yes Yes Yes Yes Yes

Note: Results from estimating equation C.2. Fully (not fully) aligned equals 1 for maraakiz where all
(not all) the schools were in a aligned constituency. The control group are maraakiz not aligned. After
elections equals 1 for months after May/2013 (elections date). Close elections sample is for the maraakiz
with competitive elections, defined as the bandwidth obtained through RD optimization methods around
the difference in the vote share between the party aligned and the party not aligned. Panel A report the
results on the probability of being flagged for each outcome. Panel B report the results of being politically
aligned on the value of the outcomes. Standard errors, clustered by markaz, are in parentheses. * p < 0.10,
* p < 0.05, *** p <0.01.
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C.2.6 Impacts on the machinery of the government

Table C.2.5: Monitoring effect on other outcomes - effort as mechanism

Panel A: School outcomes flagging

Flagging variable: Teacher presence Student attendance Functional facilities
TxFlag -0.0037 -0.012 -0.0031 -0.0036 -0.0085 -0.028*
(0.0049) (0.0092) (0.0027) (0.0052) (0.0084) (0.015)
T xPunish -0.0013 -0.017* -0.0012 -0.0056 0.013 -0.026
(0.0058) (0.0093) (0.0036) (0.0073) (0.0088) (0.016)
TxAfter flag 0.00034 -0.015** 0.0052* 0.0059 0.0054 -0.020
(0.0042) (0.0073) (0.0032) (0.0047) (0.0062) (0.013)
N. of obs. 6,208,175 436,428 4,400,630 501,589 6,588,404 356,783
Mean Dep. Var. before 0.97 0.92 0.97 0.95 0.97 0.95
R? 0.16 0.26 0.20 0.24 0.18 0.25
Panel B: School scores flagging
Flagging variable: Math English Urdu
TxFlag 0.011** -0.0052 0.0067** 0.0040 0.0076** 0.0039
(0.0044) (0.0083) (0.0029) (0.0056) (0.0037) (0.0054)
T xPunish 0.021** 0.017 0.0064* -0.00068 0.017** 0.0066
(0.0098) (0.020) (0.0035) (0.0061) (0.0074) (0.011)
TxAfter flag 0.00039 0.0098 0.000072 0.0016 -0.0039 -0.0043
(0.0036) (0.0073) (0.0027) (0.0044) (0.0032) (0.0049)
N. of obs. 1,922,793 45,750 706,106 128,094 1,705,174 103,434
Mean Dep. Var. before 0.98 0.97 0.98 0.97 0.98 0.97
R? 0.24 0.25 0.23 0.27 0.23 0.30
Sample Full Threshold Full Threshold Full Threshold
Markaz FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
District time trends Yes Yes Yes Yes Yes Yes

Note: Results from estimating equation 3.1. The dependent variable equals 1 if the schools received a visit by
an AEO. The school is the unit of observation for both panels. The first column for each outcome estimates
for the full sample. The second column for each outcome estimates for the threshold sample, including schools
in maraakiz that lie within the bandwidth obtained through regression discontinuity optimization methods.
Teacher presence and student attendance are measured as the percentage of present teachers/students relative
to the total teachers/students reported. The functional facilities variable is measured as the percentage of
the school’s functional infrastructure, including toilets, drinking water, boundary wall, and electricity. Math,
English, and Urdu scores are measured as the percentage of correct answers in standardized tests. T equals
1 for schools in a flagged markaz. Flag equals 1 for the period in which the information is collected, and
the markaz is flagged. Punish equals 1 for the period where the reports are distributed and the oversight
meeting with the punishment occurs. After flag is equal to 1 for periods after the oversight meeting occurs.
Mean. Dep. Var before shows the average outcome in the non-flagged maraakiz before the flagging occurs.
Standard errors clustered by markaz, are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.2.6: Monitoring effect on other outcomes - gaming in bureaucratic visits

Panel A: Bigger schools

Flagging variable: Teacher presence Student attendance Functional facilities
TxFlag -0.0052 -0.012 -0.0030 -0.0035 -0.0098 -0.023
(0.0049)  (0.0093)  (0.0031)  (0.0060)  (0.0090) (0.015)
T x Punish -0.0015 -0.018* -0.00024 -0.0029 0.014 -0.019
(0.0058)  (0.0096)  (0.0038)  (0.0078)  (0.0096) (0.016)
T'x After flag 0.00066 -0.014*  0.0071** 0.0070 0.0043 -0.014
(0.0042)  (0.0076)  (0.0032)  (0.0046)  (0.0064) (0.013)
N. of obs. 3,296,879 239,246 2,339,012 267,953 3,480,301 193,888
Mean Dep. Var. before 0.97 0.92 0.97 0.95 0.97 0.95
R? 0.19 0.26 0.23 0.24 0.20 0.25
Panel B: Worst performing schools
Flagging variable: Teacher presence Student attendance Functional facilities
TxFlag -0.00058 -0.012 -0.0046 -0.0063 -0.019 -0.044**
(0.0065) (0.012) (0.0031)  (0.0059) (0.013) (0.020)
T'x Punish 0.0011 -0.011 -0.00041 -0.0011 0.0051 -0.042*
(0.0077) (0.012) (0.0040)  (0.0080) (0.014) (0.024)
T'x After flag 0.00063 -0.015* 0.0031 0.0034 -0.0025 -0.033*
(0.0053)  (0.0091)  (0.0035)  (0.0057)  (0.0092) (0.018)
N. of obs. 1,419,103 111,744 1,957,278 224,643 546,530 54,055
Mean Dep. Var. before 0.97 0.92 0.97 0.95 0.96 0.94
R? 0.19 0.28 0.21 0.24 0.21 0.30
Panel C: Schools with most missing teachers
Flagging variable: Teacher presence Student attendance Functional facilities
TxFlag -0.00058 -0.012 -0.0041 -0.0098 -0.024*%*%  -0.049**
(0.0065) (0.012) (0.0037)  (0.0073) (0.011) (0.020)
T x Punish 0.0011 -0.011 0.00095 -0.0010 0.0081 -0.053*
(0.0077) (0.012) (0.0048) (0.010) (0.015) (0.028)
T'x After flag 0.00063 -0.015* 0.0059 0.0036 0.0010 -0.030
(0.0053)  (0.0091)  (0.0041)  (0.0064)  (0.0085) (0.021)
N. of obs. 1,419,103 111,744 975,682 126,589 1,707,459 98,760
Mean Dep. Var. before 0.97 0.92 0.97 0.95 0.96 0.94
R? 0.19 0.28 0.25 0.25 0.21 0.28
Sample Full Threshold Full Threshold Full Threshold
Markaz FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
District time trends Yes Yes Yes Yes Yes Yes

Note: Results from estimating equation 3.1 on school outcomes flagging. The dependent variable equals
1 if the schools received a visit by an AEO. Panels A, B and C show estimates for above median-sized
schools, below-median performance, and above-median teacher absenteeism in the maraakiz, respectively.
The first column for each outcome shows estimates for the full sample, and the second for the threshold
sample. Teacher presence (student attendance) are measured as the percentage of present teachers (students)
relative to the total teachers (students) reported. Functional facilities represents the percentage of the
school’s functional infrastructure, including toilets, drinking water, boundary wall, and electricity. T equals
1 for schools in a flagged markaz. Flag equals 1 for the period in which the information is collected, and
the markaz is flagged. Punish equals 1 for the period where the reports are distributed and the oversight
meeting with the punishment occurs. After flag is equal to 1 for periods after the oversight meeting occurs.
Mean. Dep. Var before shows the average outcome in the non-flagged maraakiz before the flagging occurs.
Standard errors clustered by markaz, are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.2.7: Monitoring effect on yearly school budget

Panel A: OLS estimates

Non
Dependent variable (in logs): ;Foml‘ Government government Total
unds funds funds expenses
unds
Num times flagged (teacher presence) -0.0057  -0.0030 0.064***  -0.034
(0.031)  (0.035)  (0.023)  (0.021)
N. of obs. 162,753 162,753 162,753 162,752
Mean Dep. Var. before 51205.8  46251.0 4954.8 66619.1
R? 0.63 0.63 0.37 0.17
Num times flagged (student attendance)  0.030 0.071%* -0.021 0.025%*
(0.026)  (0.028)  (0.018)  (0.015)
N. of obs. 162,753 162,753 162,753 162,752
Mean Dep. Var. before 51205.8  46251.0 4954.8 66619.1
R? 0.63 0.63 0.37 0.17

Num times flagged (functional facilities) -0.0095 -0.012 0.029%*  -0.0086
(0.017)  (0.020) (0.013) (0.013)

N. of obs. 162,753 162,753 162,753 162,752
Mean Dep. Var. before 51205.8  46251.0 4954.8 66619.1
R? 0.63 0.63 0.37 0.17
Panel B: IV estimates
Total ~ Government Non Total
Dependent variable (in logs): fo o OVEITIMENT o vernment ot
unds funds expenses
funds
Num times flagged (teacher presence) -0.10 -0.17 0.096 -0.12
(0.17) (0.19) (0.11) (0.094)
N. of obs. 162,753 162,753 162,753 162,752
F-stat 136.0 136.0 136.0 136.1
Mean Dep. Var. before 51205.8  46251.0 4954.8 66619.1
Num times flagged (student attendance)  -0.37 -0.46 0.082 0.053
(0.55) (0.64) (0.33) (0.28)
N. of obs. 162,753 162,753 162,753 162,752
F-stat 13.4 13.3 13.4 13.4
Mean Dep. Var. before 51205.8  46251.0 4954.8 66619.1
Num times flagged (functional facilities) — -0.94 -0.84 -0.63 0.39
(1.04) (1.08) (0.69) (0.51)
N. of obs. 162,753 162,753 162,753 162,752
F-stat 2.99 2.99 2.99 2.99
Mean Dep. Var. before 51205.8  46251.0 4954.8  66619.1
Markaz FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes
District time trends Yes Yes Yes Yes

Notes: Results from linear regression of log-transformed frequency of flagging by each variable in previous
fiscal year, on the current fiscal year budget distribution. Total funds = Government funds + Non-government
funds. Regressions include markaz and year fixed effects, and district time-trends. Panel B reports the second
stage from an IV regression instrumenting the flagging frequency by the distance to the flagging threshold,
akin to a fuzzy RD setup. The F-statistic comes from the first stage of the regression to test for weak
instruments. Standard errors are clustered at the markaz level. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.2.8: Monitoring effect on labor market - change of head teachers

Panel A: School outcomes flagging

Flagging variable: Teacher presence Student attendance Functional facilities
TxFlag 0.0047* 0.0022 -0.0050**  -0.00011 0.0059 0.0098
(0.0025) (0.0042) (0.0024) (0.0050) (0.0057) (0.0091)
T xPunish -0.00099 0.00059 -0.0039 0.0037 0.0013 0.0088
(0.0026) (0.0051) (0.0025) (0.0051) (0.0051) (0.0084)
TxAfter flag -0.0015 -0.0016 -0.0038* 0.0022 0.0040 0.0070
(0.0023) (0.0038) (0.0020) (0.0037) (0.0030) (0.0058)
N. of obs. 6,979,870 490,971 4,965,559 562,830 7,409,613 398,961
Mean Dep. Var. before 0.060 0.058 0.059 0.056 0.057 0.069
R? 0.094 0.10 0.099 0.097 0.084 0.080
Panel B: School scores flagging
Flagging variable: Math English Urdu
TxFlag -0.013 -0.028 -0.0050 -0.00022 0.00066 0.0057
(0.0085) (0.017) (0.0051) (0.010) (0.0064) (0.0091)
T xPunish -0.025*** -0.016 -0.015*** -0.016 -0.019%*%*  _0.017*
(0.0073) (0.013) (0.0048) (0.011) (0.0050) (0.0087)
Tx After flag -0.014%**  -0.024%**  -0.0078** -0.013*** -0.0099**  -0.0032
(0.0050) (0.0091) (0.0033) (0.0049) (0.0041) (0.0060)
N. of obs. 2,198,503 53,361 810,829 147,630 1,950,809 119,592
Mean Dep. Var. before 0.061 0.093 0.071 0.090 0.061 0.063
R? 0.13 0.13 0.13 0.15 0.13 0.16
Sample Full Threshold Full Threshold Full Threshold
Markaz FE Yes Yes Yes Yes Yes Yes
Time FE Yes Yes Yes Yes Yes Yes
District time trends Yes Yes Yes Yes Yes Yes

Note: Results from estimating equation 3.1. The dependent variable equals 1 if the head teacher is different
from the one reported in t — 1. The school is the unit of observation for both panels. The first column
for each outcome estimates for the full sample. The second column for each outcome estimates for the
threshold sample, including schools in maraakiz that lie within the bandwidth obtained through regression
discontinuity optimization methods. Teacher presence and student attendance are measured as the percent-
age of present teachers/students relative to the total teachers/students reported. The functional facilities
variable is measured as the percentage of the school’s functional infrastructure, including toilets, drinking
water, boundary wall, and electricity. Math, English, and Urdu scores are measured as the percentage of
correct answers in standardized tests. T equals 1 for schools in a flagged markaz. Flag equals 1 for the
period in which the information is collected, and the markaz is flagged. Punish equals 1 for the period where
the reports are distributed and the oversight meeting with the punishment occurs. After flag is equal to 1
for periods after the oversight meeting occurs. Mean. Dep. Var before shows the average outcome in the
non-flagged maraakiz before the flagging occurs. Standard errors clustered by markaz, are in parentheses. *
p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.2.9: Monitoring effect on labor markets - change of district officers

Dependent variable:

Change of DC

(1) (2) (3) (4)
Bottom x Meeting 0.038 0.048
(0.048) (0.062)
Bottom x After meeting -0.0075 0.0073
(0.026) (0.037)
Top xMeeting 0.037 0.075
(0.058) (0.051)
Topx After meeting -0.0052 0.029
(0.026) (0.037)
N. of obs. 2,921 605 3,025 685
Mean Dep. Var. before  0.060 0.066 0.058 0.047
R? 0.15 0.24 0.14 0.31
Flagging Bottom  Bottom Top Top
Sample Full Threshold  Full ~ Threshold
District FE Yes Yes Yes Yes
Time FE Yes Yes Yes Yes

Notes: Results from estimating equation 3.2. The district is the unit of observation for both panels. The
dependent variable equals 1 if the district commissioner is different from the one reported in ¢ — 1 The first
column for each outcome estimates for the full sample. The second column for each outcome estimates for
the threshold sample, including the five districts closer to the five in the bottom/top. Bottom equals 1 for
schools in the bottom five districts and Top equals 1 for the schools in the top five districts on the date of the
quarterly meeting. Meeting equals 1 in the period of the quarterly meeting. Mean. Dep. Var before shows
the average outcome in the non-top/bottom districts before the meeting occurs. Standard errors clustered
by district, are in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table C.2.10: Monitoring effect on labor markets - current position of district officers

Dependent variable: Rank of current employment
(1) (2)
Months in bottom districts -1.21
(1.24)
Months in top districts 0.39
(1.14)
N. of obs. 82 81
Mean Dep. Var. before 2.74 2.79
R? 0.010 0.0011

Notes: Results from estimating a linear regression of the number of months a district officer was ranked in the

top/bottom in the quarterly meetings during its time in office on the rank of the current employment. Higher
value in the rank account for better career trajectory for district officer. For details on the construction of
the rank of employment variable see Appendix C.1.5. The data is aggregated as the district officer level.
Bootstrapped standard errors in brackets. * p < 0.10, ** p < 0.05, *** p < 0.01.



	Contents
	List of Figures
	List of Tables
	Short Messages Fall Short for Micro-Entrepreneurs: Experimental Evidence from Kenya
	Introduction
	Context
	Research Design
	The Intervention: SMS-based Business Training
	Randomization Design

	Data and Timeline
	Main Data Sources
	Predictions for Treatment Effects
	Sample
	Timeline

	Results
	Specifications
	Midline
	Engagement at Midline
	Knowledge and Adoption at Midline
	Sales, Profits, and Business Survival at Midline
	Midline Mechanisms
	Midline Summary of Results

	Endline
	Engagement at Endline
	Knowledge and Adoption at Endline
	Sales, Profits, and Business Survival at Endline
	Endline Mechanisms
	Endline Summary of Results

	Predictions vs Observations

	Conclusion and Policy Implications
	Main Tables and Figures
	Main Tables
	Midline
	Endline

	Main Figures


	Demand for SMS-Based Business Trainings Amongst Kenyan Micro-Entrepreneurs
	Introduction
	Context
	Research Design
	Take It Or Leave It Offers
	Becker-DeGroot-Marschak Elicitation

	Data and Timeline
	Data Sources
	Sample
	Timeline

	Results
	Demand Curves
	TIOLI Offers
	BDM Elicitation

	Ruling Out Alternative Explanations
	Who Buys?

	Conclusion and Policy Implications
	Main Tables and Figures
	Main Tables
	Main Figures


	Command and Can’t Control: Assessing Centralized Accountability in the Public Sector
	Introduction
	Public Education in Punjab
	District education authorities
	The PMIU
	Centralized Oversight Intervention

	Evaluation methodology
	Data
	Empirical strategy
	Markaz flagging
	District ranking


	Results
	Markaz flagging
	District ranking
	Does punishment change the trend of recovery?

	Impacts on the machinery of government
	Oversight visits
	School Budget Utilization
	Transfers and Postings

	Discussion
	Main Tables and Figures
	Tables
	Figures


	Bibliography
	Appendices
	Short Messages Fall Short for Micro-Entrepreneurs: Experimental Evidence from Kenya – Appendices
	Summary Statistics and Balance Across Treatment and Control
	Midline
	Endline Vs Midline Samples
	Endline
	Predictions

	Demand for SMS-Based Business Trainings Amongst Kenyan Micro-Entrepreneurs – Appendices
	Summary Statistics and Balance
	Demand for SMS Trainings

	Command and Can’t Control: Assessing Centralized Accountability in the Public Sector – Appendices
	Data and Design Details
	Data pack
	Color-coded performance thresholds
	Compliance
	Stacking process
	Ranking of district officer positions

	Additional Results and Robustness
	Immediate impact of monitoring system implementation
	Robustness of the stacked design
	Robustness of modeling approach
	Other robustness checks
	Assessing the impacts of the scheme across distinct political environments
	Impacts on the machinery of the government





